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Abstract

In the early screening of cardiovascular diseases, the effective detection of high-risk segments
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within electrocardiogram (ECG) signals plays a crucial role in preventing sudden cardiac arrest in
patients. Against this backdrop, we conduct our study using the PhysioNet ECG Fragment Database
with High-Risk Labels (v1.0.0), a dataset comprising short ECG segments annotated with high-risk
labels. We propose an ECG high-risk classification algorithm that integrates random forest-based
feature selection with Transformer classifier, and simultaneously introduce a novel cross-entropy
loss function termed ECGLoss. This loss function consists of two components: focal loss and a confi-
dence penalty. The focal loss component amplifies the gradient impact of difficult-to-classify sam-
ples through weight scaling, while the confidence penalty imposes an additional constraint on cor-
rectly classified samples with low confidence, thereby compelling the network to focus more on
borderline sample classification. The model performance is evaluated using five-fold stratified
cross-validation, with ECGLoss and the standard cross-entropy loss compared in terms of both clas-
sification accuracy and convergence speed. Experimental results demonstrate that the proposed
ECGLoss achieves higher classification accuracy than the conventional cross-entropy loss, indicat-
ing that this loss function is effective for high-risk classification of ECG signals.
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1.1. fAIRERE5EN

O ML A2 S 35 N IR AE g R )8 L « 22 R0 , 72 At S BBl AR 2 — AN P2 B B A 3% T AR [l
RN T R m . Pt AR DA HSURIE, B4A KL 1790 AT QMR Gt A
1) 32%. Tfi-0r L&l (Electrocardiogram, ECG) [1]5& H T Wil Co I HoAE SRS B 1) 7535, R A O L 450 500
MEZETH.

PR R 215 B R R, KE BECG Bl 1= A= th2h N T F iy KA K gt o A& e i) s AR 3RS 2 75
PR SE R M) 2250 A S PR ENREEAT 5L, 532 BRI R g2 i I BFER K. BRIk A o LA B
(TR ECG A5 T #E47 40 8 SR A B T3 7 TARRCE, b im Nl 28 H .

PhysioNet [2] 5t (15 A i KU AR 1 0o HEL B B 22 (ECG Fragment Database with High-Risk La-
bels, v1.0.0)72& &7 H 3 i KU Lo HL RS DAY (1) R G S A £ o TR A A0 th v JXURS: o v P81 BT A
JRELRIGIE R, ARG IR R B

1.2. EAIMRZIIR

FOEES A, OGS AZSS, BRI TAE E ZR R IE I 3R DA S 5 2588
IR T TAE[3]e TEAFAEESRE b, ARSI iE A I [AECRAE (B a0 R-R [AIFE, QRS %8 EE55). MR IRE
(191 1 )y 22 3 28 58 ) LA R IR BTUCRRAE () G /N B AR 4 3R 8058, T A SR 3 TR FE 25 2] I VA [4 149 Bl kb 2
IV . TR BB b, ARG R ENLSVM). BENLARMREE 5 1% i T3 B 4 i m] iRt AT SR ol
2 M T ECG 35, — 4B MA M4 (1D-CNN) [5]. KA IHCIZMZ(LSTM) LA & Transformer %5
IRIE 5 17 VR0 B T B A5 5 408 7], R RAF8UR .
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MAGR R ECR T, 185 8 AR HE RS SRR 43 28 A R 450K BR A, 760 L T 0 R S5 R 4 G 1) 1
H T A7 75 SR AS T L S 30 SR AR A DA DX 4055 o R 5 SO BORANME T AR A48 2 (Focal Loss)il it 5] A—
AN TR SR 930/ 25 5 ke TE ) 2 AR A P9 5 06 T 58 SR TS 6 AN 5 A LB 20 SRR AR, L H R 9 452
gh 0 HUE H B R ST B R BR B T
1.3. AXFEETE

EESE B AT TG, A ST B TR -

(1) $H—FhFI H BEALARAR AT RRAE 2 5 LA 2 T Transformer 323 ECG & USRS I 11 77 7% 5

(2) 42— 22 SRR 2 BR B ECGLoss, A0 2 £8 A0 e 8043 LA K, B35 B 18 S5 8045

(3) 7E Physionet ECG A AR 2 200 45 kAT M A S 08, 76 4 2R Al 2R S e SI0 5 7y T xf L
ECGLoss 5 HAth & F 451 2% s B0 20R -
2. EHXEBIRERARER
2.1. BIEENR

AR B B PhysioNet T A m KUK FR 25 -0 HELIE v BOEHE (ECG  Fragment Database
with High-Risk Labels, v1.0.0). MEAREILA 537 B HES, HAmREFEAR 337 N(d 62.8%), 1k
KR REAA 200 N(H 37.2%), FEAMREARE 21 NEUEBUSAE LK — D bk, W 1,

Table 1. Dataset class distribution statistics

= 1. BREEHN AR

e FEAR K i b
e R 337 62.8%
IR 200 37.2%

ait 537 100%

2.2. BEHLARMRFHEE

BEHL AR (Random Forest, RF) & Bagging AT ¥ TH ) —FhEE T 7%, BEESLVFZ AR, A5
A R R R R 2 B — ME R KRR . BENLARAR 0] DLZS AN RRAE 1 B 22V 5
(Gini Importance), X7 EUEMRHERFAEXT TP ST AR 20 B 20007 RN g 1. FRATHIX AN 7341
W JERHE AT HE P 1R 5, S HUHE A B i 1) K NMRFIEAE N Transformer 73 2828 HIHIN , AT I80/0 4 B DL K3
BRIUAR .

2.3. Transformer &5

Transformer /& Vaswani %8 A$2H 18], H FZ AR HEZ M9, EL RN TIIMERT,

FIH ZANAS [F B AT 5 2 56 PR e AT o A e il O B K FME V e AT TR A R R 1

Attention(Q,K, V') = softmax {Q—KT]V )

N

N T HERAF B T2 A{E 2, Transformer 8 72 KiERMH, # 0. Ko V il E b MAFE
K72 W AT U RS AT B . RIS LR, B R AR MRS, BIA 2 kAR TR
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KBTI T, BT RS R ER I HAEH 72 A1k
z" = LayerNorm(Z(H) + MultiHead(Z(H) AR Ao )) 2
AR SCR L K AERFAE AT 2R PR B 4E B 4E 387K, 15\ Transformer ZriD 285 IR Z 0GB, @
I A A B 25 SR AT T AN 53 2R AR S8 L RAE 55101
2.4. KRB EA
AT SUIEAT R DL 2y R R bR, AE 2RI, R4S BRI A0 T IR S T i e 4
WU AZ S5 2R AT LR IR
Lo = _log(pt) 3)

FE R0 R (Focal Loss)/& 751 38 158 SO HEAtk_E38In— MR 7, 3968 5 0 REEARIE M, 1ER
25 51 2 M QTR ME LIX 0 R A

Ly, =—a(1-p,Y log(p,) 4)
Hep, o RERIFHEIHT, y REMNSH. =01, Focal Loss 28R il 152 SR 24 o
3. BRI BIR R R BRI
3.1. BRI AR KRB RR1E S H

PR A SCR A0 2R B FH 0 B AE 5t U 29 AR AE A0 o) /e (1) SEAAS P AT —— IR RE AR (200 4,
17 37.2%) /N T = RS FE AR (337 A, i 62.8%), MbRHEAS ORI R RIAE B 2L, [N 75 5 1 A 2
bt 2525, W TRARTFERIEX 75 (2) MEAFEARFIEN R —— R HELEF R SR T T
0.5 BT LLSE 2K, WA BB EAR; (3) BFREARE LUX 40— KU A XU 2 18] — ANt
WY, FEIXASHAT IR EAE O FFAS BRAR b DG 211X 48 8 B AR AR .

3.2. ECGLoss %k R Bug&it

TR, FR R, FeATHEH T ECGLoss, FHAE S35 2 10 A A% B 2 i 18 5] T F4 il :

LECG :a(l_pt)y (_1ngt)+ﬂ’max(r_pt’0)2 (5)

ETUREE BRI, AT (- p, ) RGN EE, XT p 815 1 555 F Mk
A KR E AR AT R TTmk, TxT p, /T 1 XML 2R RE AR B JER A BE B, AT Aof 4 4% v
A REA 2] . 55 0 BAS FEAE T, 7E BRI I MERAR T — & A ¢ B 277 4 IR AE T
ﬂ@—gf,ﬁﬁﬁﬂ%@“%ﬁﬁ%”ﬁﬁ%ﬁ%ﬁ%ﬁ;ﬁ%gzrwﬁm%%oﬁﬁm%m&,%
R R TR A () 3 5 AN 1) A, B P A ) A A P L P ) A
3.3. BEEOT

ECGLoss B 4 MEZSE, NS EMER VAR E R E LK 2.
4. TWWHEFZE
4.1. BURTLIE S4HETHIZ

SIS A3 A5 PR B0 die SR AT TIAL L -
X T MRHEHRSEAT T Z-score H—AL, MEAFENIRMBME T 0, TTEN 1.
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Table 2. ECGLoss hyperparameter description
7 2. ECGLoss #85 % 1tHH

Y e B
RS e 1 5 i R Yk, BE 2
R SR a PAFIEREARE, HUE 0.25
BIEERE T MHERIRERE, BUHE 0.70
faSiir e A BEEENTNE, BE0.10
¥ =2"H ©)

KH 5 Y173 J2 A IR ALK 73 Bl 4R ORAIE B — 47 P9 5% 2800 LU 1) 5 B AR B AR [F] s 2 T A R AT
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Figure 1. Random forest feature importance ranking (Top 20)
& 1. B AR EEZ M HEF(Top-20)

L BIBRKEFR R MG SEENRATEE “&” o WS SRR REBOC, 5B X
AN BN A B2 M2 T RN AT My, T HO AR R . B, RSN A 20, KB TR
RN KRR R, ILEOR K AN, i Ve RS & 28— & & TR B .

2. BEAPS R TR — M5 5 2 A BENLYE 4R, fEIEH 500 AR R — B R —E 1
SR, TTESPIRZS T (i 13 0 B 3000 558 G FEL 8 T RE X i DR B SR (e [ ) B I T AL e =, B
AIR AT ARSI X FE 22 5 R AR LE T B T 55, FEASR T R 0 7 SR AR SN AE s -

3. AR S REAE — R R H R RALE 5 A&, HRHE AR e RRNEE T1E
ARV TR N (9 AR . IEHB DL, &AM X (] A AR A R A R E R TR T, RO P
EANET I RS, B I AU 5 A s i 5 o BRGS0 T i L gz e D PR L R B B R LR, S bR
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4. STFT M 7 25 R R 12 i B As 5 A B AR A A o o A AT 7R A 6 B R R (9 e 2 PAT R
AT BRI SR A, SR B B IR A e AR, R TER 2R B, TE STFT iR
JE 7 ZERRET T B P AT AR P AR R, T RE AR R T RIAT 55 AR Ak Bl e S BT

5. WRECASHE R NG S “CPIBRE” o BRSBTS IR K, ERKEE L2
K B2 JE N VRIS . Z AR bR — MR R B M A e a R R BUR— R R L E M & e
SZRINE], W0TEREAR B R — LB E R O T 2 B AR v 2 L B . X AN SEOT DR
7P IS LG RV S R R R IS TR DL R ) — BOME SR T RIS ., 45 ekl T AR f7 b X6t 4% R AR 7] 1
LN ELIX 53 o
4.2. EREMEIINGRE

AR SC T f# F ) Transformer 73 2R #8845 H4 W52 3, RS HOE L 4, BEALHOGRE H 1) 20 4ERFE ) &Ll
AR B =32 4, VENVET 1 tokens TEVIZRIFEH A N TRINIAE Ty 0 Ak 22N 0.01 1)
R A B 1R, AR JE LR SR AE 4 — 2 Transformer 4 fil 8327 1R R VS B 2 5 B — Nk
JERAT 453

Table 3. Transformer classifier structure
3% 3. Transformer 472854544

= SRR . B
Input Noise o =0.01 U ER PSRN T ]
Linear Embedding 2032 FHIE M E AR token
d,oq0 =32 , nhead =2, dropout = 0.5, Z3LHER S +FAN + BRziEs: +
Transformer Encoder x1
norm_first = True EE—1k
Mean Pooling — 51 A FE BT £
Classifier 3252 A E A logits

Table 4. Model training hyperparameter settings
F 4. RENIZEBSHRE

S BEA i 1)
R Adam —
SRS 5x107™ —
RN 16 —
P NI[ES 80 —
RS O 10 IZRATR TESE 10 $0 A 250 )45 10
o 32 TR s e o P
nhead 2 ESSEN-WIDS |
num_layers 1 Transformer i3 7% 241
dropout 0.5 Dropout L4
N c=0.01 AN A4 2%
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N T RS ECGLoss A& 754 20, TEICHEA B EA T Bl SE I8 e ECGLoss 1842 % 4158 X 2k
(CrossEntropyLoss). Bk [ ik BRECAIR 2 4b, HARFTA KR, Gl B35, LA+

DA R B BRI 0y 45 . PRAS AR IR

(1) #EHIZE Accuracy Fl Fl1;

He/H

(2) WACSIiE 2 B R 28 A5 dp U AR DIk 2 2R

B i B AR AL
Accuracy = TP+ 1N (N
TP+TN +FP+FN
Fl— 2- Prc?c.ision -Recall ®)
Precision + Recall
5. EWERE R
5.1. FINBERIEL
AR B R R

#5251 7 ECGLoss FIFRHEAZ SR AL

Table 5. Comparison of classification performance in ablation experiments

5. JHRRSCIL o M RERTEE

EAPNEARA Accuracy Precision Recall F1
CrossEntropyLoss 97.22% 96.51% 97.79% 97.06%
ECGLoss 98.15% 98.01% 98.01% 98.01%

M 5 AT LLE H, ECGLoss MIRUERIFE N 98.15%, EUARHESS U2 97.22%F %5 0.93 N 2 1
F1 85352 98.01%, 2% 0.95 NE 7 Ao 1 H ECGLoss ¥5ii 2 DL Jz 7 B 2 H = T AR dE s R 2< . 18

ECGLoss A s R F B A5 FE 18

K170 FARFRIT EL

100 -

99 -

98.15

97.22

| II

Accuracy

"o H:(%)

TIHCFEBIBRAE A, AR TR SRR 15 2 RWIAKER

98.01 .0 98.01
97.79
96.51
B CrossEntropyLoss
mmm ECGLoss
_—
Recall F1

Precmon

Figure 2. Comparison of classification metrics between ECGLoss and CrossEntropyLoss
2. ECGLoss 5 CrossEntropyLoss 43 245 #r%7 EE
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5.2. BiBEEDH

K 3 45 T ECGLoss fEMREE FIREH M. ECGLoss JREH [+ TN=39. FP=1. FN=1. TP=67,
R 1AM .

RIB R

40

True label

30

20

Predicted label

Figure 3. ECGLoss confusion matrix
3. ECGLoss JR /&M

ECGLoss 551 WARTHERZ SR Bk 1 3 Nkb o 1A, ATTRD 13 H s fe i il ge k. R
& FP HUE R 0 2 1, {HJEEMATT 5 BECGLoss X PN B AR A A S 47 1 X 20 RCR
5.3. WrStiR XL

P 4 FE 5 K R AR IR R P TR B R B R IR AR D AR 2R 11 FE IR AR A SO 1 R A2 SR

RIHER RN 97.22%, SRR T R — @R G A E TR Bk 515, 1258 38 31 ECGLoss 7E
R _FHERIER N 98.15%.

(a) CrossEntropyLoss (b) ECGLoss
YRS/ IR R B B Lk WIS MR SRR B dh Lk
0.40 - 0.06 -
—e— Train Loss —e— Train Loss
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Figure 4. Comparison of different loss functions during training (left: CrossEntropyLoss, right: ECGLoss)
4. NI IZP A RRK R IELE(L: CrossEntropyLoss, #: ECGLoss)
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ECGLoss 7 £ 8 2 B ZR B eV, X2 il T BAG B S 4 IR B S BEREAHE N 1 50 K A0
PR 1] —— A R 75 LB 2 I [ 5 AR SR O T L5 P o (H 2 i #% ECGLoss iA B MIRCR 4, JF HIL
R RE -1, RN B A RBED, 8] ECGLoss Xl ZR B A — & K& ML BCEE -

54. SYHRM S

N1 %% ECGLoss & FME, FRAVEMA EEZ IS HENEEERME ¢ LR TTAE 2 7 5ok
PESEES . FESLIG h RATIE T UL — AN SHE R 7 — DS ECORERBEAT S, AR50 NIRRT
F{)°F-#4 Validation Loss. Accuracy Al Fl-score PL K T AT HIFRAE 2 R 0 Wi 78 P BE fr) Fe e 1k .

Table 6. Parameter 7 analysis

F=o. SR O

T Loss Mean Loss Std Accuracy Mean  Accuracy Std F1 Mean F1 Std
0.05 0.0014 0.0006 0.9846 0.0044 0.9846 0.0044
0.10 0.0013 0.0006 0.9877 0.0044 0.9877 0.0044
0.20 0.0014 0.0007 0.9877 0.0044 0.9877 0.0044
0.30 0.0014 0.0007 0.9877 0.0044 0.9877 0.0044
0.40 0.0013 0.0007 0.9846 0.0044 0.9846 0.0044
0.50 0.0013 0.0006 0.9877 0.0044 0.9877 0.0044
0.60 0.0013 0.0007 0.9877 0.0044 0.9877 0.0044
0.70 0.0014 0.0007 0.9877 0.0044 0.9877 0.0044
0.80 0.0015 0.0008 0.9846 0.0044 0.9846 0.0044
0.90 0.0015 0.0008 0.9877 0.0044 0.9877 0.0044

M7 6 Prs g RIATATLAE H, ECGLoss X TIXWANESHIN 5 HA RIFIEHEMNE. 4o £
BRGNS, BB Accuracy BLK Fl-score FIZEAAR /NI HABYERFE — MBS KT, X 0
AR BB T B B B A BRI SR . (222 « BOKR, BORLE) Validation Loss g A _EJH, X
e PRI AR e 1 A5 EE R 2 PR R0 — S 7 RE A ) 2 2 E 10T S BCHZ AL RE kg5 . 2R 5 25 S8 A
RIPRACR DA B R e, FRATTIESE v = 0.6 1E 9525 i F BRI 24

Table 7. Parameter A analysis

=7 BHASH

A Loss Mean Loss Std Accuracy Mean  Accuracy Std F1 Mean F1 Std
0.01 0.0014 0.0006 0.9877 0.0044 0.9877 0.0044
0.03 0.0013 0.0006 0.9877 0.0044 0.9877 0.0044
0.05 0.0014 0.0007 0.9877 0.0044 0.9877 0.0044
0.07 0.0013 0.0007 0.9877 0.0044 0.9877 0.0044
0.09 0.0013 0.0006 0.9907 0.0000 0.9908 0.0000
0.11 0.0013 0.0006 0.9907 0.0000 0.9908 0.0000
0.13 0.0013 0.0006 0.9907 0.0000 0.9908 0.0000
0.15 0.0013 0.0006 0.9877 0.0044 0.9877 0.0044
0.17 0.0013 0.0007 0.9877 0.0044 0.9877 0.0044
0.20 0.0014 0.0006 0.9877 0.0044 0.9877 0.0044
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