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ECG feature selection and machine learning
in intelligent detection of atrial fibrillation
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Abstract: Atrial fibrillation is the most common cardiac arrthythmia in clinical practice, while some real-time automatic detection
algorithms have been developed rapidly for improving clinical diagnosis. However, it is difficult to judge the advantages and
disadvantages of the existing atrial fibrillation detection algorithms for their lack of comparisons between models or databases. Three
different machine learning algorithms, including support vector machine, random forest and logistic regression, were selected to build
three separate models to detect atrial fibrillation. The three models were trained on the MIT-BIH atrial fibrillation database, and were
tested and compared on three independent databases respectively. Furthermore, the influence of feature selection on model performance
was analyzed. Experimental results showed that when applied 12 features (3 domain features and 9 nonlinear features) , the sensitivity,
specificity, accuracy and F1-score of the three models reached more than 95% on the China physiological signal challenge 2018 public
database and the wearable dynamic ECG database. In addition, the random forest algorithm has stronger stability and generalization
ability compared with the other two algorithms.
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Fig. 1 Flow chart of the proposed method
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Table 1 Numbers of AF and non-AF data for all databases

Ve R S M4
AFDB  CinC2017  CPSC2018 (HiLi& 4% RAEEE
FRER/He 250 300 500 400
EE/BE 11048 855 81 11 089
AEpEi/ B 16 746 5477 66 10 000
Mit/Be 27794 6332 147 21 089
1) MIT-BIH J5 BE 4 %2

AFDB {45 25 B8 b 8 ( 32202 [ &M s ) 1Y
ARELEG ECG id 5%, Hrhid 5% 00735 F1 03665 TEAHI5Y
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Importance scores for the first 51 features
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Table 3 The meantstandard deviation values of nine features for comparison between
the AF and Non-AF groups of different databases

i AFDB CinC2017 CPSC2018 O LR R AR BRI
G 8 e[ G ¥ e[ il e[S54 il e[
G514 11048 16746 855 5477 81 66 11089 10000
F74 0.94+0.43  -0.62£0.75  0.7720.62  —0.5420.64  0.90£0.47  -0.51%0.38  1.00+0.44  —0.67+0.83
F41 1.08+0.32  -0.71x0.57  0.92+0.57  -0.61+0.52  1.08+0.42  —-0.49+0.48  1.01£0.29  —0.67=0.48
F47 0.87+0.62  -0.57£0.76  0.85+0.79  -0.71+0.49  1.08+1.10  -0.83+0.13  1.02+0.54  —0.55=0.80
F75 0.87+0.72  -0.57£0.70  0.80+0.87  —0.63x0.48  0.90+0.77  -0.72+0.13  0.75+0.68  —0.64=0. 54
F27 0.70+0.80  -0.46+0.83  0.72+0.79  -0.60+0.60  0.90+1.26  -0.80+0.12  0.78+0.50  —0.47=0.76
F55 0.07+0. 34 0.05£1.26 —0.11+0.06  —0.06+0.82 —-0.08+0.05  —0.09+0.04 —0.02=0. 68 0.04+1.26
F24 0.50+0.89  -0.33%0.93  0.50+0.90  —0.28+0.89  0.75+1.94  -0.55:0.14  0.7120.61  —0.15+0.81
F66 0.49£0.90  -0.32£0.93  0.53x0.96  -0.42+0.75  0.75+1.86  -0.63+0.10  0.72+0.65  —0.23=0.82
F20 0.78+0.88  -0.51x0.70  0.73x1.04  —0.67+0.41  0.90+0.80  -0.84+0.05  1.16+0.93  —0.44=0.86
F43 1.09£0.50  —0.72+0.44  0.93+0.76  -0.78+0.29  1.11+0.63  —0.85+£0.21  0.94+0.45  —0.80+0.29
F54 0.21+0.46  -0.14x1.21 -0.15£0.78  -0.03x1.06 0. 160.5] 0.47£0.38  0.31£0.35  —0.05=1.12
F62 0.33+0.81  -0.22+1.05  0.01x1.07  —0.20£1.10  0.410.80 0.36£0.70  0.3420.62  —0.25+1.03
2.2 HEEIK R R
l)lyﬁl\j’gﬁi e :L x 100% (12)
T KA 3 RV 5 B0 5 1 40 S4B, A SOR %B?”FN
ST

PR B RIS FE bkl i



P B BEAGHIN Hh 1) o LR A B R IIL AR 27 > -7 -

9 AR SVM BERUR BURS 47, e 12 MRFAERY LR A%

Sp=———" x 100% (13) ‘ 8
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Aee = TP + TN % 100% (1) CHECESRESEUR LR 12 RFAER SVMBURA LR 52
TP+ FP+ FN + TN TURBUEGE . I, R R 2B 12 SRR I 2575
F1 533 WAL RAAGFITE CinC2017 KOdi % LA SVM BERLFT LR
Fl =g . S precision 00 (15) UL Se 5130y 7.54% 80.12%, Sp K 97.97% 98.10%,

" Se + precision
e ;*ﬁﬁﬁ%precisionZ%o TP T 2 S v i 5 FH
PEE; TN I EBATES; FP MR BAYES; FN B BAPESL,

2)SVM RF FI LR iR 845

3R 102 ASRRAE 12 SRR R 9 AR AE I 25
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LR 7 f) 45 TR B8 A8 1 25 48 5, JUHZ: Se BN FL 43
. 7E CinC2017 $CHE e b, SVM BB Se M 37. 78% 42
3 77.54% , F1 5380 0. 548 4 #2755 0. 814 0; LR &
R Se 1 34. 74% 42755 80. 12% , F1 3%k 0. 515 2 4
R E) 0. 833 3; [AlFEFE L LI 2RSS I, LR BIALAY Se
i 0. 019%BESREE = 5] 99. 31% , F1 %5 b AE e 6 AT Y
1%.0.000 2 - F+3 0.990 9, [FH} Ace i 47. 42% L F-3|
99.04% ., BLANTLIER 2], S 4 12 4> ?ﬁwﬂ;ﬂiﬁ’@ 91 97 28% . F1 7 0. 9747, 7600 1% & % A2 0L T 9 Se
FAERBRIERR LT JE 22 . X T CinC2017 BUHRIF G HE o8 600, S, 5 99.309% , Ace H999.02%, F1 70.990 7.

%4 SVM.RF 71 LR #BIHy4y K5ER

Table 4 Classification results of SVM, RF and LR models

SVM RF LR

Ace N 95.21% . 95.67%, F1 4 0.814 0, 0.833 3; 7E
CPSC2018 % 4 J& I Wi i 455 U 119 Se 43 5l oA 96.30% .
95.06%, Sp 43 M 100% . 98.48%, Acc A 97.96% .
96.60% , F1 F70.981 1.0.968 6;7F.L> B B4 RAERHE 1)
Se 3314 99.35% 99.31%, Sp 4 98.79% 98.75% , Acc K
99. 08% 99. 04% , F1 70.991 3.0.990 9,

SRR BERERT S A9 SVM BT LR BERUAR[R]  RF A5
RIVERE A A KRR, FEETE 3 D EHRE 1Y Se F1
F1 0B F B IR 5 AL T5 B 2025 fie o, IR s
TEBEREXT RIF A5 78 M BE 52 i AR K, (HAR K> T iz B
ZREE AR B, R, SR 12 AN ERAE VI 2545 2 5
RF BRIAE CinC2017 FlOy HL IR AR AR UM 5 I LU e 4% 9
ANERHE I SRR LY B 12 NMERHEYI 25 RF BRI &
i, A4S 3] RFOKEELLE CinC2017 BU4E % Y Se b
77.89%, Sp 4 99.03% , Acc 2 96. 18%, F1 H3 0. 846 3;7E
CPSC2018 ¥4 1Y Se }y 95.06%, Sp 4 100%, Acc A

" A
BB T Se/ % Sp/ % Ace/ % F1 Se /%  Sp/%  Acc/% F1 Se /% Sp/ % Ace/% F1
102 37.78 100.00 91.60 0.5484 79.30 98.78 96.15 0.8475 34.74 99.98  91.17 0.5152
CinC2017 12 77.54  97.97 95.21 0.8140 77.89 99.03 96.18 0.8463 80.12 98.10 95.67 0.8333
9 79.65  97.74 95.29 0.8205 77.31 98.30 95.47 0.8216 80.35 98.01 9563 0.8322
102 88.89  98.48 93.20 0.9351 96.30 100.00 97.96 0.9811 97.53 78.79  89.12 0.908 0
CPSC2018 12 96.30  100.00 97.96 0.9811 95.06 100.00 97.28 0.9747 95.06 98.48  96.60 0.968 6
9 93.83  100.00 96.60 0.9682 96.30 100.00 97.96 0.9811 95.06 98.48  96.60 0.968 6
P 102 80.20  100.00 89.59 0.8901 99.40 99.62 99.50 0.9953 0.01  100.00 47.42 0.000 2
e 12 99.35  98.79 99.08 0.9913 98.69 99.39 99.02 0.9907 99.31  98.75  99.04 0.9909
RIHE 9 99.22  97.97 98.62 0.9870 98.76 99.23 98.99 0.9903 99.27 98.12  98.72 0.9879
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Fig. 3 Datas with incorrect label in CinC2017 database
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