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Abstract

Studies on predicting arrhythmia using machine learning have been actively conducted with increasing
number of arrhythmia patients. Existing studies have predicted arrhythmia based on multivariate data of
feature variables extracted from RR interval data at a specific time point. In this study, we consider that the
pattern of the heart state changes with time can be important information for the arrhythmia prediction.
Therefore, we investigate the usefulness of predicting the arrhythmia with multivariate time series data
obtained by extracting and accumulating the multivariate vectors of the feature variables at various time
points. When considering 1-nearest neighbor classification method and its ensemble for comparison, it is
confirmed that the multivariate time series data based method can have better classification performance
than the multivariate data based method if we select an appropriate time series distance function.
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Figure 3.1. Data matrix construction for arrhythmia prediction by accumulating the feature vectors.
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Figure 3.2. Data tensor construction for arrhythmia prediction by accumulating the feature matrices

RR 72 2189 A|ZA A 40% 2 o] time windowZHE] 2FA AWE 52712 EANMSLEE F
A HEE FE319ct. 281 time windowE 279 time window2} 50% 2] HX|HA] o]F3lo] £
Auis WES AL 2E30] Fohbgozn ERAMS AY (feature matrix)S TEUTE oju) 534
HE AAE dlolE+ £ A" RR 744 A9 £3%¢] 5#oluv 102 £%°] HE% st A4
v dbg A 259 RR HE AARolA s ohE k5 AAOA9 o] AANY o Folgts 534
< AA7Zrete] dlolE £l AW A AJH OEHH 1021 602712 dlolel& Al AL FAElE2
RR 704 #pmsh S 342 AHA E9us 39 BEUTE 4029 time windowEol 50%4

4

o2



676 Minhai Lee, Hohsuk Noh

a) Euclidean distance b) Dynamic time warping distance

Figure 4.1. Comparison between Euclidean distance and dynamic time warping distance (Csillik et al., 2019).
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Figure 4.2. Illustration about how to compare arrhythmia prediction performance between the ordinary 1-NN
method and the time series 1-NN method.
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Table 4.1. Comparison of arrhythmia prediction performance between the ordinary 1-NN and the time series
1-NN

Distance function Timel Time2 Time3 Ratio
. Smin 0.731
2min .
10min 0.769
10s -
. 5min 0.731
bmin 10mi 0.808
min .
DTWARP
. Smin 0.769
2min 10mi 0.808
min .
60s -
. Smin 0.731
Smin i
10min 0.788
. Smin 0.673
2min X
10min 0.596
10s -
. 5min 0.750
bmin 10mi 0.673
min .
EUCL -
. 5min 0.769
2min X
10min 0.750
60s -
. Smin 0.673
5min X
10min 0.654
. Smin 0.216
2min .
10min 0.173
10s .
. Smin 0.288
Smin 10mi 0.173
min .
COR -
. Smin 0.173
2min .
10min 0.231
60s -
. 5min 0.173
5min i
10min 0.250

1-NN = 1-nearest neighbor; DTWARP = dynamic time warping distance; EUCL = Euclidean distance;
COR = correlation-based distance.
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Table 4.2. Comparison of arrhythmia prediction performance between the multivariate data based method and
the multivariate time series based method

Timel Time2 Time3 Ratio
. Smin 0.69
2min X
10min 0.81
10s -
. 5min 0.75
Smin .
10min 0.69
. Smin 0.70
2min 10mi 0.78
min .
60s -
R Smin 0.64
Smin .
10min 0.73
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