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Abstract:  Arrhythmia, as a key trigger for sudden cardiac death in cardiovascular diseases, holds significant clinical
importance for improving patient outcomes through its early, precise identification and dynamic classification. However,
due to factors such as individual variability, differences in recording devices, and variations in recording environments, sig-
nificant domain shift issues are prevalent across ECG signals from different patients and databases. Additionally, clinical
ECG data commonly exhibit highly imbalanced class distributions, severely limiting the generalization performance of exist-
ing models across patients and databases. To address these challenges, this paper proposes a lightweight, fast inter-patient

domain adaptation framework for arrhythmia recognition tailored to class-imbalanced ECG signals. First, at the feature lev-
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el, we introduce BLS-FDDA (broad learning system-feature distribution domain adaptation), a domain adaptation method
based on the broad learning system (BLS). By leveraging covariance normalization and distribution reconstruction tech-
niques, it thoroughly analyzes the offset between source and target domain features, successfully aligning their feature spac-
es. By aligning the distributions of the BLS feature expansion matrix, this method avoids reliance on complex models inher-
ent in traditional deep learning frameworks while ensuring effective feature information transfer. Second, at the data level,
this paper further proposes a reversible data domain adaptation method, BLS-DRDA (BLS-data reversible domain adapta-
tion). Integrating error perturbation theory, it derives the data transformation relationship between source and target do-
mains. Based on this theoretical derivation, the method achieves rapid adaptation to new data domains without retraining the
BLS main model, significantly reducing transfer costs. Moreover, BLS-DRDA preserves the discriminative capability of the
original signal during data transformation while effectively preventing information distortion. At the decision layer, address-
ing the severe class imbalance in arrhythmia data, a cost-sensitive decision algorithm is designed. By introducing concepts
of class center distance and sample distribution weights, this algorithm establishes a weighted decision mechanism that ef-
fectively mitigates misclassification issues of minority samples during cross-domain transfer. Finally, multi-patient, multi-
database, and continuous domain transfer experiments conducted on the MIT-BIH and INCART public datasets demon-
strate that the proposed methods achieve recognition performance approaching 100% in metrics such as accuracy, F1_score,
and G_mean, significantly outperforming the original width learning model and various comparative methods. Theoretical
analysis and experimental results demonstrate that the proposed BLS-FDDA and BLS-DRDA methods exhibit superior per-
formance across multi-source data, cross-device, and continuous domain adaptation scenarios. This validates the frame-
work’s effectiveness and practicality in complex clinical ECG applications, particularly in the task of identifying arrhyth-
mias across multiple patient categories. The proposed methods substantially enhance recognition capabilities for minority
classes and demonstrate exceptional robustness under complex domain shifts and class imbalance challenges.
Keywords: arrhythmia detection; domain adaptation; class imbalance; broad learning system
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T R SR RE S IR R AR B TR R

3 5§

3.1 EWEE

S5 45 AL 45 Intel (R) Core (TM) Ultra 9 275HX
(2.70 GHz) .16 GB RAM FI Nvidia GeForce GTX 5080
EIE AR ES o FRATT B3 XS 3R LAY ECG % 5 #4700
A3 EL M A TFECHE PR Y R bR, DN R T 43 31
119 120 A SRAE A1, 3 240 A R AE AR — A
Ao ORE A [ BOHE v A RO i R R AN
(7] P S0 HT 385, 4 3 AN ) ) 50 i3 i Sy )11 2 4 AR
WA ST IEAL
3.2 PFHMERR

R T VEIEAL £ B RN ROR A SCRH T
A5 38 PN A S AR ECREE (TP) (LB (TN |
PR (FP) AR B (FN) L HE 8 B2 (Accuracy, Ace) |
¥ 1 & (Precision Ppv) Rk (Sensitivity, Sen) . Ji
1A HE 1 % (Overall Accuracy, OA) . F1 3B (F1_score)
Il G_mean {8 o H o, OA Fl B K F1 43 %k (Overall
F1_score , OF1 ) & i g AU i) B AR B PE BE

L
>TP,
_ i=1 [
OA = JTECG beats * 1007 (32)
L
zFl_score,
_ =1
OF1 = R (33)
3.3 HUIRE

R B E B E RO, AT Physionet 5540 22 356 i T
PN T8 42 EAT PERETPAS ", 2 B 40 4% MIT-BIH
BOHE PR RN INCART 088 J47 | 1 26 50 i 45 B0 d o K FLA
A7 S RS ), AR AAMI ¥ 2245 o, B
AR 530 IEHOFIN) PR (S) (E R (V)
FIRLA DA (F) PUAS 285207 MIT-BIH 20405 P2 9 31 43
Je 4R 4E (DST) ATl 55 (DS2) , INCART 0¥ FEAE Ry
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Table 1 Data distribution
g EiE ok N S \ F
101,106,108,109,112,114,115,116,118,119,122,124,201,203,205,207,208,209,
DS1(MIT-BIH) 45850 | 944 | 3788 | 414
215,220,223,230
100,103,105,111,113,117,121,123,200,
DS2(MIT-BIH) 44244 |1837| 3220 | 388
202,210,212,213,214,219,221,222,228,231,232,233,234
DS3(INCART) i 150 330(3 17220 005 |1 942

4 ZWERGTE
2B (A)1EE R SLEE 45 R

Sk 3T B A A AR TR Y e R AT
BPE, FRATTLL DS AN DS2 43 BIAE A 38R B bR gtk 1 7
ek . 0 E 3 BT R, BLS-FDDA 1 BLS-DRDA 7E
DS1 A E Ik DS2 K B ARk i 5286 o, R BT B X R
R AR 75 R B RO | A R X6 B i 43 A1 A S A ]
LR TR K4 )RR T DS2 iR . DS1 o H
Frisf 1) S 6 25 5 . 254 3 FIIE 4, JF iR BLS £E DS1—
DS2 4T 45 Hh A7 E 2 TR VE /D B AR IR A2 | T BLS-
FDDA 71 BLS-DRDA i isf %5 41 Xof 5% . 25 ol /b 52 4], 2
FHERG R . e B 2 PR AY DS2—DS1 1T 55+, BLS-
FDDA F1 BLS-DRDA 17 & 5 1 5 3 81, Ju H & BLS-
DRDA 7£ P 2 5 3k 1 55 o SE 3 17 32 35 100% 114 18

4.1

bl

G543 23R 3 M S48 bR T A, R 4G BLS 75 iR
H A IAE AT 55 rh RN A X DR S VR I
2T A b Y K R 78 DS1-DS2 H1, S 2811 Ppv (Y
7.09% F 25 1) Sen 1L 0.52% 5 & 3 H = KBRS bt
T et gy i ™ S AR SR 1 R 2R BN i B R
1 Jey R 1 o

LW BLS-FDDA 5 BLS-DRDA , P % 75 %% 2 BY 140
F R FEFR X NLCSOVLUF P ZE 1 Ace. Ppy. Sen .
F1_score JL-F ¥4 3 31 585 3k 3] 100% , JCi& DS1—DS2 it
2 DS2—DS1 Y BAE RS J5 1], ¥ 0 30 X 45 28 1 i A0
SRBIRE ) o BRI O T BRI S A
FEF 2N B ANAE V 25 E A R PG T A =2,
XA A E R VRODBIE SR 24D RS
EH U Bk B AR AL BT B
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(a) BLS experimental results

F

v

Predicted Labels
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(b) BLS-FDDA experimental results

F

N

S \%
Predicted Labels

(c) BLS-DRDA 35025 %
(c) BLS-DRDA experimental results

F

3 DS1-DS2(LADSI A EHELDS2 Ay H Al )5 56 45 51
Figure 3 DS1—DS2 (With DSI as the source domain and DS2 as the target domain) experimental results

3R By R AR S bR, = B9 OAL OF1,
G_mean 0 #4EUT 100% . S50 45 W 2 BH , BLS-FDDA
T8 3 ERAE 2 6 5 BLS-DRDA 38 33 548 &AL S5 48 0y
TR | 34 BE 7 AU P R ) R A0F 22 S5 -5 200 AN - Al
[, 7 £ (RIS A 55 Th S8l T MR Y R IRER T, L
"1 BLS-DRDA 7£ SRS bR St RN N2

F AR T AR I kS = MR 2 1730
FXF . BT UAE M TR G WGE B, BT

BLS 1y 7 35 H A& 0 75 iz S . 36 F BLS i 11 2k
HR R T RO AR AR KR T IR
[ I5F, #H % T BLS, BLS-FDDA #2 55 1 6 % , {H 1 45
Bsf [ 3% i1 ; BLS-DRDA 7 8 5 38 153 1 4 2 0% [ B, 3]
25 ) 1] 43 3K T BLS-FDDA , 26 30 HY B 47 il PE i 5 4%
T, MR, BLS-FDDA il BLS-DRDA B 14 B4
T BLS By P iz SRR YE SR MER R ST S,
HH BLS-DRDA W25 & R g .
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100 100 100
N 929 6765 128 N 0 0 47 0
(2.03%) (14.75%) (0.28%) 80 (0.00%)  (0.10%)  (0.00%) 0 (0.00%)  (0.10%)  (0.00%) 80
‘s 160 210 4 Lgl 0 0 0 . 0 0 0
P (1695%) (22.25%) (042%) |[ {60 2 2 5[ (0.00%) (0.00%)  (0.00%) | (160 = 2 5[ (0.00%) (0.00%)  (0.00%) || 160 =
3 g 3 g 3 g
] 417 64 45 a0 = g 0 0 0 5 z 2
EVIAL01%)  (1.69%) - (1.19%) SVT 0.00%)  (0.00%) (0.00%) 0o = (o.o%%) (0,0(())%) (o.o%%) 0=
F 2 167 1 20 F 0 0 20 0 20
(0.48%) | (40.34%) (0.24%) (0.00%)  (0.00%)  (0.00%) (0.00%)  (0.00%)  (0.00%)
N s v F 0 N s F 0 N s v F 0
Predicted Labels Predicted Labels Predicted Labels
(a) BLSSZHEER (b) BLS-FDDA SZH345 5 (c) BLS-DRDA 50455
(a) BLS experimental results (b) BLS-FDDA experimental results (c) BLS-DRDA experimental results
B4 DS2—-DSI1(LADS2 A IRER,DS1 H H AR 4045
Figure 4 DS2—D1 (With DS2 as the source domain and DS1 as the target domain) experimental results
F2 BLSEHEMRA EERE BIEIERM KW EAEMRIER WL %
Table 2 Detailed metrics for BLS and the proposed method in inter—patient domain adaptation experiments unit:%
. . DS1—DS2 DS2—DS1
Tk Ei=1 7
N S Vv F N S A% F
Ace 86.99 94.50 94.00 97.66 82.25 96.51 84.96 98.84
BLS Ppv 94.04 7.09 52.38 0.26 96.86 13.85 31.35 0.56
Sen 91.16 4.03 80.96 0.52 82.94 16.95 86.11 0.24
F1_score 92.58 5.14 63.61 0.34 89.36 15.25 45.97 0.34
Ace 99.95 100 99.96 100 99.91 100 99.91 100
Ppv 100 100 99.32 99.74 100 100 98.83 100
BLS-FDDA
Sen 99.95 100 100 100 99.90 100 100 100
F1_score 99.97 100 99.66 99.87 99.95 100 99.41 100
Ace 99.97 100 99.97 100 99.91 100 99.91 100
Ppv 100 100 99.54 99.74 100 100 98.77 100
BLS-DRDA
Sen 99.96 100 100 100 99.90 100 100 100
F1_score 99.98 100 99.77 99.87 99.95 100 99.38 100
3 BLS SRR AT SH BIEE ML FHY BEER A%
Table 3 Overall metrics of BLS and the proposed method in inter—patient domain adaptation experiments unit:%
. BLS BLS-FDDA BLS-DRDA
AR
0OA OF1 G_mean OA OF1 G_mean 0OA OF1 G_mean
DS1—DS2 86.57 40.42 11.13 99.95 99.88 99.99 99.97 99.91 99.99
DS2—DS1 81.28 37.73 13.08 99.91 99.84 99.98 99.91 99.83 99.97
x4 BITHEIL
Table 4  Comparison of computational efficiency
Tk pIGEES OA/% ERGROE P /s
IDCNN-MMD DS1—DS2 92.35 1002 0.89
PCA-MMD-SVM DS1—DS2 89.61 2547 0.55
BLS DS1—DS2 86.57 0.76 0.47
BLS-FDDA DS1—DS2 99.95 3.83 0.64
BLS-DRDA DS1—DS2 99.97 1.35 1.04
4.2 BEREHEMNLEER FI DS1—DS3 il DS2—DS3 P i 5 A 41 7 A5 X FF J s

R T 2 4R Bk B S0 N e T, FRATTR

— Sy | B LL MIT-BIH B8 2 A A% 850 05 48 b 95 46,
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INCART £ 4 4 Hh () i 4 R B bRk .

K5 5K 6 &/~ T DS1—DS3 5 DS2—DS3 I Fh %
B PR S TR VB JE B o JRLUR BLS £F 5 5UUE AT R
rh 57 3 B I Sl g B 5 e, G HEXE S OV F A DB
m IR B B 1 55 . AH Ik Z R, BLS-FDDA Fl BLS-
DRDA (1) iR 51 4 8 4= i 42 F+ . 7E DS1—DS3 S50

BLS-DRDA 1% % i £z 5 PRAE ; 76 5 HL 3k &% P %) DS2—
DS3 3 5 o, BLS-DRDA Xt V | F 25 /N A 28 5 A7 4 15
100% 19 1E B % , T BLS-FDDA 75 DS2 4 [ £ 45 2% 1
00T HEREA I T . BARZE KB, BLS-FDDA 5
BLS-DRDA fig A3 20 44 T+ 5 55040 122 i 33 17 i 7, BLS-
DRDA FEFRRIE 22 5 K o3 A AT (91 00 IR

100 100 100
N 10381 26505 19963 0 2 0 N 0 5 0
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=g 77 395 44 - . 0 0 0 .5 0 0 0
2 (243%)  (12.45%)  (1.39%) 60 ¢ 2 7] (0.00%) (0.00%)  (0.00%) 60 3 2 7| (0.00%) (0.00%)  (0.00%) 60 F
E g 3 5 g
] 3 B} =4 > g
Eyt 1726 3978 6966 1335 40 = 2 2 0 0 40 = g v 0 0 0 40 2
(38.62%) (19.89%) (34.82%)  (6.67%) (0.01%)  (0.00%) (0.00%) (0.00%)  (0.00%) (0.00%)
20
. 89 78 67 0 0 20 0 0 0 20
(4.58%)  (4.02%)  (3.45%) (0.00%)  (0.00%)  (0.00%) F (0.00%)  (0.00%)  (0.00%)
0 0 0
N S v F N S \ F N S v F
Predicted Labels Predicted Labels Predicted Labels
(a) BLSSEEGZEE (b) BLS-FDDA S234% (c) BLS-DRDA 528645 4t
(a) BLS experimental results (b) BLS-FDDA experimental results (c) BLS-DRDA experimental results
5 DS1—DS3(LADSI Jyilissl, DS3 2y HARKR)SE 50 4551
Figure 5 DS1—DS3 (With DSI as the source domain and DS3 as the target domain) experimental results
100 100 100
N 31783 4862 7623 796 1211 0 0 5 0
(21.14%) (3.23%)  (5.07%) % (0.53%)  (0.81%)  (0.00%) 50 (0.00%)  (0.00%)  (0.00%) %0
v g 19 21 11 ” 0 0 0 = 0 0 -
2 0.60%)  (0.66%)  (0.35%) 60 3 2 7] (0.00%) 0.00%)  (0.00%) 60 = 2 7| (0.00%) (0.00%)  (0.00%) 60
3 g 3 8 3 &
3 g P g 3 g
Ev 3758 4848 1199 40 = £ 154 1 0 40 2 £ 0 0 0 40 2
(18.79%) (24.23%)  (5.99%) (0.77%)  (0.00%) (0.00%) (0.00%)  (0.00%) (0.00%)
20 20
Flo784 36 20 20 0 0 0 0 0 0
(40.37%) (1.85%)  (1.03%) (0.00%)  (0.00%)  (0.00%) (0.00%)  (0.00%)  (0.00%)
0 0 . 0
N S v F N S v F N S \% F

Predicted Labels
(a) BLSSHREEA

(a) BLS experimental results

Predicted Labels
(b) BLS-FDDA 525645
(b) BLS-FDDA experimental results

Predicted Labels
(¢c) BLS-DRDA 55645
(c) BLS-DRDA experimental results

6 DS2—DS3(Lh DS2 i, DS3 Sy B bR 5210 4%
Figure 6 DS2—D3 (With DS2 as the source domain and DS3 as the target domain) experimental results

ZEATES B 6 KR 5 3R 6 ML u 4 S mT LA A
PR AT AT 55 (A Pk R 3 v T R R T
T 125 500 P RE A TR Bl 0 3 s v, I s BLS (] B 1T I
AR AL 5 20 A 1 R P, S EOL R RR A AR B
FRM . IWNRSBHEAMENIEIR R LB RIS
V. F 2D EEE B Ppy . Sen K F1_score P4 F A~
T BT LA K 5 111 3% 6 By S AP R 48 bn F —
B0 UE T R B B AR R I A AT 55 R, R R
BLS /i) OA 1 H 57.73% F1 63.24% , OF 1 {{ N 25.08% £
27.86% , G_mean B A% & 1.16% F1 0.57% , X 7t 41 7
5 1A B 368 N b T IS BCRE AN 2 o

5 Z I8 A B L A R, AR SCHE ) BLS-FDDA
3t 5 AFREZ X FFHLE] A ROR G T A A 1] Y
FROE 0 A 22 57, W BT T H0E e . 3R 5 Ay TRgN

K W46 4% B 7~ , BLS-FDDA % N .S V. F DU H AR 1
Acc . Ppv.Sen & F1_score JL-F- Y3 355 100%; 3% 6
AT B [RIRE ERIE T A 5 PR IAE: 55 1 O A 433k
1 99.99% F198.77% , OF1 435l °A 99.98% #196.20% , 1¢
G IR RS 5 28 IRV [n) A sk L
FEPE J 23 Y 2 BLS-DRDA #5825 5 v 401,
T AE DS1-DS3 ik 42 DS2—DS3 I B AT 45, % 45
AT A 225089 Ace Ppv & F1_score Y135 %) 100% , U AF
DS2—DS3 4T 55 1 V2 Ppv 4 99.98% . % 6 ) Bk
PEREFE bR it — D32 10 1 Hni R PR RE , 70 e L T %
2525 H bR B9 ORS HE U RE 7 5 0 R A BRBE R
BLS-FDDA 7£ DS2—DS3 T 55 H i R R 8 DS1—DS3 1F:
547 BT N R, X & BT DS AYEHE 43 1 5 DS3 4%
i, 117 BLS-FDDA 7 F¢iF J2 1 32F 47 5068 X 5% 1), gE %
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Table 5 Detailed metrics for BLS and the proposed method in cross—database domain adaptation experiments unit:%
. B DS1—DS3 DS2—DS3
Jiik EELAN
N S \ F N S \ F

Ace 60.71 90.00 77.19 86.77 66.73 77.32 88.56 93.87

BLS Ppv 88.55 0.53 20.52 0.31 88.26 0.05 49.64 0.23

" Sen 62.18 2.43 34.82 3.45 70.55 0.60 24.23 1.03
F1_score 73.06 0.87 25.82 0.57 78.42 0.10 32.57 0.37

Ace 99.99 100 99.99 100 98.77 99.55 99.22 100

Ppv 100 100 99.89 100 99.90 79.92 94.25 100

BLS-FDDA

Sen 99.99 100 99.99 100 98.66 100 99.23 100

F1_score 99.99 100 99.94 100 99.28 88.84 96.67 100

Ace 100 100 100 100 100 100 100 100

Ppv 100 100 99.99 100 100 100 99.98 100

BLS-DRDA

Sen 100 100 100 100 100 100 100 100

F1_score 100 100 100 100 100 100 99.99 100

B 5 R PR S H bR IR B R IE 25 S o 2 R
5 H bR 734 22 TR, B A X 55280 R AR X 3

55, FEAE DS2—DS3 (L 55 P BE T I, X AE S 2L
LML SFH I,

%®6 BLS SRR AR EIEESIEN LN I BFIER WAL %
Table 6  Overall metrics for BLS and the proposed method in cross—database domain adaptation experiments unit:%
BLS BLS-FDDA BLS-DRDA
eI S
OA OF1 G_mean OA OF1 G_mean OA OF1 G_mean

DS1—DS3 57.73 25.08 1.16 99.99 99.98 99.99 100 100 100

DS2—DS3 63.24 27.86 0.57 98.77 96.20 99.47 100 100 100
4.3 EEHENILIEER e, H N2 (S FIEM % IR AR 2 LR35 78 99.95% LA

WH S, RIS N 25 B B R A TR
AR TR AT AR A YR L A 20 B0 0 0 11 5T B e
55, 8 2 PR BB Ak I RS . A T IR i 4 vk A
T S A VAT 45 P RSB, AR SCR s T 22 B BEER R
WGE R e, e — B BORE T — B BOE B S I RRAEAE
T BRI, 5 BRI R 45 SRR T AT <

FATLL DS AL, DS2 K55 — H bril, DS3 A4
= H bR SR AT SR GE NS . BT R T AR S
08 PR by R A S S AT S T R R . TR VE
FE R ] AR SOk, 5% G868 N T R Z B B
LR 5y B 2 BITRTE ) B i AR ) AN [
JITARE 7 R T Ay R R, XTI T S
P S AT, T 7 96 A SR T 7 2 kAT B R A
fiE IR TLRURSS -

37 53 8 43 NI AN 4346 AR ALE AR TE bR )2 1
P 7RG SO . R TSI 48 FR 7R, BLS-DRDA
TE VU 2515 5 1Y Ace . Ppv.Sen . F1_score P4 3 #% .0 1 F5
TR F] 100% , Toit 20t 2 /0 WGE RS fR ARG 45 2
SE 5 B ARG BE L PP T AE | U I ZE A TR
O3 B AR BT AT 2 0 BLS-FDDA 2 77 75 19 &2 4%

b, 5 R IE 1 (DS1—DS3) 45 5 LF—3, Rk b
PO R T .

8 M MR PERRHR bR iE — 2P Bk T VR R
4 : BLS-FDDA i) OA . OF1 . G_mean 43 7 i% £ 99.98% .
99.98% . 99.99%, BLS-DRDA M| 52 Bl = I 4§ 45 4>
100% o X b BLyR 8038 AT 45 b 6 b ik i R B, &
S A N ) AR BB R LB BT A 0, i R 22 By
Bl e i — P WA BRI A0, 35 Fe bR s AT $E T .

X — 45 5 58 43 Ui W, A SC P 42 1) BLS-FDDA Fil
BLS-DRDA J7 1 AN e #% fiff T B0 i B 3l 43 A 22 57 [+
AL, TR A X REAE A A TR R AR v ) B B AR
FE AL, A3 20Okt 3% 252 33 A% vh i DL R < ) 5] 1 B
597 5 “PERg R AL ), B ALAE 22 B B B T AR
o, BE WS 2 W R H AR B0 4 A 15 L TR E £ BE U
35 T B AR A RO BN, B S i RS
ZALRE T, BRI R T 2 bt 2 g 1Y B IS
Jof SR AL T FE ST P
4.4 HRRSKIE

R T B UE TR Tk v A A R A ) TR, FRATT
%F Xt BLS-FDDA . BLS-DRDA #1 CSDA 7E DS1—DS2 1%
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Table 7 Detailed metrics for the BLS and proposed method in

continuous domain adaptation experiments unit:%

% ST (0.00%) (0.00%)  (0.00%) | [{60 &

E g Bl | 2% BLS-FDDA BLS-DRDA

2 5 0 0 S .

=V 0.02%)  (0.00%) (0.00%) 40 £ || Ace | Ppv | Sen |Fl_score| Acc | Ppv |Sen |F1_score

99.98 | 100 [99.98| 99.99 |100| 100 |100| 100

DS1—
100 | 100 100 100 | 100 | 100 |100| 100

DS2—
DS3

N
S
V 199.98| 99.88 199.98| 99.93 |10099.99|100| 99.99
F | 100 | 100 | 100 100 | 100 | 100 |100| 100

#8 BLSS5FRAEEELSIBIEN LI FHBEER
BN %

Table 8  Overall metrics for the BLS and proposed method in continuous

N 0 3 0 domain adaptation experiments unit:%
©0.00%)  (000%)  (0.00%) |
. BLS-FDDA BLS-DRDA

Ll O 0 0 ik - -
2 7| (0.00%) 0.00%)  (0.00%) 60 & OA OF1 | G_mean | OA | OF1 | G_mean
fé 1 , - , e DS1—DS2—DS3 | 99.98 | 99.98 | 99.99 | 100 | 100 | 100
Ev 40 =

0.00%)  (0.00%) (0.00%) o . _

I TR R LS, SR A R AR 9 PR .

o

0 0 0 20
(0.00%)  (0.00%)  (0.00%)
0

N S \Y% F
Predicted Labels

(b) BLS-DRDA 55545 1
(b) BLS-DRDA experimental results

€7 DS1—DS2—DS3(LA DS1 ¥l DS2 55— H FRisk,DS3 5 —
ERZEERIErE
Figure 7 DS1—DS2—DS3 (DS1 as the source domain, DS2 as the first tar-

get domain, DS3 as the second target domain) experimental results

S S5 F I, CSDA X BCHE A -4 1) F 5L A
F R IESCR , HoAE R BLS B |, W R dsl o 87 7
7 (BLS-FDDA F11 BLS-DRDA ) 33 {&% Bf CSDA 228 T it
EMHERESE T . HARORE 9 T A9 EE : BLS-DRDA
without CSDA ZH A5 P A~ 48 b 015, o O R A 2
2T A GE 1 B 2 TH R T XS AR T D R R Y
A A5 S OB R X D B 58 4 e R
E A AR M Aff 48 A o] LB B, 5508k X 5 O T As B
EAETE TR B AR R AR BE

R9 HRELIOE RAIEMIER Wl %
Table 9 Detailed metrics of the melting experiment results unit:%
Jrik: 0A OF1 G_mean

BLS without CSDA 86.57 40.42 11.13
BLS with CSDA 97.26 92.18 99.09
BLS-FDDA without CSDA 92.62 67.31 42.44
BLS-FDDA with CSDA 99.95 99.88 99.99
BLS-DRDA without CSDA 91.53 NaN NaN
BLS-DRDA with CSDA 99.97 99.91 99.99

4.5 IFEboHT

Sy B P 4 R AR AT O FRATTA L T AR OR
HAERNER Z MO0 207k T RGN I,
LR MAE 10 FroR . BURE , LB FEAEA R
O b R 22 S W1 ., JE R AE I X S AN
i A R 25 S 0T T A AFAE AN R o

AR BT 58 07 25 A0 0 P23 26 v B AT S, {HL
TEE M 288 1) AN - A B S I A 2 B R SRR AT PR A5 Bk
fif . Mondéjar-Guerra 25 N 2" [ Z2 5 1F 45 B SVM J7 32

PEE T IEH DA AR EE 7, AHXE S 28 F 25
ROR B L% N A 4 CNN B k38 T S
FEMV IR U H S 20 B A B 224751 5 Shi 4F
N BER AN AL XGBoost )5 ¥ 3 T4 T IE % O AV 26
4 T 2R HF 2 AR AT A B 5 Zhai 55 0P 2
B CNN B A 30 19 RI6 M (EAE P2 R BN BLAE
He %5 N2 ) 22 9 3850 (3 I FE R 42 85 1 S A ol o
E %) T fil A 255 A B2 2 5 Liu 28 N 45 4 SE-ResNet
L SR AE B A 9 A e B0, {H S 26 5 F 2R 045
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Table 10  Comparison of inter—patient domain adaptation methods on the MIT-BIH dataset unit:%
Jrik: : v £ OA | OF1 | G_mean
Ppv Sen Ppv Sen Ppv Sen Ppv Sen
SCHR21] 98.20 95.94 49.75 78.10 93.79 94.75 23.65 12.37 94.47 | 67.09 | 54.55
Hik[22] 98.90 91.80 35.40 89.00 90.10 95.10 20.30 32.20 91.45 | 65.87 | 70.75
k23] 99.45 91.90 44.86 91.67 88.09 95.12 12.16 61.60 91.87 | 67.89 | 83.82
SCHik[24] 99.02 96.38 59.05 93.79 91.02 87.52 19.84 31.19 95.20 | 70.91 70.48
SCHR[25] 99.35 98.00 56.98 88.65 91.38 87.18 37.28 47.56 96.76 | 74.77 | 77.47
CHR[26] 98.92 97.70 64.58 85.64 91.46 91.46 75.60 65.46 96.60 | 83.39 | 84.12
SCHik[18] 97.05 98.38 67.35 75.72 95.51 81.99 30.00 0.77 95.72 | 64.68 | 26.21
BLS-FDDA 100 99.95 100 100 99.32 100 99.74 100 99.95 | 99.88 | 99.99
BLS-DRDA 100 99.96 100 100 99.54 100 99.74 100 99.97 | 99.91 | 99.99
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