54y = F oo Vol. 54 No.4
2026 4E4 H ACTA ELECTRONICA SINICA Apr. 2026

T i) P i SR S ) e A

$FW BRI, AR R ET RRE
(1. Jemtlp e K25 B S s TR RE, L 10087652, KERHE A N T B g4 Be, K 300457;
3. RECRF N TR fEs:B , KHE 300354)

B OE: P A AR AR R SR i (R R 2 3 A AL S BRSO PR RE SR B . X H
RS AR T3 R S A b, B T L0 281 ) 5 0 e S BB AT A T, SR TR ARG D IS ) 5 B B T AR LI
Yo SR A AN R AR A T 22, W AT RS T AR 7S R e SRR R A~ 2] i B o i, AR ST it A4 A M
WA AT 22, X 22 R B 0 B0 SO0 A o R R T s S i A S R O 2R g LU SRR AR B, E
M BOZ A RE W 8 DI, AR SCHR AL T — Rl (18 b B 5k 2 50 1) 5 ——— 1 1o e 26 50808 19 e #3442 2T (Selec-
tive Learning for Incomplete Data, SLID) , & #£A43 Z0R e Bdie fF 1 72% 2 o SLID 300 T HE— - e % sl 28 B0 B ot
SR ATEEE I HES . OT AR G R T LA B ZSPPAG IL R4 sl 32 A e B e A Dy T sl i < X1 e AR L R
HAMEAS , B FAE A R IEEA T FE 5327 21 5 T T8 LA 2 A RE A, D5 AL DU A S i by A DA A T {5 Rk
FEV U AL PR o S X Rh PR ST LR, AT R HLRE 1 AT (i 3 A R S I 2R T Tz A rERE . JE T 2L
P LRSI 2 R, 5 DUA WA AR L, SLID FEMERGE 5 T St 7 IS 1

R BEPRVESE T BRIKE 4 4D s TR AR A

EEWH: EREMAFIAITI(No.2025YFF0515300) ; 5K [195FH 34 (No.624B2100)

HESES: TP181 XERFRIZAES: A XEHS: 0372-2112(2026)04-1775-14
H F %R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20260303

Selective Learning for Incomplete Medical Data

HAN Zongho', XI Yuhan®, SHENG Peizhuo’, LIAO Yun*, ZHANG Changqing’

(1. School of Information and Communication Engineering, Beijing University of Posts and Telecommunications, Beijing 100876, China;
2. College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China;
3. College of Artificial Intelligence, Tianjin University, Tianjin 300354, China)

Abstract: In real-world applications, data commonly suffer from missing values, which can substantially degrade the
performance of machine learning models. A widely adopted approach to handling missing data is data imputation, where
missing entries are estimated from observed data and models are subsequently trained on the completed dataset. However,
imputation inevitably introduces estimation errors, and inaccurate imputations may inject additional noise that hinders effec-
tive learning. In particular, low-quality imputations often exhibit systematic bias, distorting the true underlying data distribu-
tion. When models are trained on such biased samples, they struggle to capture the intrinsic data-generating patterns, result-
ing in a pronounced decline in generalization performance. To address this issue, we propose a novel framework for learn-
ing with missing data, termed selective learning for incomplete data (SLID), which aims to more effectively exploit incom-
plete data during model training. SLID is designed as a reliable learning paradigm that dynamically accounts for data quali-
ty. Specifically, it introduces a dynamic assessment mechanism that transforms the conventional passive reliance on imput-
ed data into an active selection process. Imputed samples with high confidence are treated as reliable and are fully leveraged
for learning, whereas low-confidence samples are regarded as unreliable and are accordingly smoothed through regulariza-
tion strategies. Through this selective learning mechanism, retaining informative components while suppressing misleading
ones, SLID effectively avoids overfitting to biased distributions and substantially enhances generalization performance. Ex-
tensive experimental results on multiple datasets demonstrate that, compared with existing approaches, SLID achieves sig-
nificant improvements in both accuracy and reliability.
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Figure 1 Motivation for the SLID method

SRy i DR 3R [, AR SCHR S — A 7 o e 28 ik 2R
B Al i A B 5 s —— T[] 5k 2R A 1Yk £ M o
(Selective Learning for Incomplete Data, SLID) , §1EM
AN AR P SRR AR G B R 2R o . BRI
SLID 7E I it B g A 1 BT AN i 1R 1 sh S AR AR
JoT s VEAL LT, GRS X5 44 A MR AS 119 T = R A A )
VAl o X T BT R SR 4 5 KUK B/ Ak
(Empirical Risk Minimization, ERM)""7' A 38 73 % 43
FRAEAR B 5 T T i 3 | T8 B 47 4 A AR AR, 5
SR T O T A S A 1 A R ke R R TR AE Ut
KRR FRA GG o XL e Ry 7 REAAE
o T B A b R MERE | 4 BRI A5 A YU O AN T
SEFEAS B AR T, DT AE I K o Bk A T T 1Y) D SR A
B JUHXS T 5 H AR o A AR T E S R IR S W] S A AR
A RS A BRARAE A BN 7 1 A B T i i

(O ibkS S U

(c) Biased decision boundary



o4 W

o T A < AT ) DR 7 B O A e PR ) 1777

W 45 R AR A 5 TP R SRR A R R
SLID I 5§12 T 1 A5 70 (Y Tl o dfy 1 5 ] Sk

1 XTI

L1 BREKRETEFES

WGy serh, 52 B SR AR BB | BB TR 4 R ) 45
PR S AR B s LR 2 AF e o Bl o i T
S TR RGRAE (27 2], JF 11l 55 To0I 45 2R 1 ] &g
PR A I Y S v AU 40 38K, 2% ) T A 2 B R B
PR, 2R B 2 TRIAZ A DR R AR 25 1 32 B T o B
RS RC , E TI I 25 1) 555 A R ) 00 A M 5 2 B el
TR L S A o8 B 23 7™ T 29T U A A 1
BRI S A A B 0 E A AE TR T
AT O B 3 A 285 2R A0 A M 5 PT SEE  d ORBR
100 2 1 R ke 2 A o) S Y I 5 4 A AR Y
TR 0 2 B B Ok B0 Ak B vk T R R 4y
g W R TE 3 B ¥ (deletion methods ) 5 1 b 3%
(imputation methods ) o M B ¥ 19 4% .0 32 58 02 B 42 5
W 5008 A o B Gl R AR P R AR R AR 2 B Tk
TEAR R 2 4 B R RUR B0 4 37 5 T HL 4 7 37 s 28019
Do {25 BHh 2k A i A2 52 A B AL Bk 2K (Missing
Completely At Random, MCAR) R HT , #2 &) 1 W AT 54
FREMRERR BT A RGN 2, ™ IR A
W0 TR o A R o R A AN O e 3 T
LI ECHE X e R AR AT A 115 BT e PR B2 s
BA R AR A RE AR B S AR S A M O R T Tk R
52 AR SR B ) iz 0 i 2R B A BT 58 o AR A 4
#HL I B9 25 S, BLA A D J7 AT g3 Dy B A A
(Single Imputation, SI) 55 Z # i #b (Multiple Imputa-
tion, M) R 51, J5 12k 1) 36 780 308 & 75 335 T 000 43
i Rk B R B R U 45 Y B L R
SR A H I B 3 AR B O Ok 15 B RE Y
FLAE RE iy BE AR ARG B2 o AN HERR AU AP 2 R AN
T sl O | AR R REAE 5 A T O 22, I A e R R R
WS A A i 22 23 ™ E AL G RO A IS a0 A
HE TR T AR A 1 I k5 PR S 7 A AN RT3 A TR
Mgt 8200 Ay R 3 — Bk K, SR BIF T 2 R B O
5 0 R KA SR AR 45 6 il 2o 27 >0 B i T A5 1
OR AR SE AT R BB R A R AN Ak B
A WEFETT IR R R Ik T R T 5 R B 4 344 28 A A 4 b
D71, Tl i 22 RE A P ) A N s O G 2R L FE TR
BAMIN SR B 0 S0 T S B8 A b , oA e % B4l A
PEARAL TR A B AR X R WA
Fe AR R BT AN Rt B TS U, HL AR AR 48 SR AT n]
REAFFEANBA 2 M o

1.2 IEMEFE

B R A7 AR A R Y W P T I A UL U T
W] £k (regularization ) f2& ML 2 >J 401 35 00 6] 45 75 53 1
A R ZERER O AR TFBY . ERENML
7 43 A B S IE WA Gimplicit regularization ) 5 i 28
TE Ak ( explicit regularization YR IE [35-36] . BBIE
W6 TE T 76 H A R gorb g 1A i X2y g, i 2 i AR
2 > SR 5 U 5 S i T A R A e R
AR RALHE LS P 5 pCt . Hoh LSl i fRfk 4y 26
(R RN T R T S G S0 N D 3 NG [ =
PC. U] o Xof 452 780 1 ok v 5 A R i o e fom A5, 41 161
TREE M M 48 1 b BAR I, —H 02 —3, 1
SR 38 2 4 JR 2 RO B R XV AE A A A AR B
FEE T, s A ) i A RS R S A
A 2 RIS SR IO, A A AR R AT A DA AIR
LA KR . 1% R B SR A B, )
SIS AN [RIRE A (1 2 S A 24 o, LYy 1 A 456 SR R
I FE AR Ak ) £5 25381 2% (Focal Loss, FL)™  XUAE 5
$12< (Dual Focal Loss, DFL)MOW%O AR FEAS R %
MG 32 B Tz ORTE o ST AR I i A v 3 T4
S B A0 8 v BT i AR AS HEAT 0 AL L A ARG S 1R A
XiF B bR A B LA B, A B A 4R SRR AR
AN PR AR SR, ) R ASE AL g s A 1 P B A
HEREAAT FHME A, LA /D ) A A 1) o 52 I R0 1 5l
XF 3 SRR A B G T, DT B TR I 2R 5 R S R A
REL2 s A B 9T AE 2 A & SRR BIT 45 sl A
BT I HL 8 DAk 225 S R AE B T IS AR
JEE bR AT 4 5 Tl i 380 2 i 22 T R 1 i 2R
B BT A R SR, AT O 2 A TR
25 W P 37 AR A AR AR I S Y PR A FR AR R
] A 2 T A O o DB R G A A R AIF S i 2K B8 2 >
[A) B, A SCHE A9 SLID B Jm T X 1 Ak i 42 R
1.3 5;WEFHEER

JEAE DL MI R AR 3 1 S k4 b 5 vk, B AE 4 b I
RN T XA e e Ak S % i AT —
B b 2 gk AN YA 468 iy Ok 1% 870 TG 400 L (AT TE 1k DA
R 97 I3 A B 4 A MR AS X T WA A SR R
AT LG AT e AR T DU Ty 32 40 o] A5 780 {1 BT o 4 4D A
Ak A KRS . SR, B0 TE DAk i LA 3 T 4
HECHR AR A REAS o S BV, T S0 il DS HE B A
AR AL D FORMERE . — 7T, LALS (PC AR
B = IE U Ak 5 v L X T A AR AR SR T TR 25 0 R B —
TF V) 55 e 1144 B 2 i A 4T A AR X v R kU
FEAS A R DR A B e AR B, 3 A SRR AR AR B A U
2%, U T0 1 W sl AR D AR AR B B A AN REAS Y s AT



1778 H, ¥

EE 2026 4F

A, XELMAARAS b 8 B W 75 A A XA Y B R 5 55—
J5 i, BT AR WAL J7 % 22 R AR T REA Y 20 S e 5y
T A 4 Ay O 0 R A o 22 5, A Ak AR b
i A I, TR HE DX o 5 (R B AR R, 5 3 I
BRIAT S5 B BOR I 2 A PERE AL S5 TR R . BT XS
R AR, A SCHE H SLID R g T AR N E T
(4 B S REA R PR AL, 5B T IR 7 0 i o
EEEE AUiN R PN o N DI E B VA S W R 7 D0 =)
R AR SR 8 6 XU A /I SR L T8 20 42 4 AT R
TR S, ASORS AR B A A i 1 % 4 ) T 0 P 249 3R
TE AR B R 78 025 2 o TR AR A A0 4 B 0 R I
5 ) 555 A0 B A MR AR X B Y DR S, B R S BRAN

SERE B B R AL B R REE R ST
2 FHik

BT X AR A AN 5 5] & AR R LA DS i A
T# , LA K BRAT I 28 50 1E WAk 7 B A7 1A 88005 B
I8 MRS R T T TR AR R A A 0 M) A, AR S AR Y SLID,
ol A5 AR B A% X 47 D S AN 58 4 B0 S BRRE AR R 22
Sl o] S 2K LT SR S M Y TR 2
o ARG R ST I A Bl O B 5 A AT 55 1 AR 1
TE B o] e AN ECHE 09 53 A R v R AT AR AT, e
TEANPF M SLID (4 4% 0 AL 5 58 4 S B RE L SLID (1)
HARHEZR AN 2 FTR o

IRE AR X
o
... PR e
~~~~~~~ ¢ TR A .
e e oo o, *
y b e () = = miclog () o, &
... ‘. o o ** £ s‘ e ® © **
*** Lo o * ok P e %
® .. A \ °
oo _® .__._,/’3 _________ > L ) 0286 %o o
e & Lia(p.£(x)) = X (log pe — log £ (x7)) H 52|

B R,

T SLID ADAHIR BT ASI AN E N AL FHxd s B A SR 1 e ME RS SUR BRI S I R 1
YRR AR BT A A P T I A S RN S AR PO I ARG 1 (5 Y T 54
B2 SLID J7 ik AR HELL
Figure 2 The overall framework of the SLID method

R4 HEAR T o A SCEN X o AR S5 RIS, 45
EIWHGEERN (x,y), Hop x= [x',xz, --~,xD] eRP D
YR 0] 5,y HFEAS KT L (AR 2 o SRR AE
FRAE BRI , 515 R AR 2 B —— X o A A ] s =
[s'5%, 57 ] €10, L AR HRAE AOILIPRZS . 2 s9=1
I, AR d AEFAE x O LS 5 2 s/ = 0 i, fR 3R
5 dAERE X AFAE B . BT Bk E L e n
AR AR B B R 5 2 B D= (w,ps,) L B AL
PRAF AN A% O B A iz 3 A e B0CAIE A4 i o B, o T A
FEAR B R FRAE R AT & BRAN T B3R . Y DA
BRI B REAS 52 AR, B AT A5 21 ] TR 2R Y
SRR AN D = (xp,) oo W AR A
RN e B e BRRAE ) i W SR T A S
IF 5 T A Ay ] I AR BT 47 M RE A X A5 A )1 2 11
70 TET 5 0], A Fe O 1) TN AR A

BT ARG B0 2 EmAG A T . A e
LY BRI AR , A SCE AR T — AR T AR E B
gﬁﬁ%bﬁ?ﬁ(Neighbor-Based Imputation, NBI) , Ll 5g
JSH R SRR 0 4 A, A O AR A1) ] ) A A 1 4B
A BT B RRE AT g A AR AR R < g

X A7 AN RE AR (), 583 B B AL AR MRS B 5
Bopn S A R AR Y 2V EAE o, 2 T IR TR
ZAS TR A IIASL R 25, L2 BEOR 3 20 1 A A ) F) R A AH B
Peo BEJE 155 (ep) R 2B REAS o i 1 K A fic il
WA AN BRI TS H 4R . B B XA
AN B BE AN B RFAE , BT K AN I QB AR A B X 1 4R
(EA R0 HF o8 LA b o X T 8 S RURAIE , Fy
0 307 43 A 0 O LA (AR S 4 R 5 T s L
i, ¥ £ 22 30053 A 7O AR B M i AMIE . TR
2 A I 58 AR AR IS, RIDVRT A5 B4 R IS Y S8 R RE AR
(x".y)o T ZEERE A, 3 AN L AN 22 %) SLID B0
PERE™ LR . SLID B A& K47 9 550kl H Pk, ol
R IA AN A TCAE S & G B[R] 3 5T 4 kb
Bl A B OR

FANEE B 7 AR E R . N1 P b
AN L3 G 2 51 ARG T 22 , DR IHCAR D A 200 4
D" ALl P EAE A B — R SR TR B R AR A
5 37 R 2 SR A ) 0 SRR A LR A A S SR
P oA — 20 75— FRAR AT RATAE 8. 5 i 22 1) IR
HFEAS FLRR AR S0 A WA A I R L, 5 SRR
AT A7 AE A B o H T 1, AR SCR ] Huber B 77-75 YA



o4 W

o T A < AT ) DR 7 B O A e PR ) 1779

TSt S R REAR ) B R o3 A PR AT AL A
P =(=mP o+ 0P, (1)

Horr, Po, by e T i AR A Y LSS RRAE 43 A, P, A%
AN P S Qe IR BT AR A A A s RIS R SR
FAE KA 4 PR AMEAS B9 7 E o R TR E Y
Bl 4 5 A AR T vk g Sy [ AH R B R, 7R SE PR
BB 2 v, w] b A S ml 5 1 S B AT oAk .
AT 222 > 1) g 2R T, AR5 2 A 4R A I 485 0 ) g
A5 R EROCHE , SR SR I 2R R . A AN X 4y
b5 P i A 4 R REAS YIRS R B A A By Xof A1 B B A
AT A G G, 2T 15D 1 LS ML AR Y TR SR A B e
S EE AN Rz AR R S P AT SR
TR XA SCBETT SLID AR K

AR T4 H A T 1 d5k 2 BOHRE Y e P 2 2 (SLID )
5 R DRSO A TP AR e A AR AR 5] e Y B TR )
SLID 8% .0 HARIE T 3R AMESHR 4 D' = {30
PEATAT 55 >0, A0 AR 5 e A AR X A B A A
TEYIZRB B , SLID B8 H 8l X 43 IR FEA . — 2 J2 3 g
P o3 AT B B AR 5 — S0 A Py, o A Y
TR FRARAMEAS o X B AR AT, 2R FH 22 36 AURS: B /)
’fjﬁ(Empirical Risk Minimization, ERM ) 7 ] % 42 7 %
BT AL s SR BT AR A, 51 ATE AL 29 5, 2 £l
BREA N T2 A A iy 5 AR 0 TR0 A

BE TR 28 50 XS e ANE AR HE DI 25 o X T4
HR 5 8 B D = (), B 25
0 A L T 2 50 KUK e /M HE DU, AR A H Fr oy

1L .
mfm;;L(y,-,f(xi)) (2)

Horfr, fox — y R R IR BN 7Y 5 L oA 512K pR AR .
BEXE 3 AT 55, AR SCR AU N T2 8 H A 28 SR 4
2k ( Cross-Entropy Loss , CEL) O Sk LR 8 2 R R,
FE S

Lo(piof D) == Xpitog(f.(x)) (3)

o, € R AT 55 1 R SRy, MRS 16 02K
¢ HYBLT R Cone-hot 4 ) (] ) Ky BERISREA 18
TR MBI . AT, AR D
g o I R L LT ER M
4 B A HET 62 3000 A1, MR 2 3 045 1 R I
A 0 R S0 T 7 A a0 2 2 3
YL AR 8 LS4, P S B0 22 AL T
oS LE

TE DA 4o R A 90 46780 8 7 A g
b4 L BUAT B A E W X ERM 114
WA AT I TE . 7 b T RS A B E AL

I WAL P , (HAE Al A 3 5 A A 3 1Y
JaBRYE . B I AL 7 2 L LS S AU i i ) 4 i
FEA B RE AR 25 HEAT 48— AL B AT s PRl 73 25 4
2, TR BB X AR AR B H M B G . HiX
5k R T8 22 5] i TE Ak SR W, R g BT A AR AR
AL T A AR it ] S5 i J3E Y 2 B, S RO R AR N A
G300 118 1 Jo o L SRR A R ARRAE AR S B E U AR S o
A RE SRR, BROmT R TR e B
AOE WAL 5 6 LA FL O DFL A0SR, dl i 740 2K ek $irh
U EINRCHLR] , 58 AR X 5 58 2R FEA Y G T, A
T3 X5 ME 23 BE A B 27 2T R 7 o (LT 4 /MG 37 3¢
Hh AR5 R A A DR AR i 22 368 5 3 B A s A0 M 73
A IR T7 1k 2x ik — AP OB R IR o e R AS Y UL
FLEE, i A R 0ok W 75 ) 3k 405 5 R SR Y M 7%
To AR BT BRI AN S B S TS . 25 b B
TE AR 5 12 T vk S B v B AR AR ST 432 2] AR
FEAR AT 2R 8F 7 1Y H b, X DL IS FE A b 20 19 2=
Ko
BE TR HE R AR BT A S A BN BLE . B
T BLA J7 R B AZ O R FE , SLID B9 4% 0 B2 1 JL I 2 5
IREA G110 22 S A7 ) % ey B RE AR FE 40 U DA AR
YBCEC SRS AR AL, R ARG o A AR it o et % 2 D) £ LA
PR PR . BESCHX — H AR, D BRI 2R
b B O AR A BT R AT S A R A 32 IR
A AR A DR AR 5 2 149 S I M 7 Lty A58 25 0
LD A M R T 2 7 A T R Y A8 SO B R )
XD R IR K, AN SCERE TN R vh R A Y 52
A2 U B K, BT 1 — R AR S ik i 3 254 A o
PUMNHLH, B AR T ARl fe b, 485 n, A
FEA ARG (4) TR D REAS A 32 UL % L, B8
J 4 BRAE SURTI AR TP M AR AR 2B 47 HES
I= argsort(L L Lce,n,,) (4)

v, argsort() Ay T+ 7 HEFF bR KL, HE P BURE BT AOREAS
B2 SUR DR MR , L R AU 5 R BT, JB T TR A
A P9 AR 23R R 5 i 2 )i AR R A A ) A R
SRJA BT () I 34 (9 Huber 19 -1 YL R R
5 e IR B AR AR 7 L S8, B R (EH R/
ley= (U= n)x n, A REAHNE g BOREFEAS K HE
TR AR S,

Sacc: {(xj*’yf):j € [[Oﬁkh]} (5>
FRRE M , SR ARAEA AL AR B AR AME AL S S, :
Sinac: {(xj*’yj):j e[[k,,:n,,]} (6)

AR SCR L 3R e i SR e X A AR T AT
Sl T A 3 2 R Y S5 AN W, A% SRR T



1780 H, ¥

EE 2026 4F

— RS LA I 1A ) S B R R AT RO
To TG WA G AT 27 2] Z400, A 22 S A AL B 31 25 9T
B, B R M AR SR S e N gk R L, o0
)y 2 AR T S O L A S 2R B S R gy —
A S B AT S B A A A B e TR
I (BTt A (9 9 O G HH 5 =, BRI 23 WL ) i B )
JEG i L7 AT 9G ot Ao A o A6 TR 2 G Y 3k S, AR TR
sl G AR AU M A RS TR Y R MR OGEEC, A P S A
D B RE O AL 0] g S B R AR B 58 002 )
BEFEE T o REREA R 23 s R R AR S, A
JRARAEAR S0 Jii 5 SLID HIA% L H AR AT BE A A 5
FAEAE ARG S, T AT RUR B R i K BRI
555 {0 SO A7 AN A S, XTI 2R B SR RLRE . A
I X e R A A L SR T 52 SR 451 2R X A R
Frlgg, AR 2% pR BUE A

b= z(x,-”,y/) eSachce(yj’f(xf*)) (1)

5 Z AR B XK BT FEA RS S, - T 0 I IE
MLy, BARI S, 155 SEREAS (1 S 50 2 A
3 A p 5L T 2K A () 2 T KL %
(Kullback-Leibler divergence)m] , JULIG o i AR AR A
Sinae HIIE N AL K 1] 7R A

Lie= z(x,.,y/) QSMLKL(Pvf(xj*)) (8)

Lrp, L FR KLEUE , FH T AL P AN 70 A 22 18] 9 22
R RN W

L (pfx)) = ﬁpc(logpc—logm;)) (9)

S LI p= (popys-p.) TR AL
ISEIR MR F () )= () Lo () ) S (x) ) 36
TR 14 TSI £ 28 A 6 4345, p, LA, () 53 3
F R ¢ B JE IR SR BB R . oAk S B R
ST $ICHR 4 v 0 2 R AT A L T A 7 W
) e R AR 2 T 4% 28 A R X T B L K 090 o S
ST RE AN BIRE AR (5 M0 4 P A RE AR B G L5175
], FFHIZSE R R A 7 RO IR TE T B e
5 B L HG I 12 2 3030 R BV 2 3 A A
B 0 A LA B A0 0 00 A B T 38 9 65750 g
R e R He b L IHAh | 5T A R S B M
f ot R o 3 126 LA O B T M 3 T 2 R
RS, BT FRE X, — IR A REA
B35 R BT H S N

L=L, +aL,, (10)
FLrt oy TE VU A3 B 2 0, T R 42 O U4 35 %
BRI 25 1 249 SRR IEE . 7 R S I 12 o B (%
7 1 I R Y S P M R R 3 SR T e

3m Ot

’

i 5 K Lo XTSRS HEAT e A U R 5 B I 2k, FF 58
RZ BN SR B, PRI T R 32 1E D0 Ak 5 s %o {0 5
FEATEINZI SR . SLID [ 58 3 A T8 B ik 1 s .

BiE1 SLID NG AIRE
M AEANE IR D AR B LS LML o
FOR epoch = e to max_epochs DO
FOR FEARAILIR b DO
L ARG B A M REA I SO R L s
2. M 2 (4) % 238 SRR SR ABLTH e X RE A HEA T 4157
3HFREA 3 R AR GRS M B B AR AR (2X(6));
45 B RS S, JHR )R AR K

SRR RIS S, W@ AR K
6. 0 b/ MU SRR R L=L, +alL,, VI 7
END
END

M YIZRoE AR 1

3 X

S0 UE SLID B A R0 5 008, R CTE 2 A |
SEBRT R LT RS S g . B
BT S0 i 2 LAR 5 A4 QS [R) 8, 4 T IFAf SLID 7R
A5 T RTERER B . Q1 A7 R 30 3iE - SLID 1 i
T 25 R R R M AR O T A O T A
FIENAETTEE? Q2 B FE PRI AIE 1 TR AS [R] AR ik
& FRIL, SLID fE A5 PR R fe 8 19 B0 PR g 7 Q3 & ek
B 2 7R [F 4 #b 5 1A IS B % 5 T, SLID J& 547
RECRFFO0 S PERE 7 Q4 TH Bl S50 < 8 AN 5 | AR5 1 A
A B TE WAL AL, AR BE 25 7 R R AR k7 Q5
ZREUEAE W SR W SR AE R AT T 5,
PaRE R S B U — 0
3.1 HIEEHA

P 7 U sl A 7 A e S [ st , . T 8 a5 )
RET | & ™ H I AR AU , PR A S e 498 2 7 a i S AR
SR G, LA A SEBR N 5 o Ol 4 TS IE SLID
1A R Sz AR T, SERR R ] T USR] R 3 5
() S I7 BG4 L 23 B N 1D Bos 421 BE 9 A f EL R
J% (Coimbra Breast Cancer, CBC) %ﬁ(?ﬁ%”ﬂ VB R (Ver-
tebral Column, VC) B 42 53 1 78 F| 5 22 -t oF A0 IE
945 (Cleveland Hungarian Statlog Heart, CHSH) Ly
R B SR TN R AR, R AE R AR B
H LR SR 7 AT AR 04 B 44 0 R Ak B 2 R
T A A RE U R B O i BURAE B . BT
Ik PR ESCHE 1) ik 2 3 55, 52 56 3 2ok R AL HE RS 7 =R 45 5K
£ 5N [ 5 32 1) e 2 A (e R A = 0 o 4 B
PLsk AR ) o
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3.2 WHEiEREXE &

H &R GE VAL SLID 1 255 P BE , A8 SO i [ 2%
U0 2 ) 2R A O R A O A T
fli4a AR, - brE LS AT man T

(1) #ERE (Accuracy, ACC) (1 ) AR IE
B TIIREAS 5 EREAS Y LA, B R R 500,

(2) 2 TAERHIE 42 F 1 X (Area Under the
ROC Curve, AUC) ( T )" JEAS AR L X 73 A [a] 2 51
5 BE g, JCHE T 280 - 4 55t

(3) B 485 (Youden’ s Index, YI) ( 1 YT it
R R SR 7 B — |, 25 G R R 12 W
RUBE

(4)F1 2380 (F1 Score, F1) (1) 5 451 RS
B B2 5 5 AHORE A ) RIS, TP A AR R X I B A
A TP TERE

W Ah 38 A LUT WS bR PP A A AR R fE

(1) #T 81 #% #E 1% 22 (Expected Calibration Error,
ECE) (| )P FH PPk A 700 4 A v e 3%, S it 79000
RS MUY VR SR G e

(2) Brier 43 %% ( Brier Score, Brier) ( | )'®', il iif
THEE TR AR 8 5 S PR A 38 22 (R 11 R 2%, A hE A
oI A o A o

Horp, 1 FRBUE B S BRI ME RE R, | B
LR AP TR B AR A

XL i o O BIE SLID Y PE BE A A, AR Sk
HC7 i 3 g B 2 Oy Ik AT XS L, R 5 A I R KL
28 W TE WAR D7 v K RilosE BT, BARGNE

(1) 256 KK e /e (ERM) M7 il ik Fe /N Il
SRR AR b0 P 4 58 SURS B 2R R i o R AR S 40

(2) AR 2 (LS) ) 3l ad £ I 5 o A v o 3
H A5 28 50 43 e A /N S8 0H D AR AR 2, 1S S 80 1 32
AL RE T, % T A5 B Sk vl R A Ak

(3) 00 B (PC)™ 3l gt X 7000 8 15 2ok v
) AR A4S it A 5, 52 TS 1 07 Ak B 1R AT A A
LB S AR Y N

(4) $E K (FL) P il o B AR 5 4y PR AR 1Y
A (5 LG TEME SR SRR AS B DR BE i A AR AR X /D
BEEFEA TR HE

(5) XBUAE AL 2 (DFL) ' il A R4 K% o 450,
R 5L AR S G BTER I OL A7 64T 55
T IE B AS 1) S Al RT3 SRR AR B R P, AT £ T
BEARIPERE

(6) FE A 4K £ 55 351 2K (Sample-Dependent Focal
Loss, SDFL) ™" — Fil A5 T 5 45 18 % i1 53 2% R 450, R
P B FEAS Y 73 FEXE T B a8 0 43 FO A EE, 1 5 5T U )
ME ST FEREAS B GV, B 559 5) 3 EREA 9 TU AR 5%

Wi, A 20 e 2 28 1A - A [

(7) B BRAE B A AN (Remove Low-Quality Samples,
RLS) o 7 fil 52 56 %t B 20, 76 I SR 7 v B 4% 5 5
R FEAAE A, T U8 UE SLID 1F D) Ak 56 W (1) 00 2 4
A

AN o B bR R T AR B A A b (NBL) J7
Ab 2 55 IE SLID 78 AN [a) 4 4 J7 2 T 193 ek 5 B A
PR ARG AT 28 T2 3t 4 b J7 12 0 ik 2k S a)s ik
7 kb 33 . 24 47 #b (mean imputation) " | 1 A7 B %b
(median imputation Y i 2 R £ T A (Multivari-
ate Imputation by Chained Equations, MICE ) Az i %ot
Pt M 4% 4 % (Generative Adversarial Imputation Nets,
GAIN) " F1745 43 [ 2 1t 2% 22 8 4 #h (Multiple Imputa-
tion With variational Autoencoders , MIWAE ) (63
3.3 ZREREHW

k4 1H PEAS SLID PR RE , FRATTIF R T — R 51 5
50 DA AR T 4 0 G B )

Q1 A XUIEE . 56 UE SLID 75 T5 I 1 A 2 Fl
15 B A HE D T Y AT A8CPE S AR R R R BE S 50%
B DO AN B2 HdE S b, R T NBI 5 v Ak B 2k £
i B SLID 5 2% 2R He 2 07 i b AT A PR RE XS L, S5 56
GORIMFE 1~F 3 Fim .

T30 E B R oK, SLID 7 i A £ 8 45 1) ACC

Ahn ERRIRE, WE L T HAD A LIk, 18
PO A~ s B b, SLID [ ACC %8 ¥R A 2k °F 35 42 7
3.21% , H i fE CBC s 5 b iy 1k Be 42 T e 2 e K
i 5.420% , 5% — 45 W] | SLID 7 FLIR 2 7 5 2 75
WK 3 5t BAT SR a9 92 A o 72 YIHIF1 46 45
J7 TH , SLID B WAL T3 5 1Y ~F- 24 42 TH iR B 23 il 3k 3
4.19% #13.19% , iX — LG Bt W] SLID A {H- #5418 5+ /Y
ARG AERE , OO 25 2R B A 1R e T B 3K
SR 1Y) 6 M RE 8 A 80 TRE I8 T KA v RT BB AE AR I 2
SISV 37 5

T B {5 BE AL D7 T, SLID 7E ECE Hl Brier ¥ 5 45
b 135 2 B, He b Brier 43 B0UR R A 7 7 Y
15 1.29% , 75431 8 1 SLID 76 A8 25 0 4 ofi B
JERCHERE 71 J7 10 Y S 2 DR 4 o SLID 78 A AN [ i IR
Yy By R A B — B0 AR, s U A A
RAUFmz Akt 1. %0 5 TR T, SLID i i %) ik Bt
SRR I PR TE A2 o, RERE 98 3 4 42 4 i 2
FEA T TE 1A R B, SCRE 55 AL £ 118 B WYt )
FRHWEFS B T EERN 55 EE
JEAG T A U H AR, SE Ktk THEGE Tk E 4k
ZME EAEHHEF7TIAZC T

Q2 & HEMEIRTE 1. 58 iE SLID 78 A [a] 5 408 fke 2k
RN BRI, A SCRAAS [R] 5k 2% 48 () 19 HD %408 45
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Table 1 Predictive performance comparison on HD and CBC datasets unit: %
Y6/ S HD CBC
Efz ACC AUC YI F1 ACC AUC YI F1
ERM | 65.08,, 710246, 29.99,, 0 67126, 50834 5122, 2,10,y 58681445
LS 63.77,, 0 71.28 5 26.97,5, 66.61,,,, 5333, 60.04,, s, 1.68 5.0, 64.64,.,
PC 67.05, 4 73.57 100, 33.52,,, 69.68,, ., 52.08,,,, 50.70,, 05 0.07,,4, 61.44,,,
FL 66.72, 0y, 7286, 6, 332950 6847, 4750, 509840y ~8.67 1606 568340
DFL 66.07,4,) 717540, 3154, 4 68.18 5,47, 50.00,, 45, 57.83 ., -5.18,,, 4 6224,
SDFL | 6049, 64.11, 4, 1977, 50 64.29,4 40, 5250, 57174, 154, 60.38 .,
RLS 65.57 4., 7043 , 3111, 66.8759, 53.334 54.09,,5,) 3.78 ) 57.764,
OUR | 69.18, 7521 5 36.65,,, .4, 7348, . 58754, 63.36,,5 ) 14.62,,, 01, 66.29,,.,,
TE D8 1 WoR BB S (i AEZE AL, G 58t WoR R IRas R .
2 7EVC,CHSH##E & ERITNEREXT bL B : %
Table 2 Predictive performance comparison on VC and CHSH datasets unit: %
e/ ve CHSH AVG
£zt ACC AUC Y1 F1 ACC AUC Y1 Fl ACC | AUC | YI Fl
ERM | 69.35,, | 73.63,,, | 35.12,, | 7592, | 73.11,, | 7898, | 4599, | 74.68,, |64.59|68.71 |27.25|69.10
LS | 6887, | 75.15,,, | 34.14,, | 7546, | 7298, | 7932, | 4591, | 74.18,, |64.74 | 71.45 | 27.18 | 70.22
PC | 69.19, | 7294, | 2938, | 77104, | 72564, | 77.96,., | 44.664,, | 7464, | 6522 68.79 2691 | 70.71
FL | 6952, | 7449, 5 | 3117, | 7728, | 73.19,,, | 78.57,, 46,46, | 74.09,,, |64.23|69.23 2556 | 69.17
DFL | 69.52,,, | 74.23,,, | 3248,,, | 76.624. | 7340,, | 78. 54‘1 w | 4688, | 7432, |64.75|70.59 | 26.43 | 70.34
SDFL | 64.84,, | 65275 | 1746, | 74004, | 7286, | 7873,y | 4562, | 74.12,,, |62.67|66.32 | 21.10 | 68.20
RLS | 67.58,,, | 69.29,. | 3224, | 7432, | 7227, | 77.99.., | 4413, | 7424, |64.69 | 67.95 | 27.82 | 68.30
OUR | 7081, | 7320, | 2781, | 7977, | 7483, | 7959, | 49.38,., | 7642, |68.39|72.84|32.11 | 73.99
A FHAL 58 R B R A B SR AR A R i (8 R IR 2 R
F3 MOANMEFHBELSBEERERXIERTE AT %
Table 3 Confidence calibration metrics comparison across four medical datasets unit: %
pvgia HD CBC \(e CHSH AVG
Eitn ECE Brier ECE Brier ECE Brier ECE Brier ECE | Brier
ERM | 2923, | 58.88,,, 4888, 96.10,,.,,, 2439, 51.58,,,, 17.00,,,, 42.64,,, | 29.87 | 62.30
LS 278400 | 58574, 45214, 89.58,, 23.38,,,, 5093, 16.62, 4, 4254, | 2826 | 60.41
PC 26705, | 356304 47.23,,, 93.04,44,) 24194, 51065, 1555, 43.05,,, | 2842 | 60.86
FL 2834, | 5734, 32.28 001, 73.00,,, 55 24.00,,, 49.68,,., 1457, 4147, | 2480 | 55.37
DFL | 2922, | 5932, 48.67,.,) 94.54,, 2331, 50.06,.,5, 17.76,, 4402, | 29.74 | 61.98
SDFL | 10.27,,, | 4822, 41.05,,,5 82.38 ., 1071, 4542, . 9.18,,, 39.24, 17.80 | 53.82
RLS | 3024, | 6148, 4549, 0o 88.63 0. 31.54,., 6231, 22,575, 48.11,,, | 32.46 | 6538
OUR | 1613, | 46.00,, 38.33 6 75725, 1) 1934, 46.10, 11.55,,, 39.19,,, | 2248 | 52.53
T LT 05 1 BRSO AL A B A2 T, W g D R ki 4h

KSR B RGVEAL T 4% Ok B o ke RE, =
o R N 10% . 20% | 30% . 40% i1 50% , 4% 7
RAE AR B R 19 ACC 45 AN 4 T 5 fim .
BT B BOE T AR LU B0 4538 (1) Bl 25 Bl R
B 32 A 4R T, BT 7 2% B0 DI o R (ACC) B T
%o X IR A AR TR AT, BB 2 B A A
2 ) B OBCE A3 AR, T A AN IR AT A R A 1R 2
TG 15 190 RS HIK T B s Bk 51 & ) s e . Bl an

ERM J7 35 76 45 S 20 R T 35 32 B 4 AR i 1k e, HL ofe
B R (ACC) MR 2R 10% I 1Y 80.66% T [ 5] 50% i}
[ 65.08% , 3% — 45 J ™ 5 T %o 4 A BCHE AT 2k R v
2 2 [ ELME L (2) SLID 78 FT A e 2 R T R KR 57
B S MERE , 3X & B SLID H & K45 (198 1, Rk
e A [R)RR B Y R R B 3 5 o B L3 E T, i
Bl 2 LUK T & 47 AR AR I it in B X 1 GE ) 1k 24
F B RAM ] T I ISR AR A I 25 i 67 T S



%4 M T S I < 1 ) T S S R ) e R P 1783
F4 B NBIFEEHNSAI HD IR ETE 10% F120% BR&K R(u) TEE T ENIEIRE R AN : %
Table 4  Results of metrics for various methods on the HD dataset at at 10% and 20% missing rates (1), with missing values imputed via the NBI method
unit: %
“w 10% (5 = 0.05) 20% (5 = 0.05)
b ACC AUC YI F1 ACC AUC YI F1
ERM 80.66,,,, 87.29, 6089, 82.17 544 80.00,, 45, 85.55, 41, 5930, 81.88 .,
LS 82.46,, 87.69, 4 67365 84.01,, 79.84,, 6, 84.66,, 5921, 4 81.43,
PC 83.11,, 8644, . 65.97 06 8428, 78.52,,5 84.50,5 568956 79.794 40,
FL 8344, 89791, 66.53,,., 84.66,, ), 76.23,, 82.59 4 40 522210 77584,
DFL 78.85, 16, 8645, ¢y 575545 80.18,,, 79.67, 5 8421, 58.64,,,) 81.55,,,
SDFL | 8328, 89.57, 4, 6633, ., 84.40,, 7918, 6 8321, 5821, ., 80.52,,
RLS 79.34,., 8598, 44 59065, 79.964 40, 75.90,4 50, 81.88,, 4, 5161, 77444,
OUR 84.59,, 90.56,, o5, 68.59, s, 86.05,, 80.33, ., 84.80, 45, 59.52, ., 82.59,, ¢,
TE AT (28 B R BB A A R FE A S, W B 5% R BRIk As SR
RS 30%M40% R BEW T EEAEZNIERER i %
Table 5 Results of metrics for various methods at 30% and 40% missing rates (u) unit: %
m 30% ( = 0.10) 40% (5 = 0.20)
Bzt ACC AUC YI F1 ACC AUC YI Fl
ERM 76.39,4) 82.92,,.6) 51.69.,,, 7878, 4 7148, 7688465 40.73,,, 15, 76.12,4 66
LS 778745, 84.92, 54.06, 40, 80.92,,, 7492, 40 81.95,,,, 4774, o) 7889,
PC 77.05, 81.87,,, 5265, 80.08,,, 71.80, 4 76.95, 55 41875, 75410
FL 7426 5 82.07,,, 4745, 76.92, 45 731155 788646, 4440, 5, 76.90, 4
DFL 78.69,4 41, 84.56,,5,) 56.44,).. 80.81 7541 4, 81.53,,), 49.08, 5,7, 79.00,4 0,
SDFL | 77.70,,, 822745, 54.08,, . 80.46,, ,, 7459, 01, 79384 47130, 7848,
RLS 76.23,,4) 81.29,,, 52.30,,, 79.12,,,, 67.70,, 1) 7426, 33114 4 7307, 45
OUR 78.69 01, 83.24,,., 55.52,040 81.94, . 75256 8047, 48.13 ., 79.48,,
PEaRy b EAR RN T AZN 4 € i S N P R et O R R TN ) I B A
Q3 & HVERUE 2, NYRIE SLID A [ 4f#h ik 3REH, JCit R F AT b 4 J7 125, A 180 4 4 &S fis b 1

Ak HE BE b RS PRSI BERE ST, AS SCLABR R R B

AT P AR T R A, ISR A 2 7™ H i 2

FE K 50% 11 HD B4 o0 LR X 5 R A S MORTRN B AL PERE R I, i — 2B B AIE T 4 A R RS XA AL 31|
FRAAAN T I AL BB B IR RGN TR R USSR L (2) SR AR ME 2 SRR A A AL 55 T AL
HVERE LIS R IR 6~FR 8 IR . TR WL (W FL) , g4 T ERM ik, filan, £
AT LR A0 4598 : (1) ERM i fEFr A 4feb ik (EA@ AN AT MIWAE 48 #b B9 208 L, FL 535 9 ACC 43 51
Ah PR s DI R 2 e X — g ILERM TIE FRET 1.97% M16.39% ., iX —Z5 R KM,
%6 EETHEED, PBIEN T EEANSE HD BUIREE S0% MERA R T, & KT EIEIRE R A%
Table 6 Performance of various methods on the HD dataset (50% missing rate) under mean imputation and median imputation unit: %
Tk Mean Median
ahR ACC AUC YI F1 ACC AUC YI F1
ERM | 70.66,. 76.42, o5 4121, 72365, 70.82,, ., 76.90,, 5 42.16, 5 71.34 500
LS 68.36.) 76.95 .4, 37.56,, 5 67561045 70.82,, 5, 77.49,, 1y, 42,65, 70525+,
PC 68.694.) 76.23 .. 3812455 68.39,, 4 672145, 73724, 35.82,,0m 65.721055
FL 68.69;.,) 75.88,4.4,) 37681100, 69.83, ¢4, 69.18,, 4, 75.85,.4) 39354, 68.57,, 44,
DFL 711540, 7785, 41.58 4 729145, 69.18,4 44, 76.02.,) 38.595 5 703254,
SDFL|  70.33,, 7744, 40.82,,, ., 7134, 68.36,, ., 75.65,,,) 36.70, 55, 69.68 5
RLS 7164, 7827, 41.79 , ) 7543, 10 70.00,,, 75.22,, 40.22, ., 7113,
OUR 727901, 76.99,.,,, 4575, 4, 7342, 71.64 74.24 422210 7451,

VE A LD Y 8 A B0 4 1 e (285

LT RIS R
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£7 BT MICEF GAIN i iE NG R BT %
Table 7 Performance of various methods on the HD dataset (50% missing rate) under the MICE and the GAIN unit: %
Ik MICE GAIN
Ei=p ACC AUC YI Fl ACC AUC YI F1
ERM 6541, 74.06,, 1, 3184, 1, 6495, 64.10,, 5, 69.29,,) 26.331560) 68.97, 5,
LS 67.54,, 5 76.064.,,, 3594, 67.05, 4 66.07, ., 73454, 30.24 70.17 445,
PC 67.054,,, 7374544 34.65 1,40, 67.50,, 4 69.34,, 1) 7478, 45 36.62,5), 73.98,,4,
FL 67.38,,, 743646 3434 15, 69.954 2, 65.90,.,, 69.27, 4, 30.10,, 45, 70.17 444,
DFL 67.21,,, 72.62, ) 34.691,.02) 68.09,4 46 69.83,,, 75.02,, 4, 37.86,,, 7394, .,
SDFL|  55.08,, 58.46,,09) 10.96,4,,) 53.71 165, 63.28,, ) 68.77,, 5, 24.87,,., 67.07,,40,
RLS 7098, 77735, 42.74 00 70.86,4 46 66.39 72.02;,, 3101, 7062,
OUR 7131, 76.90,,, 4269, 50, 72.63, 4, 70.16,, 5, 7437, 38.25 1,0 74.59,, s,
TE LD 58 1 WoR B A BOR AR M i AEEE AL 5t WoR R ai R .
#*8 B MIWAE kiR NG R B : %
Table 8 Performance of various methods on the HD dataset (50% missing rate) under the MIWAE unit: %
ik MIWAE AVG
Bzt ACC AUC Y1 Fl ACC AUC Y1 Fl
ERM 66.72, 56 74.59,, .1, 34810 65.37,4) 67.54 74.25 35.27 68.60
LS 67.38,5.,,, 71.69 5, 3542, 67.654., 68.03 75.13 36.36 68.69
PC 61.97,,, 68.43 4, 236915, 64.08, ., 66.85 73.38 33.78 67.93
FL 6033, 63731051 20615, 61.94 . 66.30 71.82 32.42 68.09
DFL 66.23 5, 7141, 32764 o, 67.35,,, 68.72 74.58 37.10 70.52
SDFL 67.38,, 45, 71.28 ¢ o) 34.50,,, 05, 69.44 ) 64.89 70.32 29.57 66.25
RLS 65.90, 4, 69.36, 5, 31.83 55 67.42,,5 68.98 74.52 37.54 71.09
OUR 68.69,,,,, 74.32, s, 37.31,,, 70.31, 5, 70.92 75.37 41.24 73.09

TE -l HIEL (58 7R B DO AR A B LR (2 Hh R RS 2R

1 Sy R NIl K o ey = NS Rl e+ o G R L A
Jo i A7 A A R AT (B B ME SR SRR AR ZE N i
T rp s B SR G AR AR L 2 AN, B BB R R AT
w2 >, o0 v R RE R B X T B R
AT A I X AR B A A A Bk R [ AT S PR A
(3) SLID 7E JUr 4 #fi #h J7 15 4k 15 i 5 T3 R 90
DL S 9 6 1 S L RE U, HE ACC 33 B 25 T A
XFH T . 1, £E MICE 1 GAIN i b i #b J7 325 &b
B A9 BCE |, SLID i ACC %8 ERM J5 ¥: 43 B4R T+ T
5.90% F16.06% . ix —25 K KW, SLID H 4 A1 &
B, A O 1 R AR S5 R 1 AL BB A5 1 A (R d
AT TR B 25 5 ORG B TR A% 284 D B HlE i AR 5 i
FEAS, DT 3 S B AL 3 LA F A R AS , e fa e 1
2k EE B E T SLID 5 4% 23 #b 7 ik 1 K IR
fic 1 o

Q4 VR SL I . 455 £ R M 5L 45 2L v 1, SLID
TE T A L850 3 5 T 285 YERE B RF L1 T ERM I
RLS 9 b JE 8 J7 1 (Hidh RLS S A SCi% & 10 T il vl i
2, AL RS S i E SR R IR AMEAE S )
LRI, ERM X BT A 4 AN A #E 47 0 25 51 R H (R
XA REA o), 5 SO AL LA R 5 2 A A v ) R

KHR, PERBA 2% s RLS W B 48 A SN it AR AS | AR okt
ol T (H RS B T A RCEE IR B R AR TG R
O3 K PR ANECYE A9 B 1T SLID 38 ik X IG5 k4 b
FEAS TN BT R P TE DU A 24 5, S R 1 %o 4 b SR 1
R H A B ——BE R T IG5 AR AR A R R R
SAZHR T AR R A SUE B B LR (1 S 2
ARG CEEBEAS T EATRE . X — X% g R A AIE
BT SLID A% 0 B TS B 1) 06 20 5 4 i

Q5 S BUBUBAE 43 B o AT S R AR 1) L BB 52
M 3% SLID MR B C B 2 . R4 fIFK S E/R T SLID
FEAN [) 2 23 1Y) HD 508l 4 12 2] s e fift FH 0 2880
BUME . S 4 W, 75 HD B 45 &, Bl 35 45 1F B
2R 10% 38 A N F) 50% , A% F AR T LA 9] 1
ZH N 0.05 BE M3 025, HeAM, YHRAE B RN
509% -, 5256 it FH DU A B 97 B8 52 X0 19 g B 3 Ak
THIXE E KT X —L 855 e il &g —
B, REAF i SRR A AR IS AR AR T AR AR L
R, PR I T W A TR R Y BT R I ) A
YR, DAHCTH SRR A B R R S ), sk SB 28 S i — 20
N5 T SLID [ nl f Bk S5 n 19 3 S VR L HL
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RES 171 3 10 DE P AN [A) Kl ke O 177 5t 1 A9 I AR AS
O R 1 38 e L U A S A R T
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