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Abstract: Detection of atrial fibrillation (AF) events is significant for early clinical diagnosis and
appropriate intervention. However, in existing detection algorithms for paroxysmal AF (AFp), the
location of AF starting and ending points in AFp is not concerned. To achieve an accurate
identification of AFp events in the long-term dynamic electrocardiograms (ECGs), this paper
proposes a two-step method based on machine learning. In the first step, based on features extracted
from the calculated R-to-R intervals (RR intervals, the cycle of heart beat), the rhythm type of the
ECG signal is first classified into three classes (AFp rhythm, persistent AF (AFf) rhythm, and non-
atrial fibrillation (non-AF, N) rhythm) using support vector machine (SVM). In the second step, the
starting and ending points for AF episodes of AFp rhythms predicted in the first step are further
located based on heartbeat classification. By training a deep convolutional neural network with
phased training, the segmented beats of AFp rhythms are divided into AF beats and non-AF beats to
determine the beginning and end of any AF episode. The proposed two-step method is trained and
tested on the 4th China Physiological Signal Challenge 2021 databases. A final score U of 1.9310 is
obtained on the unpublished test set maintained by the challenge organizers, which demonstrates the
advantage of the two-step method in AFp event detection. The work is useful for assessing AF
burden index for AFp patients.
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1. Introduction

Atrial fibrillation (AF) is a common cardiovascular disease characterized by tachyarrhythmia,
which can lead to increased rates of stroke, heart failure, and other cardiovascular diseases [1].
Therefore, early detection of AF episodes is crucial for patients to access to treatment as early as
possible.

According to the duration of AF episodes, it can be divided into three grades: (1) paroxysmal
AF (AFp), (2) persistent AF (AFf), and (3) permanent AF. AFp has the characteristics of short
duration of attack, high recurrence rate, difficult to capture on electrocardiogram (ECG) [2]. With the
prolongation of the patient’s course of disease, it will gradually evolve into AFf or permanent AF,
threatening the patient’s life [3]. Therefore, the detection of AFp events is very significant for
patients to receive effective treatment in time. ECG is a convenient, rapid and non-invasive detection
method, which is widely used in clinical practice [4,5]. The AF episode is generally associated with
irregular RR intervals when atrioventricular conduction is not impaired [6]. In addition, the absence
of distinct repeating P waves and the presence of f waves help to identify the AF rhythm [6].
However, for AFp detection, conventional 12-lead ECG has great limitation, while dynamic ECG has
high detectable rate and accuracy (Acc) [7].

At present, many automatic detection algorithms have been proposed for AFp detection based
on dynamic ECG. Liu et al. [8] proposes a detection method for AFp based on covariance descriptor
and nuclear sparse coding. Petrenas et al. [9] designs a detector consisting of RR interval irregularity
characterization, P-wave absence, f-wave presence, and noise level, which are used for fuzzy logic
classification to detect brief AF episodes of AFp. Ganapathy et al. [10] proposes an automatic
detection algorithm for AFp based on co-occurrence matrices computed from RR intervals. Xin et
al. [11] applies a multi-scale wavelet analysis to extract features of heart rate variability (HRV), and
then completes AFp detection based on a SVM classifier.

In addition to accurate detection of AFp, precise location of starting and ending points for AF
episodes is also crucial for an effective AFp management, which provides more diagnosis and
treatment information for doctors to implement appropriate medical intervention [12]. As such, AF
burden associated with risk of stroke can be defined and measured better during a long-term AF
monitoring period instead of device-detected AF duration as measured from cardiac implantable
electronic devices (CIEDs) [13]. Previous algorithms aim at the detection of AFp, but fail to locate
the starting and ending points for AF episodes of AFp. Recently, the 4th China Physiological Signal
Challenge 2021 (CPSC 2021) [14] has provided two large public databases and an undisclosed test
database for participants to implement algorithms for AFp event detection. We take this opportunity
to propose an efficient two-step method that meet challenge rules for the starting and ending point
location of AF episodes in AFp rhythm. In the first step, we divide all records with unequal length
into (1) non-atrial fibrillation (non-AF, N) rhythm, (2) AFp rhythm and (3) AFf rhythm based on
machine learning. In the second step, we locate the starting and ending points for AF episodes of AFp
rhythm identified in the first step based on a convolutional neural network (CNN).

Tow-step detection allows us to select the most appropriate methods to achieve the goals in each
step. As such, traditional feature extraction combines deep learning to maximize the usage of
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beneficial information in different steps. In the first step, we directly extract artificial features from
unequal-length ECG records based on RR intervals reflecting ventricular activations, advisably
evading the requirement for fixed-length records during feature extraction by sliding window. In the
second step, a CNN is applied to judge whether the single target beat constitutes AF rhythms or not,
which is essentially a heartbeat binary classification problem. Besides, due to large amount of
heartbeat segments are available from the public CPSC2021 databases, we train the CNN in multiple
phases and choose different learning rate according to training situation as well as the size of the
training set, thereby avoiding nonconvergence of model loss when model trained on a large dataset.

To summarize, the main contributions of this paper are listed as follows:

*  We propose a two-step method to detect AF episodes, in which the SVM classifier is for
classification and the 1-dimensional (1-d) CNN is for location.

» It is a method based on both ventricular responses and atrial activities that is suitable for
analyzing unequal-length ECG records.

*  We propose the phased training fashion that adjusts learning rate and the size of the training
set to train the deep model based on large data.

2. Material and method

2.1. ECG dataset

CPSC 2021 [14] provides two public databases named as dataset I and dataset II, and an
unpublished test set where partial data is from the same source as two public databases. Both public
databases contain a large number of variable-length ECG record fragments, which are extracted from
lead I and lead II of long-term dynamic ECG signals. The dataset I includes 730 records, which is
collected from 54 subjects. The dataset II is collected from 51 subjects, including 706 records. There
are three rhythm types, namely, non-AF rhythm, AFp rhythm, and AFf rhythm. Table 1 shows the
amount distribution of rhythms in public databases. The duration of records ranges from 0.14 to
411.11 minutes, and average duration is 20.33 minutes. In these records, the original sampling rate is
200 Hz, and both non-AF episodes and AF episodes are not shorter than continuous 5 beats.

Table 1. The distribution of rhythms in CPSC 2021 public databases.

Rhythm distribution N AFp AFf Subject Sum
Dataset I 481 96 153 0-53 730
Dataset I1 251 133 322 54-104 706
Sum 732 229 475 - 1436

We use records from lead II in our experiment. For rhythm classification in the first step, we
divide records from dataset I and dataset II into a rhythm training set and a rhythm test set. The
amount distribution of rhythms in subsets is shown in Table 2, notably, the distribution in number of
the rhythm training set is relatively balanced. In addition, rhythms belonging to the same class come
from different subjects in the training rhythm set and the test rhythm set.

For heartbeat classification in the second step, we refer to heartbeats constituting AF episodes as
AF beats, and heartbeats constituting non-AF episodes as N beats. Finally, a beat training set, a beat
validation set, and a beat test set are generated from the public CPSC 2021 databases. For heartbeat
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distribution in Table 3, the amount ratio of N beats and AF beats is about 1:1 in each subset. A
portion of the beat training set and the whole beat training set are used under phased training fashion,
which will be introduced in Section 4. In order to obtain a model with outstanding performance and
convictive test results, heartbeat segments in each subset come from different records.

Table 2. The amount distribution of rhythms in subsets.

Rhythm distribution N AFp AFf Subject Sum
Training rhythms from Dataset I 0 77 0 3,25,31,32,39,40,48, 77
Training rhythms from Dataset II 251 133 322 54-96, 99, 100, 102-104 706
Test thythms from Dataset [ 481 0 153 0-53 634
Test thythms from Dataset 11 0 19 0 97,98, 101 19
Sum 732 229 475 — 1,436
The rhythm training set 251 210 322 - 783
The rhythm test set 481 19 153 - 653

Table 3. The amount distribution of heartbeats in subsets.

Heartbeat distribution Non-AF beats AF beats Sum

A portion of the beat training data 372,616 368,836 741,452
The whole beat training set 629,425 627,188 1,256,613
The beat validation test set 32,257 31,134 63,391
The beat test set 104,381 15,615 119,996
Sum 1,138,679 1,042,773 2,181,452

2.2. Two-step detection

" The first step
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Figure 1. The flowchart of AFp event detection, including classification and location.

For AFp event detection, an effective method is first to determine whether the record is AFp
rhythm, and then to locate the starting and ending points for AF episodes. Therefore, we divide the
process of AFp event detection into two steps, namely, rhythm classification and heartbeat
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classification. In each step, we choose the most appropriate algorithm and optimize accordingly. For
rhythm classification in the first step, all records are classified into three rhythm types, including
non-AF rhythm, AFf rhythm, and AFp rhythm. A traditional machine learning method is used to
distinguish the rhythm type of each record. For heartbeat classification in the second step, a deep
learning-based method classifies beats of AFp rhythms predicted in the first step into non-AF beats
or AF beats. And then, a median filter postprocesses the results of heartbeat classification, which can
effectively reduce false detection of AF beats. Finally, the starting and ending points of AF episodes
are the location of changes between beat types. Figure 1 shows the flowchart of AFp event detection.

Raw ECG — RRintervals — Feature — Normalization e Remm.fmg — Heartbea‘t — Normalization
extraction rhythm baseline Segmentation
lTrain/Test l Test
SVM CNN
AFf AFp N AF Non-AF
(a) (b)

Figure 2. The process of the two-step method. (a) The process of rhythm classification;
(b) The process of heartbeat classification.

3. Rhythm classification

The rhythm classification is based on features calculated by RR intervals and classifier selection.
Each record is taken as a single rhythm, either non-AF rhythm or AFp rhythm, or AFf rhythm. The
process consists of three parts: (1) feature extraction, (2) feature normalization and (3) classification,
as shown in Figure 2(a). For feature extraction, we extract representative features of each record. For
feature normalization, each feature is processed by min-max normalization. For classification, a
support vector machine (SVM) classifier is trained by grid search and 5-fold cross validation on the
rhythm training set, and is tested on the rhythm test set. In order to show existing and representative
methods for rhythm classification visually, we introduce these methods in detail besides our method
and our optimized method in Table A1 (in Appendix).

3.1. Feature extraction

AF rhythm has obvious irregular RR intervals and analysis based on ventricular responses is
more robust for the noise [15]. Thus, the rhythm type is judged according to characteristics of RR
intervals. We extract features in time domain, frequency domain, and nonlinear domain, respectively.
The features are extracted from variable-length records, but the number of features is fixed for each
record, which meeting the requirement of the classifier with fixed input length. Hence, we do not
need to crop records, nor do we need to be based on a fixed number of RR interval sequences.

* Time domain features: The features include average RR intervals (avgRR), percentage of
differences greater than 50ms between RR intervals (pRR50), number of differences greater than
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50ms between RR intervals (RR50), standard deviation of RR intervals (SDRR) and root mean
square of successive differences of RR intervals (RMSSD), etc.

* Frequency domain features: The RR intervals are first resampled to 7 Hz. A frequency
power spectrum is estimated using welch power spectral density estimate (hanning window; 4096
points; 50% overlap). The calculated frequency domain features include normalized low-frequency
power (LFnorm), normalized high-frequency power (HFnorm), as well as ratio of low-frequency
power and high-frequency power (rLH), etc.

* Non-linear features: The features are obtained based on the analysis of Lorenz plot. The
features include standard deviation for the transverse direction (sdl), standard deviation for the
longitudinal direction (sd2), cardiac sympathetic index (csi), cardiac vagal index (cvi), etc.

3.2. Feature normalization

The convergence of a classifier will slow down when the classifier is trained under different
dimension of features, even to have a negative influence on the classifier’s performance [16]. To
solve this problem, we adopt min-max normalization for the rhythm subsets. It is worth noting that
the min and max value of the rhythm training set are also used to normalize the rhythm test data.

3.3. Classification

The SVM classifier [17] that proposed by Boser has a strong generalization ability, which can
convert low-dimensional data that are linearly indivisible to high-dimensional codes by kernel
mapping, and mapping form depends on the form of kernel function. The process can be summarized
as a convex optimization problem with optimal solution [18,19]. In our experiment, we choose a
SVM classifier with a radial basis function (RBF) kernel to automatically identify records’ rhythm
classes. Optimal parameters are determined by 5-fold cross validation and grid search on the rhythm
training data.

4. Heartbeat classification

Heartbeat classification is the basis of detection for various arrhythmias [18,20]. A single beat is
short enough for 1-d CNN to automatically extract deep features based on its morphological
characteristics. Considering that the aim is to locate the starting and ending points of AF episodes by
classifying beats constituting AFp rhythms, we label beats either AF beats or non-AF beats, rather
than labeling beats in term of the Association for the Advancement of Medical Instrumentation
(AAMI) standard [21]. Therefore, when model tested on the beat test set, the variety of predicted
heartbeat types between AF beats and non-AF beats can indicate the starting and ending points of AF
episodes. The process of heartbeat classification is composed of five parts, respectively, removing
baseline, heartbeat segmentation, heartbeat normalization, deep learning-based model building, as
shown in Figure 2(b). Then, a median filter corrects misjudged heartbeats to a certain extent as a
post-processor. The phase training fashion is also introduced in this section.

There are other outstanding algorithms for AF episode location by new ideas that have
innovation and value whether in preprocessing or in model structure or in overall location process,
which are provided by other participants in CPSC 2021 and have not been published.
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4.1. Removing baseline

Considering that ECG signals in clinical contain various of noise, we only filter baseline drift
and adopt no other denoising approaches in order to enhance the robustness to the noise of the
proposed method. As the method adopted by Chazal [18] and Jiang [20], a 200 ms median filter first
removes P waves and QRS complexes of an original signal, and then a 600ms median removes T
waves, so that we can get the baseline drift signal. Finally, the ECG signal without baseline drift is
obtained by subtracting the baseline drift signal from the original ECG record.

4.2. Heartbeat segmentation

The original sampling rate of ECG signals from CPSC2021 databases is used as the standard
sampling rate, which is 200 Hz. The R-labels provided by CPSC 2021 databases is used as the
fiducial R-points. Each segment is a single heartbeat with 200 sampling, which consists of 60 points
in front of the R-point and 139 points after the R-point. The proportion of sampling points before and
after the R-point is close to 3:7. Each heartbeat segment contains a complete P wave, a QRS complex,
and a T wave if various waves exist.

4.3. Heartbeat normalization

The amplitude gains of ECG signals that are collected by different ECG monitoring devices
have an obvious difference. Besides, the normalization of input data can contribute convergence and
improve generalization of a model [22]. Thus, it is necessary to normalize data to a uniform scale. By
Eq (1), the amplitude of heartbeat segments is mapped into the range of 0—1.

— F_Fmin
© F,_-F,. +K (1)

min

K=e-06

where F is a feature matrix; Fmin and Fmax are matrices, which are combined by minimum and
maximum vectors from features, respectively; K is set to e-06 to preserve the divisor from being zero.

4.4. Model structure

A CNN can automatically extract deep features from ECG signals, and is an end-to-end fashion
that combines feature extraction and classification [23]. We build a 1-d model in Figure 3, whose
deepening fashion borrows that of VGG13 network [24]. The whole model consists of an automatic
deep feature extractor and a classifier. The feature extractor is composed of convolutional layers,
maximum pooling layers, and dropout layers. The preprocessed heartbeat segments are as the input
of the feature extractor directly. Every two stacked convolutional layers have the same number filters,
and are followed by a maximum pooling layer and a dropout layer to form a convolutional unit.
Finally, five convolutional units are stacked in series to constitute the feature extractor. As the
network deepens, the number of convolutional layers’ filters in the five units increases or stays
unchanged, and is 64, 128, 256, 512 and 512 in order. The kernel size and the stride of convolutional
layers are all 3 and 1, respectively. Maximum pooling layers with step size 2 and kernel size 2 halve
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the size of feature maps. For dropout layers, the probability of discarding neurons is set to 0.3 in
order to reduce the risk of model overfitting. The rectified linear unit (RELU) activation function in
convolutional layers is used for nonlinear mapping.

The classifier is composed of a flattening layer, three fully connected layer, and three dropout
layers. Firstly, a flattening layer expands the feature matrix into a feature vector. Then, fully
connected layers and dropout layers are stacked alternately. The probability of discarding neurons in
the classifier’s dropout layers is set to 0.5. The number of neurons of fully connected layers is 256,
128 and 1, respectively. The last fully connected layer is as the output layer, which only has one
neuron and uses the sigmoid activation function for binary classification. The output of the classifier
is the probability that the target beat is an AF beat. The feature extractor and classifier are connected
for end-to-end training. Table 4 shows the hyperparameters of our model.

, ’ Automatic feature extractor \‘\ ," Classifier
v !
B IE W |
, "
| % 7 ﬁ ' ) ) H R4
4. Z !
A : , 3 y ¥ R l
: “ | i L A Sigmoid !
. . 1
i “ e ! b, |
Us 11 |
C . c, Cuy T L’*o,a Pougs!
|, 2
R 7 /| Flatten 170,116 !
[ CU \
| i
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] ]
1 I
| I
I 1
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I I
] I
| i
I 1
\ Conv1D ConviD  MaxPoollD  Dropout !

Figure 3. The model structure for heartbeat classification. Conv1D, MaxPool1D, CU and
FL represent 1-D CNN layer, 1-D maximum pooling layer, convolution unit and fully
connected layer, respectively.

Table 4. Parameters for the network.

Layer Output Kernel Stride Padding Total parameter FLOPs
Input (200, 1) - — -

Convolutional unit 1 (100, 64) 3 1 same

Convolutional unit 2 (50, 128) 3 1 same

Convolutional unit 3 (25, 256) 3 1 same

Convolutional unit 4 (12, 512) 3 1 same

Convolutional unit 5 (6,512) 3 1 same

3, 956, 289 0.148 G

Flatten (3072,) - — -

FL1 (256,) - - -

Dropout 6 (256,) 0.5 — -

FL2 (128,) — - -

Dropout 7 (128,) 0.5 — -

Sigmoid 1, - — —
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4.5. Phased training

The beat training set is so large that model training needs take a lot of time. In order to monitor
training process and avoid failing to train, we propose a phased training fashion, and take every 300
epochs as a training phase. In addition, according to the situation of model convergence, we change
the amount of training data or the learning rate in each phase. Figure 4 shows the operation. The
model is trained under four phases, a total of 1200 epochs. We save the beat model with the highest
F1 score on the beat validation training set in the fourth phase.

Epoch 0 300 600 900 1200
& ~ -ﬁ-
Learnin,
e 00001 2. 0.00005 0.00005 2, 0.0001
Adding data

Figure 4. The variable learning rate in each phase.

4.5.1. Variable size of training set

—| Training Acc
— Validation Acc

0.44 W

0.91 = Training loss
0.38 e Validation loss
0.89
0.32
0.87
0.26
0.85 W 0.20
900 950 1000 1050 1100 1150 1200 900 950 1000 1050 1100 1150 1200
(a)
— | Training Acc == Training loss
0.92 ne T
— |Validation Acc === Validation loss
0.30
0.91
0.90 0.26
0.89 0.22
0.88
0.87 0.18
900 950 1000 1050 1100 1150 1200 900 950 1000 1050 1100 1150 1200
(b)

Figure 5. The training and validation Acc curves and loss curves during 900-1200
epochs. (a) on a portion of the beat training set; (b) after data expansion.

A large training data benefits the model performance, but may make training loss not easy to
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converge, and increase the possibility of training failure [25]. Therefore, we first train a model on a
portion of the beat training data until convergence, and then continue train it on the whole beat
training set where abundant new data are added. The positive effect on the model performance can be
observed clearly when the beat training set is extended. To the authors’ knowledge, the trainable
parameters are randomly initialized in the first training phase, and then, in the phase where training
data are added, the optimized parameters are transferred into initial parameters in the current phase.
The optimized initial values of trainable parameters can reduce the possibility of the model falling
into a local optimal solution [26].

In our experience, a portion of the beat training data first make the model has the ability to
distinguish different classes. As shown in Figure 5(a), after more than 1000 epochs, the loss of the
beat validation set presents an upward trend, and the Acc of the beat validation set is in a significant
downward trend. Next, the optimized parameters as the initial parameters are trained on the whole
training set. Therefore, we expand the beat training set at the beginning of the fourth phase. That is,
we fine-tuned the model obtained at the end of the third phase on the whole beat training set.
Figure 5(b) shows the loss and Acc curves acquired after data expansion. A large number of new
samples make the model learn new discriminative features quickly, and improve the model
performance rapidly. At more than 1000 epochs, the validation loss is basically stable, and the
validation Acc maintains above 90%. Finally, we obtain the best model at the 1043rd epoch, which
has the highest F1 score on the beat validation set during the fourth phase.

4.5.2. Variable learning rate

The model is difficult to converge under a large learning rate, while a small learning rate tends
to make the model fall into a local minimum [27]. Thus, it is necessary to adjust the learning rate
based on the situation of model training. We use Adam optimizer to realize back propagation of
training loss on the beat training set. Each batch contains 256 heartbeat segments. The model runs on
GPU 3090 and Ubuntu system. We determine the learning rate at the beginning of each phase
according the training loss and validation loss, so that the model can be well trained on the large beat
training set.

In the first phase, the learning rate of Adam optimizer is 0.0001, and then we change into one
second of the original at the beginning of the second phase and keep the learning rate constant until
the beginning of the fourth phase. By observing the loss curve of the beat validation set, there is
room for convergence. Therefore, we change the value of the learning rate into 0.0001 back at the
beginning of the fourth phase to speed up the model’s convergence.

4.6. Postprocessing

According to CPSC 2021, the number of continuous beats that constitute AF episodes or non-
AF episodes is no less than 5. Therefore, we use a median filter with a window accommodating five
beats to correct the predicted types by the model for heartbeat classification. Under postprocessing,
the predicted result of the target beat is replaced by the median of the target and its four surrounding
beats. The process corrects the outliers of the predicted results, and reduce the misdiagnosis of AF
episodes. If the situation that the first beat or the last beat of an AFp rhythm is an AF beat is not
considered, the starting points of AF episodes are the locations of R-points of AF beats before which
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the beat is a non-AF beat, and ending points are the locations of R-points of AF beats after which the
beat is a non-AF beat.

In the 1-d CNN training process, all rhythms are firstly segmented so that we can collect AF
beats and non-AF beats, and then the 1-d CNN is trained to predict the types of heartbeats. During
the test process for a single record, the rhythm type is predicted in the first step. The outputs of
starting points and ending points of AF were [] (the [] is the output, representing the AF episode is
none) in non-AF rhythm and [1, value equal to the length of the record] (1 represents the index of the
first heartbeat) in AFf rhythm. In the second step, heartbeats are classified beat by beat for the record
predicted as AFp rhythm in the first step, and the indexes of beats are also retained. After
postprocessing by median filter, the location of AF episodes is the indexes of beats whose types
change from AF beat to non-AF beat and vice versa.

5. Result
5.1. Assessment metrics
5.1.1. Indicators for classification

Four indicators, including Acc, sensibility, (Sen), positive predictive value (PPV) and F1 score,
are used to evaluate the performance of our algorithms that are applied for rhythm classification and
heartbeat classification. These indicators can be expressed by false positive (FP), true positive (TP),
false negative (FN) and true negative (TN). The FP refers to the number of positive samples
predicted to be negative, and the TP refers to the number of positive samples that are predicted
correctly. The FN means the number of negative samples predicted to be positive, and the TN is the
number of negative samples predicted to be correct. The four indicators are defined in Eqgs (2)—(5),
respectively.

e TN+TP 2
TN +TP + FN + FP

Sen=—1tL 3)
TP+ FN

ppy=—T1P 4)
TP + FP

2

F1= (1+2B) XSenXPPV (5)

B x Sen+ PPV

The overall Acc is the percentage of the samples that are accurately predicted. The Sen reflects
the rate of missed diagnosis of a certain class, and the PPV presents the rate of misdiagnosis of a
certain class. The F1 score provides a systematic evaluation of the algorithms’ performance on an
unbalanced test set. The £ in Eq (5) is usually set to 1, therefore, the F1 score is the harmonic mean
of Sen and PPV.

Mathematical Biosciences and Engineering Volume 19, Issue 10, 9877-9894.



9888

5.1.2.  Indicators for AFp event detection

Answer
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Figure 6. (a) The scoring matrix of Ur. (b) The scoring criteria of Ue.

The indicators for AFp event detection are defined by CPSC 2021. Ur is the score of rhythm
detection, and Ue is the score of the location of starting and ending points for AF episodes of AFp
rhythms. The scoring criteria of Ur and Ue is shown in Figure 6. The score of each record is the sum
of Ur and weighted Ue, and the final score U is the mean score of all records in a test set, which is
descripted in Eq (6).

U= ZN:(UrI. —Ma e (6)

1
N e max {Mrl.,Ma,.} !

where N is the number of records in a test set; Ma is the number of true AF episodes in each record,
Mpr is the number of predicted AF episodes in each record.

5.2. Test result

The realization of rhythm classification algorithm and heartbeat classification algorithm is the
premise of starting and ending point detection for AF episodes. In Figure 7, two confusion matrices
are the results of rhythm classification and heartbeat classification on their respective test sets. Table
5 shows calculated assessment metrics. Both algorithms have good classification performance, and
achieve the overall Acc of 98.62% and 90.81%, respectively. However, there is room for
optimization to distinguish AFf rhythms from AFp rhythms.
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Figure 7. Confusion matrices in the two steps. (a) The confusion matrix of rhythm
classification. (b) The confusion matrix of heartbeat classification.

Table 5. Metrics of rthythm classification and heartbeat classification.

Algorithm Class Metric Overall
Sen PPV F1 Acc Acc
Rhythm classification N 0.998 0.998 0.997 0.998 0.986
AFp 0.684 0.867 0.988 0.765
AFf 0.987 0.962 0.988 0.974
Heartbeat classification Non- AF beat 0.906 0.913 0.908 0.909 0.908
AF beat 0.910 0.903 0.908 0.907

We are honored to participate in CPSC 2021 and test our proposed two-step method on the
unpublished test set. In the first step, the starting and ending points are none for non-AF rhythms,
and for AFf rhythms, the starting and ending points are respectively the position of R points of the
first beat and the last beat. If the target record is predicted as an AFp rhythm, the deep learning-
based model classifies beats of the AFp rhythm in the second step, and the starting and ending
points are located after postprocessing. Finally, our proposed two-step method achieves a final

score U of 1.9310 on the unpublished test set and ranks the eighth among all competing algorithms
in CPSC 2021.

6. Discussion
6.1. Comparison between two-step method and one-stem method

Comparing just one-stem algorithm for heartbeat classification to realize AF episode location,
we discuss the advantages of the two-step method. For the two-step method, records are classified
into three rhythm types based on ventricular responses in the first step. The SVM classifier can
achieve high accuracy in classifying the records with variable lengths. For the records predicted as
non-AF rhythms, the location of AF starting and ending points in non-AF rhythms is None. For those
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predicted as AFf rhythms, the starting point of AF is 1, and the end point is the value equal to the
length of the corresponding record. In the second step, the records that are predicted as AFf and non-
AF rhythms in the first step do not participate in the second step. The 1-d CNN only analyzes AFp
rhythms obtained in the first step beat by beat.

If we just propose the algorithm for heartbeat classification to realize AF episode location. The
1-d CNN analyzes all non-AF, AFf and AFp rhythms. When AF beats and non-AF beats are
classified beat by beat, false positives and false negatives may occur in non-AF and AFf rhythms
respectively. Therefore, the accuracy of location will be lower than that of the two-step method.

6.2. Effect of feature selection

Table 6. Feature groups after feature selection.

Feature group Num  Feature description Symbol
Time domain 1 Percentage of differences greater than 20ms between RR intervals. pRR20

2 Median absolute values of successive differences between RR intervals. mavsd

3 Ratio of the standard deviation divided by the mean of RR intervals. rsdm

4 Maximum heart rate. maxHR

5 Minimum heart rate. minHR
Frequency domain 6 Low-frequency power. LF

7 Normalized high-frequency power. HFnorm
Non-linear domain 8 Modified cardiac sympathetic Index. mdcsi

The classifier for rhythm classification has room for optimization. Some redundant features
negatively affect the performance of rhythm classification. Feature selection is a valid approach to
abandon useless features. Thus, we apply genetic algorithm to select features to optimize the rhythm
classifier. A SVM classifier is used as a prediction classifier to select the optimal features in the way
of 5-fold cross validation. Finally, we get eight features, which are introduced in Table 6. The
selected features represent records effectively, and the optimized SVM classifier has a good
performance for all kinds of rhythms. Figure 8 shows the confusion matrix of the optimized SVM
classifier on the rhythm test set.

100
z. 0.00% %
z 60
L]
PE
= 40
~ 120
£ 000%  0.00%
Lo

N AFf AFp
Predicted label

Figure 8. The confusion matrix of optimized SVM classifier on the rhythm test set.
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6.3. Effect of classifiers for rhythm classification

Table 7. The comparation of different classifiers before and after feature selection.

Classifier Before feature selection After feature selection
Sen PPV Acc Sen PPV Acc

LR 0.985 0.845 0.974 0.989 0.871 0.982
Bayes 1 1 1 1 1 1
KNN 0.961 0.784 0.946 0.988 0.869 0.980
SVM 0.890 0.942 0.986 0.990 0.920 0.991
DT 1 1 1 1 1 1

RF 0.999 0.983 0.998 1 1 1

We also compare the performance of other common classifiers before and after feature selection,
including logistic regression (LR) classifier, naive Bayes (Bayes) classifier, K nearest neighbour
(KNN) classifier, decision tree (DT) classifier and random forest (RF) classifier. In Table 7, decision
tree achieves 100% Acc both before and after feature selection, and is the best rhythm classifier. To
facilitate comparison, we test the DT after feature selection and deep model as well as the original
SVM classifier and deep model on all records in the two public databases, and the score U is
improved to 1.6632 from 1.6539.

7. Conclusions

This paper proposes a two-step method for the starting and ending point location of AF episodes
as well as the detection of variable-length AFp rhythms. It is proposed for the first time that AFp
recognition and AF episode location have been jointly considered for AFp event detection based on
machine learning. In the first step, feature extraction and a classifier are combined to identify the
rhythm type of a single record, which is either non-AF rhythm, or AFp rhythm, or AFf rhythm. In the
second step, we use a CNN and take a single heartbeat as input for automatic deep feature extraction
and heartbeat classification. In order to adapt to training on a large beat training set, a phased training
method is proposed to change the size of the training set and the learning rate adaptively. In the end,
our two-step method obtains a final score U of 1.9310 on the unpublished test set and ranks eight in
CPSC 2021.

At present, we have optimized the algorithm for rhythm classification. (1) The genetic algorithm
is applied for feature selection, and eight useful features are retained. (2) After multiple classifiers are
compared, the SVM classifier are replaced by a decision tree classifier. In order to make the
optimized method comparable with the original method, we test on all the records in the two public
CPSC 2021 databases. Finally, the score U of the optimized method is improved by 0.0093. Our
optimized two-step method is suitable for the AFp analysis of long-term recordings and helpful for
AF burden index measurement.
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Appendix
Table A1l. The introduction of methods for rhythm classification.
Existing Liu [8] Petrenas [9] Ganapathy Xin [11] Our method Our optimized
method [10] method
Feature RR intervals RR intervals, f RR intervals ~ HRYV signal RR intervals
wave presence, P
wave absence,
and noise level
Lead Single lead Two leads Single lead
FT Covariance Fuzzy logic Dynamic Wavelet Time domain, Time domain,
representation symbol analysis and frequency frequency
and kernel assignment scale entropy  domain, and  domain, non-
mapping and calculation non-linear linear domain
covariance domain representation,
representation representation  and feature
selection
Classifier  Kernel sparse Sliding window  KNN, SVM, SVM SVM DT
coding and and threshed RF, ROF, EL
dictionary
learning
length 33 RR Finite length Finite length  Fixed length  Variable Variable
intervals (about 2 min) (1 min~5 (5 min) length (> 4 length (> 4 RR
min) RR intervals) intervals)
Class AFp rhythm Occult AFp AFp and non- Non-AF, AFp AFp, AFfand AFp, AFfand
rhythm AF rhythm and other non-AF non-AF
rhythm rhythm rhythm

Note: FT represents feature transformation; HRV represents heart rate variability; ROF represents rotation forest;

And EL represents ensemble learning.
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