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Abstract  Collaborative learning technologies such as federated learning and swarming learning can fully use
distributed data to deeply mine the knowledge contained in the data while protecting data privacy. It has a broad
application prospect, especially in the medical and health field, where privacy practices and ethical constraints are
emphasized. Collaborative efforts always require reliable participants. The performance of the global model in
collaborative learning largely depends on participant selection. However, the existing studies need to pay more
attention to the heterogeneity of medical participants’ data. As a result, the performance of the global model, including
stability, is difficult to be guaranteed. We propose to solve this problem from the perspective of reputation. Through

iterative collaborative learning, reputation participants are selected as much as possible to obtain a stable and reliable

Y5 B #3: 2023-04-03; &£ B #: 2023-12-11

E&TH: FEKAAREIES T L0 H (62232012) 5 #1-06 BEy7 (B REHE 40 51 5 58 e s H
This work was supported by the Key Program of the National Natural Science Foundation of China (62232012) and the Hubei Big Data Analysis
Platform and Intelligent Service Project for Medical and Health.

BIS1EE : #/MfE (xhdai@hust.edu.cn)


mailto:lufeng@hust.edu.cn
mailto:xhdai@hust.edu.cn
https://doi.org/10.7544/issn1000-1239.202330270
https://doi.org/10.7544/issn1000-1239.202330270
https://doi.org/10.7544/issn1000-1239.202330270

2348 HENTR SR E 2024, 61(9)

high-performance global model in collaborative learning. We first propose an Al medical promise (AMP) to describe
a medical institution’s data quality and help form a good AI ecosystem in the medical field. Secondly, an iterative
collaborative learning framework based on backward selection (colback-learning) is established. The backward
selection method is used to iteratively calculate a well-performing and stable global model in polynomial time
complexity to complete AMP calculation and accumulation in a single collaborative learning task. In calculating
AMP, a scoring function that comprehensively considers global performance indicators is formulated to guide the
training of the global model in the medical field. Finally, using real-world medical data to simulate various
collaborative learning scenarios, we have shown that the colback-learning can select reliable participants to obtain a
global model with good performance. The model’s performance stability is 1.3 to 6 times higher than that of the state-

of-the-art methods. The interpretability of the global model maintains a high consistency with centralized learning.

Key words collaborative learning; federated learning; participant selection; data contribution; block chain; neural
networks
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Fig. 1 Collaborative learning ecology and AMP in medical field
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Fig. 2 Architecture of iterative collabrative learning based on backward selection
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BEORE Vo — a5, RS AR R S R — A s m) 2 RS R
S BE R IMACE 3, 35X 2 AN R BR R BE 2 LB L
BAR. BT s (m) 5 o (m) EBCHE T, Hoh #8403 R B
JE, DR RO v e B R AT

TG 23R A AR TR L A T A AR S S 1 R
71, F1 254675 8T R FORS i 52 1 52 e, 2 SRR
UK B0 2 1 I S 244 . AUC 55 5000 9048 TE 56, 246
e PE R 2R G RR. pmVERX 3 DERBHR PRI
KO3, v DAAR G AR R B RV 254 PR G R AR 4 2
T8 B A BT R S 2 ] BERLYE BE, Score(m) il it A £
ASVEA bR, AT AR A G455 780 T i 4 18 o 6 1 PEA
323 mHEkITE

1ESE A2 5 4 SPH T a 25 7 i E I
2515 BB ALM, -8 ] BREL Score() Xf H AT PEBETF
WA EPE 8 ST, AT LKA S 507 k198K
PoTEk. |k, WEMSH T NS H5ITEGT R,
EERTETEN S5 ke, KRS S5UMEST 0
Z 505 W — G R ML, IFPEAS 2R A5 AR A
RES_. SIS Z M2 S IE S 5T k 4 5Tk
Cony, B 0] LA A4 K2 B & 0 B2 97 B0 T i 303k 1 4
T DTER TR B D B L R — AN S, /)
WERA —AEHARRETEIEN S 572 5 0ME%
2 YISt A2, T FIr 3R 75 A 455 780 (1 M R 7 1% 75 31 el
R

ik 1.5 2 577 8 sTEk iR

N DM 22 S B MBI 0 1S, i ik
RIS 5T BB K, K455 07 AR Ml 28008 1)
£ E(D.Dy, D}

. Con, fork=1,2, K. *K ™% 575 08U
DTHR*/

D forallk=1,2,,Kdo

@ ¥ D MINGRE PR,

@ PN My

@  ATS5 IR E R (4) XM DEFT I RE

B EEM 35S 5
® Con, —S8S-8;
® end for

@ return Con, fork=1,2, -, K.
324 FETIIRAEATAENL

T S AT R 5 i R . AR RO STk T e R
AR 25 05 #e F STmk R /N AT R R HE R, HEA
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U A 1~N. it — 20 i i 5 1] 45 05 12 WA B8 2 1Y
WEES 575, AT S5 07 5 & v I B 5Tk (8 fe /)
WZ 5. 25T ETHNHERS 5T EANZIESN
TRk EE ERPE A ST ESGTHA
12575
IR e e, inekBRiEh 425
J7 W)U BT Con™” M HE 4 Rank!™” . 2 5 )y — HAE
S e R AR T T O, BN DT RRCR iR B 0, R
AAE G SER AR U R B I AR IR AU HEAS
e G —8ERh, 25T EGTHRHT 11%
507 B, FATT R T B AT A A I R A BE DEA
AN DR SRR T IR T E
Jo R AR TE S 2 TR . Bk 2 i
8] 52 2% B2 S 2 T 8] B2 2 B O(n’), /N T 88 38 4%
(S ) 52 2% B O2"). X T By BIF S T AL, B S 3 19 2
S5 R AMERR AR BT BUE AR S SR, R R AR I
B . B B9 WS AN AR IBOIT 5 I 1R] LA | 4R D B
5 H, THE TR B ) AN 2 T LUK Z /Y
H RGO L B 23 b7 9 3F 2 S 19 AT TR J7
TETEAT: 55 00 06 Al I AR 45 25 (T A3t B 0 75 1
Z: 575, X ] LABR A i i — Se i BRI 2 5 05, B
b 2 5 07 BOR, S ETTRROR.
BR 2 TS m kR R A B E
A PME S I BRI R) 1R S 8 w(0), Z2 5054
ASP={1,2,,N), BRI S 55 5 SR=1), %
Z 57 AN GBI S SL={D,.D,,**,Dy};
it PME I BIRAES SG, Bl T AE S S C.
(D for each iterationt=1,2, ***, T
do /*H—HEIEALH/
M — ModelTrain(w(t —1), SP);
155 1 K E AR B8 5 (4) X MO 3E 47 1 BBV
Hris BIPEAN 7 B SO
§G —SGU{(M",8)};
if |SP| > 1 then
set SP' = SP;
for each participant i € SP do
2577 i NSP B, W4 SP
RS SP;
MU« ModelTrain(w(t—1),SP",);
15518 R H AR YE K (4) %MD k77
PEREVEAN 15 B IE M 2 50 S
SG—SGU{(M5,.85)};

(t,0) [ (1,0) ,
Con"” « 8t - §"7;

©@Oeve ©©

® ©

® ©

(B) SP « SP U{i};

end for

® {55 15 3R 4 X { Con 7| i € SPYBEATAERE T
HE¥ -8t 2 5 05 7 Bl HE 44

{Rank{""|i e SP};

Con™” « min {C onf-"”)‘ ieSP);

@ for each participant i € SR do

Con!"” « 0; ¥4 TTHk BN 0%/

Rank!"” « Rank!""";

end for #0551 fE kb, BLBT SR A
2 AT I for I ER*/

@  SCeScu{(Con!”,Rank!"”)|icSPUSR} ;

@ N2 578G SPHBER TR NS 55 X

@ SR« SRU{x};

@ endif

@ end for

@) return SG,SC.
33 FEEER

2t 2 55 5 kB, AT S B A 4R 15 0
AUV e HE T 25 R 15 B e DR AR AL 5%
RURH T N 1 2 5 07 W 2 FRATT A M e AT SR MR 0K, JF
HAB MBS, e, RIE&S 57 EE
55 BB, T AR AT 55 05 BAE o mp, I F 58
H B BUEEE A MP. {5255 0 50 RO T X BBk R
SGirh R e A . BRI S A e e
BT, IF R 28 S AT e G 24 0 Ml e RE 2
(ELREER

AR PME2E L5 h & 2 5 T i E S5 HAE
ZAE 55 T SRR RN R I DL S AR A R R S S A
YIZR IR B B, 2 5PMEF IR BB Z, 25
Ty OB E AL, 25 07 i EUE STk R T e X
P ) 4 JRy EME 2 B s i AR B, = 5 07 1 HE
HAARRFET B AE AT 55 1Y B kA% A Y 2R B 40 fer.
BAKIME, 2 57 M oTek CR SuiE 55 2wkt 2
57848 TRk A, Kt B = (8) s

max { 0, Z Con!"” }
t

[{Con{" £ 0}|

FIH, 25 07 R R M 55 2 UGk U
Z 5T AR ESE. h TR —RER0h, 2577
EESPHRA1NZ 507, A AT 8RStk 5
WA HE4 . ik, 2577 AT 55 148 SO TE|T N-1
F AR TP A T RS AR = (9) R

Cc\” = (8)
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Z Rank™”

o J— 9
R — (9

AR PME 2 AT 55 Bk 2 5 05 B0 AR R Y,
HUE AR R 55 vh 2 5 05 (08008 5T ik 2 HE 44 1 B T
PRl A [ BRI 0, 75 B2 X6 2 5 07 AT 55 80808 sk o
1 %5 HE 44 RISUA — AL AL 31, 2577 i (A XHE 55 50HE
Tk ¢, S 3 AT 55 B TR R A T B A A X
MG YW

A7 = L
' max ()

Z 595 i (XTS5 HE2 roe 3 AT 55 s HE 4
(A XTHE. a0, N A2 5 07 B UME % ST 55 1 e
He4 B Nt B (1) FoR:

n = R .
R

FoAT A8 FH X # 2% pRi 8K (Gompertz function) ™" S i
2 5 kB S 5 UME ¥ 2 RO M HLAE &
B B 52 M. X EA 2% R ERGE FH T 6 A R 52 B i S AT
AT 2 505 i 1 KA R BN 2 (12) firs

yi =ae”", (12>

(10

(1D

Hrva, b, c ZSHL

X 2K o R i Ay LN (13) BT 7

em™®® — (1 — &) m*™

- sm;e]e+il—simgem°’ (13)
HrhmeeRox2 5757 i A B S 5UMES 2 1k
B, mieme RoR 2 57 | Rk S S EMES ) IIREL,
BBl B R B AN g H G I Bl rh YOO 2 B R
R E, PR, AR e Y BB AT 8224 (0, 0.5]

FEIHEAS B 2 5 07 (A A 55 Bl sk, . A
XTS5 HE £, DL GRS R h 2 5 E 22 2 Rk
yiZJi, N C14) s T A v 2 5 75 i 1 B 7 Kol
XEARAE S5 W2, B3 2 5705 i MG EE (a*mp,) :

amp, = yc;r.. (14>

ETRBEAEA LA, WEHET L
2577 0EEE, WA2MP, a®mp, ¥ B sh4E 3 1E
X HesE R Geh, HE P AT 52 % 1 A ).

FRAT B HE ZLKs i A v (] Zb PR 45 A7 it 7 X P i
L BEEATFE R, AR B . X Bk L DT
FEVEFIECAR, CRUE S 76 X ik b AL ok B rh i A7
PERE S, IEB) 1R 25 05 % B .

1) Jin 28 B A A FH o 42 B3k R B HE AT I %, i
PR B 22 4 I A A8 A 0Lt o o 85 532 i3 AR A5 X
25 B, A RESL BBl

Yi

2) o0 A AR X B EE 25 b AR b AE 215 AR
o BCRE A TR — 0 B R RUER A e A Y B s
RIS, 33 S5 o AT LUOAH B 36 UE AR, DA O A 1Y
IS TEPEFIAS A LR

3) X e R AL . 38 o HARBLE, G AR R
B (proof of work, PoW) . A 25 i B (proof of stake, PoS)
R FNA 2 5 0 ik AR SRR B, I
AR B &0 Z2 RN Z 5 A #E A B IX Bk,
PNIIEZSTR € RS i I P NS

HEREH A B R AT R BB R TR AL
J¥, E AT LLH B AT IXCHEE ) 4 i i BAR AR R
A YRR F8 2 B A ) A A TR I B BAY 25 UE B 2
ML, 0% A8 A A 38 09 T35 R 35 iR i A A
REE A

5)ANTF i B AR X HLBE b Y H s 8  A IF i B
1), B2 55 #0T LUE 200 F 500 ek sh, Jf Bl
Ml R ICEIRFEER A X R E R — A
(BB K. IF BT A (% T A b 20 45 381 3 A 5
SURBN, DT 3G A0 8 R B H 5 Mk A L S M 2
ARIE.

IR 5 HOR, PRUE T B S R i LS
H R e] CRUE T 4% BT ECHE 09 U S L B Ok AT S5 R oK

B P AN HRE A, R X N R
) — > S )

DX et 2 EARAE T RS 09 25 bl A7 4 TN YE
DAL, b A 09 5 S0 1 3 2 A R R
Jite (4 5 Bly. 402 5 07 38 5 AH BT 55 BT R 45 R AR AR R
KA BLHME 22 > i IR A5 SR AR G BT AR 55 i ok
P& B EE, TR AOEE = #EAT E AR B T IX
B e LAV B BB ek, OF AR BR YT UME 22 2 A=
A, 250 RIAEE A, BRSO 26 H BT 7R
HIURE) 9 5 255 3 i K 4 5. B ) 3 A4S, T LA
AT B AT R

4 XLELBWEERST

AT B FRA TR Ak S B T RO AT Y
XT LE S5 1 T N2 B A3 B AN R — et FATTAR X B
A EME 2% > SRR 2= >
4.1 H=iiR

Fe A7 4d A v A% 1fiL /% (intraoperative hypotension,
IOH) AH S 504 A8 B 40K A 2% ~) 3 5tk 47 5 5 . IOH
ARV 2 R 5 IF AE (ST fa B P ER, i se T
f 2 RGO LR 7 . 2k R . R SRS A L
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2 R G RREDT. BRI, X TOH 2 iy + 7 2 2
J SN G, LR SRR Y. B P 2 g Y
TR & He T ML 24 ) B TOH S T R 4.

AT IOH M B SR A 3 R TE. — 2k A
A F IR KA A5 5 A 8R4 VitalDB™. Bk
£ T 8 R E SR ERE 2016 4F 6 H %= 2017 4 8 A
(1 6 388 44 P FF R 19 T AR B , A 455 R AE AR R
1~7 s {8 5T R T AR W5 5 B0 . 0 Ah 2 A S
P54 TI30sDB Al TI5minDB, ¥ 3k [ 2% 7 ¥ B B .
TJ30sDB LA 30 s 448 RAE MR i 55 1 2015 4F 10 H
2021 4F 4 A 1Y 387 291 & A0 B B 1 F R Bl
TISminDB LA 5 min FRFESRICE T 2016 4 1 H &
2019 4F 12 H 1% 174 434 2 5MFFRE B9 F AR 5.
4.1.1 BRI IR ik 3

FATTHE B8 34> TOH AH Bl e I T 38 &
(B R RN 3 2 > S e B AT 02

1) Vital. )\ VitalDB H 6 HURRAIEAH X 58 52 (1) 2 872
1 F 35, AL HE 1 782 451 FH M #E A% (EP TOH) #1 1 090 141
FAPEREAS (RIIE TOH) . Bd RAEEATR Jy 2 s.

2) TJ30s. M TI30sDB Hr BE BURRAE b 5 5 24 1) iR
F 25817 ), Horb pHAE 18 049 4], B 7 768 ). K
RFEFNAH 30 s.

3) TISmin. )\ TISminDB 1 35 B4 fiF 5¢ % 1) H &
60 180 1], Ho b FHEREAS 26 834 5], BAMERE A 33 346
161]. KA RAE ] B8 R 5 min.

FRATREIX 3 A B 4 1 SR AF H] B 58 — 4 1 min.
2YRCHR B0 SR BE ) B K T 1 min( 40 TISmin 5 2R B W] B
5 min) B, FATTAR H5 A A 0 B Y S B A BRE
TIE X B0HE 147 R 254 1
4.1.2 I s E

TESZE Y, S T colback-learning FE 28 1%} [t
BRI EIR 2% 2 5, AR colback-learning H1 4]
IRE R ER N S 5 R S AT S EREA 1
NI UESE, Hih 10% 14 Vital B % F1 10% B TI30s H
B R AT 551 K BN AR AL S 20% 11 Vital 1 20%
[ TJ30s. Vital F1 TI30s H 1% 76 4% 54k 1 A I 25 5504
Vital H 1 Y ZRECHE R 43 S 2 505 PRI P, P ALES
144 520 NEEAR, P, 404E 70 413 MREA. FHYEREA 5
PEREAS (4 HL 35 1+ 9. TI30s H A Y11 24 %k -l o &)
5y k2575 Py FI P, 4y B AL EE 276 978 il 138 942 4>
FEAS. BAPEREAS 5 BAVEREAS B9 LB 3524 1 2 3. TI5min
HFHUS 507 Py, 45 383 LIS MREA. BHPEREA
SEPEREARM IR 1 28. K2/ T 5SS 50
IOEICTEBG

Table2 Data Description of Five Participants in the

Simulating Federated Learning Scenarios

R 2 BHERIZEIGRT 5 NS 5TMETERRR

25 95 Bl A 5 FEAR [H17}
P, Vital 144 520 1:9
P, Vital 70 413 1:9
Py TJ30s 276 978 1:3
P, TJ30s 138 942 1:3
Py TJ5min 383118 1:28

TE: HOBIRR PR A S B REAS (1 L.

4.13 BTSN

FATTE AT 15 min B9 3 3l & K 53 F10F 8] ¥ 51 4L
. & S, 1 GRU 52 RURAG &4k 4l 48 B[R] 7 41) £
HvE e R e R X U T 2 )2 GRU ot
FE®ZE GRU ZJS U T 14> Dropout 2. [ B, i
HTEA3INEHZE. 1 2R b2/ 1 A2
JZ 1% FCN [ 26 ™51 o A1 e & /b 2 2 /s 1 1
4> Dropout 2. H¥K, F AT #E ResNet ™™ R 43 M i 45
FRAE, AL 4G AR HT SRR M P SRR AR X B,
BRHAT 2E%RZEH Y5 1 2 Dropout ZM4E 4. &a,
A4 3 L i AR ZE A, TR 1 R 2k R
T 45 5. S22 10 R 2 S IR 45 R A (A

3 /> TOH A ¢ B 41 A2 15 400 1 Bk B 27 ) I St i L
SEHB AL T BT s B ME S S AE S R E O, &
BIEMEA R T, R, SR EAA &
(19 BF B P AR A L9 P B T TOH = 14 1 e ik 1k
FH A A I B PR AR AS B L A5 2 W] IR T 0.1, R B, A5
PS5 e B M i EAAE R 2R &
J& , FH T T i 18] 5 370 8040 1 il 228 00 9% % 5 .
42 XHEXWIEE
421 XUk

T B G M5 R FR AT 2 HH Y colback-learning 11
BRE, X T 2R S5k, !

1) AccBS. fift FH 5 — (1% 1 4 2 17 455 784 1%k B, 48
SEE DTk Ay AR, HE1T R I 2% ALY colback-learning.

2) BacBS. fif Fl §. — 19 °F 4 #E 5 % (balanced
accuracy, BACC) P-4 5 U 1 R, 45 5 1153 %4l ook,
T J& I 1% A8 1) colback-learning.

3) BaseFL. (i HHIE BT A= 5 2 5l 4
FedAvg'.

4) MQDFL. fdf F§ RRAFL" 45 H ity 45 75 o 1 46
I (MQD) J7 2 2 A BE ML 2 4% SR 1% 1Y FedAvg.

X B, AccBS Fl BacBS #H4 TiH @l 5255, 4 1 i
17—, AT T8 —.
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422 PFMIERR

SEH TR EE A T R A RR A RN B

1) HEAf . i o E 0 TN 45 SR S B R AR
(R AR I 1 RE G A

2) S T SR V- 7 A SR a1 R A D B RE
A ) 50 e S R T AR AL AR K £
BAOBCHE A J2 AN T4 1, 0 2 S RSP A6 1 A R 1T AN
JEUERA R

3) RAGEE. AR B B A 2 R A
TP, R R AR R, B2 BT B PR MR A g e
TR0 Ry A RE A 1) L%

4) F5 5 e o HAYER, BT B B A
A HR R E AR R ) B PEREAS (9 LR

5)AUC. & J& i it 2% > B8 M Be 19 8 2 46 b
ROC Hh 26 /& VL & FH 4 2R (true positive rate, TPR) & 4\
Ak B, LR BH M 2R (false positive rate, FPR) A Ak B
Bl Y 6. AUC J& ROC 4R T A FL. AUC K, &
R 2 43 2SR TR P RE R A, G e T R (R G T B AR
ROC M &R B AN 278, AUC R S . AUC & L IE
B 5 BETC RN 8 E.

6) F1. i 2o 55 R W0 FURS i 2 00 98 AT 44
o iy BB A R BE. O X F1 =(2xRecallx
Precision)/(Recall+Precision).
423 TLRSHIRE

FedAvg H1 (1% B ML 2L 25 35 06 2 f FE Rl 9 2 5 Jr ik
PR, TR Zhad B AR A h, B AL IE
B — 2 B 2 5 07 2 511 4. 76 TOH B0 i B 1
Yiseh, 25 8EN S, L, R X EMLTESS
Ti S 5 20, BIVAH 2 14 Bl AL 3% 5 5 w17 L )
Z R E N 100%. MQDFL H, it K15 5% 5
FIAZ 510 2 BRI AR [ B 2k (22 18 2 5
T TR E AR B, DR E %S 5 5 I AR R A
™S 5B R AR S5 R AT AR B 3R
—0.01. 5256 v, R B 2% ) A G A B 2R B, SR FH Y
batch K /N 1024, A b Il 25 e K AR BN 5, BRI
2 2] & JRy AR BN 10. PERETEAN B, FRATTIA Ay 5k B
()46 A HRAR F 2, DR A5 R 8 3T R AR Score(m)
25 AH G R B L
43 ZWHERSWIESHF
43.1 =5 AT EEEXS

TEFRATHI 2256 v, colback-learning ffi FH 45 B 14 fig
PEA BREL Score(-) XFREAL P REDEAT PR MY, e X 1E 4 T
2575 P, Ps, P,. AccBS i FH 6 5 0 155 50 M B 2E A7
A, &k $: T2 50 P, Py, P, BacBS i il BACC

X RSV REVEAT AN, AT S 505 P 5 P
BaseFL ¥ i 5 2 1577, 11 MQDFL 75 78 7 2t 46 )
JGIRZHERE TS 505 P, Py, Py, P, S SRR G 33
S T AR LR S 57

Table 3 Results Selected by Participants in Five Methods
R3I SHAENSEHEEER

Jrik P, P, P, P, Ps

colback-learning ( 43 ) v
AccBS v
BacBS

BaseFL

NN N N
AN N NN

MQDFL

M 2 i, 2577 PP, 5UE kI A Vital £X
P 5, BOUE R AL IR B A 2 s, P& B9 BHE . BAPEREA L
BI¥R1:9. 250 Py M PRI SR B8 A0 ok A T
TI30s F i 4, Fdi R AR IE A 30 s, FEPHME S5 B L
B4R 1 2 3. 2 575 Py I 25045 % A T TISmin %4
WA, HORBEME] S M 5 min, P BIMEREAS LE G4 22
1028, [ BHPEREAS b ] ™ F 2 A, LR A T B AR J
(R 1 min). K, BRI Py 1 A7 KRS B 97 $ 4 b
A, MR T HALZ 5 07, H A BT i AR 2% . Vital
B B R TI30s B HE £ 2= 55, tn Py, P,, Py, P, B2
1 b T AR 6 A R ik 4R G A T M RE, it P i
A VME JG RTRE 23 B RV AN R By sz . itk sh, Py Al
Py o Bl Py Fl Py AT B Z 0 B0HE . Py 1 B8 I AR
T P KU, Py #E R BB R B, P IRZ s P AR T Py
M Ps i 25

P A3 AT, PERE P, R Py 6 T R v A R A 56 I 4R
FUR A b B PERE R A BEAY. BL AN, P, A0 B 2
P, BAPEREA He B0 T P I, P, AR 2 3] )
B B TR RE R B T I P, B R T A S
507 e /NG, BHE L B R AR B L AE BT 0.1,
I, P, M EE P, A Py X AR B 1 BB 4R T 9 B Rk S KL
RIS UL, Py AR — AN FT R 2 507 % T 50 UE A
KL, A B R T AR X RS AT, %
G E PR 1/ HEAR IR A 1 2 5 07 2 5B
Hog ) g5 LRTR, 3F X2 5 05 Bl Bos BOBE T
WESIHT, Py, Py, POV T HRHR 24 2] J2& B0 A] 52 R EE A My
fE Y. 25 R FE 0, FeATAY colback-learning S 5 7 ik
LU b Bk A B
432 &R PERE LA

L 3 45 A AR B 1R T R, AR SCIIT 3 Y colback-
learning VIl 2k i 4= Ja 5 B (1) P g, 5 & AUC Y PERE
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97.00 87
675 == == B v == ==
96.50F ° g5

s 9625] * ? < 8
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T 9575 83
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(a) AUCHHTE
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Fig.3 AUC & F1 of the global models trained by colback-learning, AccBS, BacBS, BaseFL and MQDFL
3 colback-learning 55 AccBS. BacBS. BaseFL. MQDFL Ik {54 Rt 4UC F F1

Pt F Ho Al X} e 55 3%. colback-learning, AccBS. BacBS
Y 25 i) 4 R R B AUC F F1 45433 & T BaseFL, 4%
iT MQDFL.

FEFE 3 b, J7 Pl B B vh 3 A R B 10 IR S
15 3 A AR ELA AR LAY M RE. AR B, i RIS A3 A
SRR, DA A B R () IR AS — . gl 2%
IS B B R RN RS E /Y. Il U, colback-learning 1|
AT F1 4543 1K 2] 85.8%+0.3%, AccBS Il 2545 11
() F1 4553 35 7] 85.9%+0.3%, BacBS Yl i R i) F1 15
43 ik 3 85.5%+0.9%, MQDFL Il 5 45 8 i) F1 15 43 ik
%] 85.7%+0.7%, BaseFL Il 25 K5 % (4 F1 18 4y 5 5
82.4%+2.1%. 4 Bt F1 45 73 1% &L Al 1, colback-learning
YI 2B AU {4 2 PR 2 MQDFL I 2545 AL A F20E P Y
2.3 fi%, T j BaseFL Il gt AURG 2 ME (1) 7 4%

2233 10 IR SE %, colback-learning Y1l 2k Y 4 Ja) A
BRI AUC F F1 T 3 ¥ 558 H BB A8 5E . AceBS 11 F1
53 B BacBS 1) AUC 8 2 5E , {H AceBS 1) AUC Fil
BacBS Y F1 7 U AN F&5E . BaseFL {9 AUC 1 F1 43 %
#B A Fa s H A Ik, MQDFL i ¥ 8 m B AN R e . 45
REW, FATHY colback-learning 5 Score(+) Al Lk 2% 2]
AF— PR RE R 4F LA E 1Y 4y 8.

ok 25 I 4 Jey A AR (1 HL At MR BB R AR R LEE. B 4 45
H'T colback-learning, AccBS, BacBS, BaseFL, MQDFL
FE 10 YR SZ 56 v 25 A 4 Ja 155 8 1) 45 TP R 4 A 1) 38
AR T ] 4 TRl LUF #, 5 BaseFL Al MQDFL 4H
L, colback-learning 3R 15 Y 4= Ji 45 A4 %) 45 101 4 BE 48 A
I BaseFL #1418 2, Al 235 B Hi 5 2 155 78 o7 5 4
I 5% & MQDFL. 45 5 [7] i 2 W, colback-learning Il 2k
(144 Jry A RS AE 10 Y A2 S0 6 h 2 AR BRE 1. colback-
learning 155 U I 2 e KA M BEHE An (L AL R ) 1Y
W 3 /N 3%, T MQDFL A5 8 i1k 5y d5 K 1) 4 B 48 b
(At I R RS ) 1Y i 3l i 8%.

{8 H1 MQDFL, 7£ 451 2% [ {5 15 & 7 —0.01 ], 5 7Y
o e A ) BT SR Py B R AR A R R A YL B
MQDFL #2575 P, 2 5 G5 2. 4R, P, I %
A B A B M B, AT B IR £ PRI A L X e R
HE— A UESE, AT colback-learning A1 A TE i B B
A AR o i R B E A T O T Y T S S 5T,
FRAGTE N E B 1 20 B EL R e YR
433 @S

I 4 AT LU Y, FHFRATT B i 17 43 pR B 2]
() R A AUC 978 F AceBS Fl BacBS 1% 2 4~ H fifi
] VHE ff 23 ST A4 7 1 0 0 4 SR R R R A T 0 1 T k.
TCUESE T 143 R B30 35 A B 7 40038 b 1) AS - 1 250
B NEE KT, AccBS B8 T P, (HHERR T H A M
[) B0 Jo e (E S 2 505 14 P, [RIFE, BacBS BE#% T Py,
BHERR T Py, BRI Py A5 T 01 22 0 g o a5k (9 500G . X
FOA, AL FH B 1 1 BB B X AR AR R AT 4y, AR X
$0 3 B By By B B i e S S
43.4 &R T f RETE S BT

/& 5 451 7 i SHAP( Shapley additive explanation)
B X LIR TR I 5 7 22 20 15 2 /B R9E 47 43 #r
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Fig. 4 Performance metrics of the global models trained by colback-learning, AccBS, BacBS, BaseFL and MQDFL
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