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Abstract

Atrial Fibrillation (AF) is a common cardiac arrhythmia. Many AF patients experience complications such as stroke
and other cardiovascular issues. Early detection of AF is crucial. Existing algorithms can only distinguish “AF rhythm
in AF patients” from “sinus rhythm in normal individuals” . However, AF patients do not always exhibit AF rhythm,
posing a challenge for diagnosis when the AF rhythm is absent. To address this, this paper proposes a novel artificial
intelligence (AI) algorithm to distinguish “sinus rhythm in AF patients” and “sinus rhythm in normal individuals”
in beat-level. We introduce beat-level risk interpreters, trend risk interpreters, addressing the interpretability issues
of deep learning models and the difficulty in explaining AF risk trends. Additionally, the beat-level information
fusion decision is presented to enhance model accuracy. The experimental results demonstrate that the average AUC
for single beats used as testing data from CPSC 2021 dataset is 0.7314. By employing 150 beats for information
fusion decision algorithm, the average AUC can reach 0.7591. Compared to previous segment-level algorithms, we
utilized beats as input, reducing data dimensionality and making the model more lightweight, facilitating deployment
on portable medical devices. Furthermore, we draw new and interesting findings through average beat analysis and
subgroup analysis, considering varying risk levels.
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1. Introduction

Atrial Fibrillation (AF) is a serious cardiac disease
that leads to a significant number of patients develop-
ing the condition and facing mortality, yet the diagnos-
tic rate remains low [33, 12]. Initially presenting as in-
termittent episodes that spontaneously terminate, AF is
a covert disease with an incidence that increases with
age [8, 4, 18, 19]. As illustrated in Figure 1, AF is
typically categorized into paroxysmal atrial fibrillation
(PAF), persistent atrial fibrillation (PeAF), and perma-
nent atrial fibrillation [19, 28, 20]. Without interven-
tion, PAF may progress to PeAF or even permanent AF,
posing serious harm to human health [8, 21].

∗Corresponding authors. Email: joy yuxi@pku.edu.cn, hong-
shenda@pku.edu.cn.

Electrocardiogram (ECG) is the most commonly used
screening tool for AF, but its effectiveness in early diag-
nosis is limited [26, 27]. Patients in the early stages are
mostly PAF [11]. Most of the time, patients with PAF
exhibit sinus rhythm. Existing algorithms can only dis-
tinguish between “AF rhythm in AF patients” and “sinus
rhythm in normal individuals”, making it challenging
to diagnose AF when AF rhythm is absent. Recently,
[25, 17]the widespread adoption of wearable devices
has increased the likelihood of collecting AF rhythm
data through long-term ECG monitoring. However, pa-
tients are unlikely to wear these devices continuously
due to comfort issues and high costs [23]. Addition-
ally, interpreting this data requires a significant amount
of expertise [24]. Therefore, establishing an artificial
intelligence (AI) algorithm that identifies “sinus rhythm
in AF patients” and “sinus rhythm in normal individu-
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(a) Normal

(b) PAF

(c) PeAF

Figure 1: Three Category of ECG: Normal, PAF (Paroxysmal Atrial
Fibrillation), PeAF (Persistent Atrial Fibrillation).

Figure 2: Three types of beat classification: Normal, AF, Serious AF.
According to the results of our average waveform experiments, as the
risk probability increases, the disappearance of the T wave becomes
more pronounced.

als” is crucial for preventing further complications and
avoiding fatalities.

Current research on AF detection during sinus
rhythm is limited to segment-level algorithms [12], with
no specific algorithms designed for beat-level analysis.
The real-life beat waveform is depicted in Figure 2. In
this study, we focus on the differences between P waves
and T waves. The P wave represents the atrial con-
traction phase, while the T wave represents the ven-
tricular recovery and repolarization phase [39]. Med-
ical research indicates differences in P-waves between
sinus rhythm in AF patients and sinus rhythm in nor-
mal individuals [33, 14, 34], highlighting the feasibility
of beat-level algorithms. Compared to segment data,
beat-level data offers finer granularity, facilitating fur-
ther analysis of risk variations. Furthermore, beat-level
data has lower dimensionality, resulting in lighter mod-

Figure 3: The various partitioning methods for sub-group analysis:
Stable, Before AF, After AF, Sinus beat near atrial premature con-
traction (BNA), Sinus beat near Premature Ventricular Contraction
(BNV). The red AF denotes AF segments, the red A represents atrial
premature contractions, and the black N represents sinus rhythm.

els suitable for deployment on portable medical devices.
Lastly, with the ability to segment ECG signals, each
patient can provide more samples, and decision methods
incorporating beat-level information can enhance accu-
racy.

Addressing the limitations of existing AI algorithms
for beat-level AF detection during sinus rhythm, we
have identified the following three challenges. First,
analyzing beat-level data is more challenging due to
lower information content and increased noise during
detection. Second, existing algorithms struggle to an-
alyze dynamic changes in patient risk and lack inter-
pretability. Morphological differences in heart rhythms
across different stages are minimal, making it challeng-
ing to analyze dynamic changes in AF risk. Third,
segment-level algorithms are inadequate for considering
risk variations, and beat-level studies have been limited
to AF segment analysis without considering normal seg-
ment data.

In response to the aforementioned challenges, we
proposes an interpretable framework for AF risk pre-
diction based on the variation of sinus beat probability.
The key contributions of our work are summarized as
follows:

• We propose an AF risk analysis algorithm at the
beat level to identify “sinus rhythm in AF patients”
and “sinus rhythm in normal individuals”. This ad-
dresses the issue of diagnosing AF in patients when
AF rhythm data is not available. Even in condi-
tions where the majority of data is sinus rhythm,
the algorithm can distinguish whether a patient has
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Figure 4: Overview. First, extract sinus beats from the ECG data as the input for Net1d to obtain the probability of being predicted as AF.
Depending on the number of beats, two levels of processing can be chosen: for a single beat, the beat-level risk interpreter (BRI) can be used for
risk interpretation; when there are a considerable number of beats, the beat-level probabilities are averaged over time groups through Time-Grouped
Average Risk Probability Division (TGD), and the beat-level information fusion decision (BID) is employed for AF decision-making; the trend risk
interpreter (TRI) is used for trend analysis based on the averaged probabilities over time groups.

AF.

• We introduce algorithms such as the beat-level risk
interpreter (BRI), beat-level information fusion de-
cision (BID), and trend risk interpreter (TRI), aid-
ing clinicians in providing further explanatory in-
formation about a patient’s ECG status during clin-
ical diagnosis. This assists doctors in making ac-
curate decisions. Our algorithms also improve on
parameter quantity and computational efficiency,
making them more suitable for wearable devices.

• We discover average waveforms for patients at dif-
ferent risk levels and conclude that the higher the
risk, the more pronounced the disappearance of the
T-wave. We present validation results for different
patients using the BRI, TRI algorithms, and exper-
imental results for the BID. In the subgroup analy-
sis, we found that sinus beats near premature ven-
tricular contraction (BNV) have higher predictive
value for AF.

2. Related Work

To accurately identify AF from ECGs, various data
input forms have been employed for AF detection.
Methods for detecting AF in both AF and normal data
include using segment-level signals as data input for AF
detection, using beat-level signals as data input for AF
detection, using a combination of single beat-level and
segment-level signals as data input for AF detection.
There are also methods focused solely on detecting AF
in normal data.

2.1. Detect AF patients during AF rhythm

Segment-level signals as data input. Using segment-
level signals as data input for AF detection often in-
volves the application of long short term memory
(LSTM) deep learning models and convolutional neu-
ral network (CNN)[2, 3, 4, 29, 5, 6, 7, 8, 35]. In [2], a
combination of CNN and LSTM model is employed to
detect waveforms of different heartbeat signals, elimi-
nating the need for feature engineering. While achiev-
ing high sensitivity, there is still potential to enhance the
capability of filtering AF from other cardiac rhythms.
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Figure 5: Architecture of Net1d

On the other hand, [3] demonstrates the ability to up-
date model parameters and accurately predict AF with
different duration and lead distributions, showing better
performance in identifying AF from other rhythms. In
[8], a combination of AF rhythm and morphological in-
formation improves the accuracy of AF detection, and
the algorithm exhibits strong interpretability. However,
there is room for improvement in discerning AF from
uncertain ECG signals where P-waves may be obscured
by noise.

Beat-level signal as data input. Using beat-level sig-
nals as input for AF detection has been explored in [9].
In [9], a CNN was employed to automatically recognize
and classify five different types of heartbeats in ECG
signals, including normal (N), supraventricular ectopic
(S), ventricular ectopic (V), fusion (F), and unknown
(Q) heartbeats. This approach, compared to traditional
machine learning methods, has the advantage of auto-
matically learning features from ECG signals without
the need for manually designed feature extractors. The
paper also addressed the issue of class imbalance in the
dataset by using synthetic data to balance the categories
of heartbeat data.

Beat-level and segment-level signals combined as data
inputs. Using a combination of beat-level and segment-

level signals as input for AF detection has been explored
in studies such as [16] and [20]. In [16], MINA com-
bines CNN and bidirectional Long Short-Term Mem-
ory network (Bi-LSTM) to extract domain-specific fea-
tures at different levels (beat-level, rhythm-level, and
frequency-level). These features are then combined
with ECG data, and a multi-level attention model is em-
ployed to enhance the interpretability of the model. This
allows the model to identify key beat positions, signif-
icant rhythm variations, and important frequency com-
ponents in ECG signals. [20] proposes a novel two-step
approach for detecting AF events. The first step involves
using a Support Vector Machine (SVM) to classify the
rhythm type of ECG signals into three categories: non-
AF, PAF, and PeAF. The second step utilizes a CNN
model to classify heartbeats predicted as AF rhythms,
determining the onset and offset points of AF events.

2.2. Detect AF patients during sinus rhythm

Detection of AF using solely normal ECG signals
as data input [12]. [12] employed a ResNet architec-
ture to identify ECG features indicative of AF during
sinus rhythm. The study designed a method for data
collection in interest windows for AF and non-AF pa-
tients, allowing the model to distinguish between the si-
nus rhythm of AF and non-AF patients. However, the
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(a) (b) (c) (d) (e)

Figure 6: Variations in model prediction probabilities. (a) The horizontal axis represents the groundtruth of the samples (AF or non-AF), while the
vertical axis represents the probability assigned by the model for each sample to be AF. The width of the graph represents the relative density of the
sample count corresponding to the current probability. (b) & (c) Illustrate the shapes of samples where the model predicted incorrectly for AF and
non-AF labels. The horizontal axis represents the data points of a beat (fixed at 200), and the vertical axis represents the filtered beat values. The
bold black waveform represents the result of averaging the values (d) & (e) Illustrate the shapes of samples where the model predicted correctly for
AF and non-AF labels.

collection method may introduce errors, and the discrete
nature of temporal sampling could lead to misclassifica-
tion of certain patients.

In the four data input forms mentioned for AF detec-
tion, none have utilized beat-level sinus rhythm heart-
beats as input data. Patients with PAF often exhibit
subtle symptoms in the early stages. Therefore, analyz-
ing abnormal signs in sinus rhythm heartbeats in ECG
is crucial for preventing AF. Furthermore, comparison
with widely used segment-level signal data reveals that
beat prediction probabilities fluctuate with the emer-
gence of AF segments. This indicates that beat-level
data exhibits higher sensitivity for AF alerts, enabling
timely diagnosis and treatment for patients.

3. Methods

In this section, we initially define the problem un-
der consideration and subsequently offer an overview
of the algorithmic process. Following this, we pro-
vide a detailed explanation of the Risk Analysis of AF
Based on Sinus Beat. After obtaining the probabil-
ity of disease for each beat, we can opt for the One
Beat-level module, employing BRI for individual beat
risk interpretation. Alternatively, the Multiple Beat-
level module can be selected to derive the average risk
probability through Time-grouped average risk proba-
bility division (TGD). Finally, the BID is utilized for
AF decision-making, while the TRI serves as a tool for
interpreting risk trends. Our code is publicly available
at https://github.com/leijsen/ECGBeat4AFSinus

3.1. Problem definition
A patient has multiple diagnostic segments of ECG

denoted as S i, i ≤ K, where K represents the number of

Index Accuracy Recall Precision F1 AUC
1 0.5581 0.5778 0.4836 0.5265 0.5845
2 0.6093 0.6713 0.5426 0.6001 0.6737
3 0.7438 0.7240 0.6693 0.6956 0.8129
4 0.7520 0.7263 0.7630 0.7442 0.8334
5 0.6399 0.5662 0.8155 0.6684 0.7527

Avg 0.6606 0.6531 0.6548 0.6470 0.7314

Table 1: Cross-validation results. The indices below represent the
test set names for the 5 cross-validation experiments and the averaged
results after experiments.

segments the patient has. Each segment is a two-lead
ECG data X ∈ R2×N , where N represents the length of
each lead signal. Initially, we obtain data for a single
lead of the patient’s ECG, denoted as x ∈ R1×k, where
k is the number of R-peaks in a lead signal. Based on
the doctor’s localization of R-peaks and a sampling rate
of 200 Hz, we obtain beat-level data d, corresponding
to one heartbeat. Simultaneously, based on the doctor’s
classification of each beat, we filter out beats labeled as
‘N’. Given the data for a sinus beat d, our risk analysis
task is to output a binary label Y ∈ {0, 1}, indicating
whether the corresponding beat data is non-AF or an
AF segment, along with the risk probability p ∈ [0, 1].

We define a continuous time series probability P =
{p1, p2, · · · , pi, pi+1, · · · , p j, p j+1, · · · , pk}, where n =
j−i+1, and n is the number of beats in a time group, 1 ≤
n ≤ k. The average risk probability for the m-th time
group is denoted as Pm

avg, where m ∈ {1, 2, · · · , ⌈ k
n ⌉}.

For a continuous sequence of t average risk probabili-
ties {P1

avg, P
2
avg, · · · , P

t
avg}, we can interpret the reasons

for its variation, providing specific locations of abnor-
mal ECG features and the level of AF risk. The overall
variable explanations are provided in table 2.
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3.2. Overview

As shown in Figure 4, the three main modules in-
clude: 1) AF risk analysis algorithm based on sinus
beats, predicting AF for unknown patients’ sinus beats;
2) The One Beat-level module includes BRI: provid-
ing interpretable analysis for individual sinus beats; 3)
The Multiplt-level module includes TGD, BID and TRI.
TGD: segmenting continuous individual beat probabil-
ities into time groups and calculating the average risk
probability within each group; BID: fusing informa-
tion across a group of beats to improve diagnostic ac-
curacy; TRI: explaining the dynamic changes in patient
risk. Depending on the amount of input data, different
modules are utilized to perform targeted analyses on the
data.

During the training phase, we construct a beat se-
quence using segmented sinus beats and sequentially in-
put them into the Net1D model. In the testing phase,
given multiple beat data D = {d1, d2, · · · , di} for a pa-
tient, we input it into the trained model to obtain the
predicted probabilities for the data D, denoted as P =
{p1, p2, · · · , pi}. BRI, located in the upper right corner
of Figure 4, provides the risk interpretation for indi-
vidual sinus beats. After TGD, P is transformed into
Pavg = {P1

avg, P
2
avg, · · · , P

t
avg}. BID, located in the mid-

dle right of Figure 4, offers a more accurate AF diagno-
sis for Pavg. TRI, located in the bottom right of Figure
4, provides interpretable risk change analysis for Pavg.

3.3. Risk Analysis of AF Based on Sinus Beat

Firstly, we preprocess the selected dataset, including
necessary filtering steps to eliminate baseline drift and
optimize signal quality, preventing shortcut issues [1].
Based on the doctors’ localization of the R-peaks in the
dataset, denoted as Rloc, where Rloc[i] represents the
time scale of the R-peak for the i-th heartbeat in the en-
tire ECG, 1 ≤ i ≤ k. According to the doctors’ labels
for each beat in the dataset, denoted as Rclas, beats are
periodic metadata in the ECG, where Rclas[i] indicates
the type of the i-th beat, 1 ≤ i ≤ k. With a sampling rate
of 200Hz, we define the length L of a beat as 200. For
the i-th beat, we define its left index li and right index ri

using equation:

li = Rloc[i] −
L
2
, ri = Rloc[i] +

L
2

(1)

All data in a single lead is segmented into beat-
level data sequences of equal length, denoted as D =
{d1, d2, · · · , dk}. The segmentation starts from the 10-
th R-peak and continues until the 5-th R-peak from the

Symbol Definition
S ECG diagnostic segment
K Number of segments a patient
X ∈ R2×N Dual-lead ECG data
N Number of ECG data points
x ∈ R1×N Data from a single lead
k Number of beats in a lead
d Data of a heartbeat
Y Binary label
p Risk probability
P = {p1, p2, · · · } Sequential risk probability
n Number of beats in a group
Pm

avg Average risk probability
m Present time group
t Continuous t time groups
Pavg = {P1

avg, · · · } Average sequence
Rloc R-peak localization
Rclas Beat classification
L Length of a beat
l Left index of a beat
r Right index of a beat
D = {d1, d2, · · · } Heartbeat data of a patient
Ly,p Model loss function
α Left index of the time group
β Right index of the time group
layer Output layer
fl Function of the l-th layer
θl Parameters of the l-th layer
v Feature map value
f Foward propagation function
w Output layer weights
cam Class activation map
map Mapped result
pre Predicted label
threshold Risk threshold

Table 2: Table of symbols

end to avoid noise at the beginning and end of data col-
lection. Based on Rclas, each beat is classified as ei-
ther ‘N’ or non-‘N’. ‘N’-type beats are retained, while
non-‘N’-type beats are discarded, resulting in all sinus
rhythm data for a patient. Since we are analyzing a bi-
nary classification problem, if a patient has at least one
segment S i marked as abnormal by doctor, the labels for
all heartbeat segments {S 1, S 2, · · · , S K} for that patient,
as well as the label for the beat data sequence D within
each segment, are defined as 1. Abnormal segments in-
clude PAF or PeAF. Otherwise, all heartbeat data D is
defined as 0.

After segmenting the ECG signals into beats, we use
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the Net1d model [32] with sinus beat data d as input
to learn implicit AF risk information in sinus data and
determine if the subject has AF. Figure 5 illustrates the
architecture of the Net1d model, detailed as follows.

Net1D first performs feature extraction on the data,
consisting of conv layers, BatchNorm (BN), and swish
activation layers. There are 7 different-shaped stage
modules, followed by averaging and linear layers to ob-
tain probabilities for predicting 0 and 1.

Each stage module contains 2 block layers, and a
block layer is generally composed of 3 decision points,
a baseConv layer, and a SqueezeAndExcitation (SE)
layer. The 3 decision points are: checking if this block
belongs to both the first stage and the first block, if
so, the input goes through the first baseconv layer and
then the following two baseconv layers; checking if this
block belongs to the first block, in which case, inter-
mediate data goes through padding and maxpool layers;
checking if the dimensions of input and output chan-
nels are the same, if not, the data goes through another
padding layer. Note: the two padding layers have some
differences in their processing. The final output is ob-
tained by using the Sum function.

The specific baseConv layer is composed of BN layer,
swish activation layer, dropout layer, padding layer, and
conv layer. The detailed SE is composed of averaging
layer, linear layer, swish activation layer, linear layer,
sigmoid layer, and the enisum layer, defined as follows:
considering two matrices, one with dimensions (a, b, c),
and the other with dimensions (a, b). Their multiplica-
tion, represented by the Einstein summation convention,
is given by the formula (2).

Aa∗b∗c = Ba∗b∗c ·Ca∗b (2)

Where A, B,C represent matrices, and a, b, and c are
the dimensions of the first matrix, and a, b are the di-
mensions of the second matrix.

The cross-entropy loss function Ly,p for the model is
given by:

Ly,p = −
(
y · log(p) + (1 − y) · log(1 − p)

)
(3)

where y represents the real label, p represents the pre-
dict label.

3.4. One Beat-level Module

Beat-level Risk Interpreter. In clinical judgment, physi-
cians often focus on the pathological regions of beats
[31]. Therefore, we utilize the Class Activation Map
(CAM) method to visualize and interpret the model’s
output. The CAM method highlights which parts of

Figure 7: Performance of the beat-level information fusion decision
(BID) algorithm. The horizontal axis represents the number of beats
in a time group, denoted as n. The vertical axis represents the AUC
value. Labels indicate different indices corresponding to the index.

the beat data contribute more to the prediction output.
Higher scores result in more vibrant colors, indicating
a higher importance of each region for the predicted
category. As illustrated in Figure 4 on the upper right,
brighter areas suggest that the model pays more atten-
tion to those regions, providing guidance on why the
model predicts a particular beat as AF or non-AF. The
detailed process is as follows:

layer = fl(d; θl) (4)

layer represents the model’s output layer, fl represents
the forward propagation function of the l-th layer of the
model, d represents the input beat-level data, and θl rep-
resents the parameters of the l-th layer of the model.

v = f (d; layer) (5)

v represents the feature map value, and f denotes the
forward propagation function of the model.

w =
∂Ly,p

∂layer
(6)

w represent the weights of the output layer, and Ly,p de-
notes the loss function.

cam = v · w (7)
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Figure 8: Confusion matrix.

cam represents the class activation map.

map = ReLU(
n∑

i=1

cami) (8)

map represents the result after mapping the class acti-
vation map,

∑n
i=1 cami represents the summation across

the first dimension of cam.

3.5. Multiple Beat-level Module

Time-Grouped Average Risk Probability Division.
Given a patient’s beat sequence D, we obtain the
model Net1d’s predicted risk probability sequence P =
{p1, p2, · · · , pk}, where k is the number of beats in the
sequence D. We divide n consecutive beats into a time
group, and the average risk probability Pm

avg for the m-th
time group is calculated as follows:

Pm
avg =

∑β
i=α pi

n
(9)

Here, α represents the left index of the n consecutive
beats, β represents the right index, and m is the in-
dex of the current time group. After calculating the
average risk probability for each time group, we form
the sequence of time group average risk probabilities
Pavg = {P1

avg, P
2
avg, · · · , P

t
avg}, t = ⌈ k

n ⌉.

Beat-level Information Fusion Decision. In clinical
practice, making a diagnosis based on a single beat-level
data may have some randomness. Therefore, leveraging
the flexibility and granularity advantages of beat-level
data, we propose the BID algorithm. It is described as
follows:

Figure 9: Calibration Curve for AF. The fitted calibration curve il-
lustrates the relationship between the model-predicted probability of
a sample being AF (x-axis) and the actual probability of the sample
being AF (y-axis).

We take the average of the predicted probabilities of
n consecutive beats for a patient, denoted as Pm

avg, as the
average risk probability for this segment of data. When
the average risk probability exceeds a certain threshold,
it indicates that the patient has a high probability of hav-
ing AF.

pre =

1 if pm
avg ≥ threshold

0 if pm
avg < threshold

(10)

Where pre represents the predicted label for the pa-
tient, with 1 indicating AF and 0 indicating non-AF.
threshold denotes the risk threshold defined by the doc-
tor, with 0 ≤ threshold ≤ 1, and the risk threshold can
be adjusted according to the actual situation.

Trend Risk Interpreter. In clinical diagnosis, medical
practitioners focus extensively on segments displaying
abnormal beats, facilitating a thorough analysis of these
anomalous cardiac rhythms. Following the acquisition
of a sequence of average risk probabilities Pavg, we un-
dertake an adjusted examination of this Pavg sequence
to observe the trend of risk variations, as depicted in the
lower right corner of Figure 4. During testing, when
Pm

avg falls outside an AF segment, it is depicted in blue.
The intensity of blue signifies a higher risk value of
Pm

avg, with deeper shades indicating increased risk. Con-
versely, when Pm

avg corresponds to an AF segment, it is
depicted in red. In normal ECG, each Pm

avg value typ-
ically remains below the risk threshold threshold and
exhibits a stable trend, signifying a low likelihood of
abnormality in this beat segment. In contrast, for ECGs
of AF patients, Pm

avg demonstrates an ascending trend
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Figure 10: ROC-AUC Curve.

Figure 11: T-SNE Clustering of Images. Represents the dimension-
ality reduction results after classification using the model.

from normal to AF segments, indicating a heightened
probability of abnormality in this segment.

4. Experiments and results

In this section, we will first introduce the dataset
used, then describe the performance of the model. We
will showcase the results of subgroup analysis, compar-
ing the parameters count of models at different levels.
Finally, we will highlight interpretability and new dis-
coveries. We primarily utilize the model with index=4
to showcase the results of various experiments.

4.1. Dataset
This study utilized publicly available datasets pro-

vided by CPSC 2021, accessible at [38]. These

databases consist of 1436 ECG recordings from 105
subjects, selected from the I-lead and II-lead of long-
term dynamic ECG signals. In this paper, only the data
from the I-lead was used. The duration of the records
varies, ranging from 0.14 to 411.11 minutes, with an av-
erage duration of 20.33 minutes [20]. All records have
an original sampling rate of 200 Hz.

In terms of data processing, this study employed a
specific method to label patients with AF. Specifically,
if there is at least one instance of AF in the data seg-
ment for a given patient, the entire patient is labeled as
having AF. Following this classification criterion, a to-
tal of 54 subjects were marked as having AF, while the
remaining 51 were classified as non-AF patients. This
classification was implemented to ensure the accuracy
of the model in detecting patients with AF and to en-
hance the model’s sensitivity to AF data.

Additionally, we segmented approximately
21,469,915 heartbeats from these records, includ-
ing 888,067 AF-related data and 1,258,848 normal
heartbeat data.

4.2. Classification performance
We evaluate the model performance using key per-

formance metrics including accuracy, precision, recall,
and Area Under Curve (AUC). The results of the 5-fold
cross-validation are shown in Table 1. We choose the
model with index=4 for displaying the AUC plot in Fig-
ure 10. The BID enhances the precision of patient pre-
diction, as depicted in Figure 7, illustrating the varia-
tion of AUC values with different lengths of time group
within beat quantity n. The graph indicates that as n
increases, the AUC value tends to grow, especially in
the range from 1 to 10, showing a noticeable improve-
ment. It is evident that, with the assistance of the BID
algorithm, beat-level risk assessment can enhance accu-
racy. When there is a relatively larger number of beats,
a higher level of detection can be achieved. However,
when the number of heartbeats increases to a certain
threshold, further increases can lead to a decrease in re-
sults.

We designed Figure 6 to showcase the probability dis-
tribution of model outputs. It illustrates the confidence
of the model on different samples and reveals the un-
certainty of the model across different categories. By
presenting multiple data points and their corresponding
average waveforms, we demonstrate both samples pre-
dicted incorrectly and those predicted correctly by the
model, along with their approximate shapes. The exper-
iment confirms that the majority of beat data is correctly
classified. However, there is a small portion that is mis-
classified, such as beats from AF patients being classi-
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 12: The image of CAM. The images (a)-(e) in the upper section represent normal sinus beats in healthy individuals, while the images (f)-(j)
in the lower section represent sinus beats in patients with AF.

fied as normal. This misclassification may occur when
certain key features of the beat, such as the P-wave or
T-wave, have minor fluctuations, misleading the model
into thinking it belongs to a normal individual. Simi-
larly, some beats from normal individuals may be mis-
classified as AF. This could be attributed to the promi-
nent P-wave features of the beat but with a partial dis-
appearance of the T-wave, leading to misclassification.

We conducted a detailed analysis of the model’s clas-
sification results through the confusion matrix shown in
Figure 8. This matrix visually displays the model’s per-
formance on true positives, false positives, true nega-
tives, and false negatives. The darker the values on the
main diagonal, the higher the probability that the model
predicted correctly.

In order to further evaluate the calibration perfor-
mance of the model, we plotted the calibration curve
shown in Figure 9. This curve illustrates the accuracy
of the model’s probability predictions. From the curve,
it can be observed that the model predictions are overly
confident, with predicted probabilities tending to be ei-
ther 0 or 1, resulting in an inverted sigmoid shape for
the blue curve.

Through the T-SNE clustering analysis in Figure 11,
we observed the distinctiveness of the model. After the
model distinguishes the data, there is a clear separation,
proving that the model has a certain ability to differen-
tiate between data with different labels.

4.3. Subgroup analysis
We conducted subgroup analysis on beats in different

states. In each model’s test results, the data were cat-

egorized into AF and non-AF, then the AF patient data
were further divided into 5 categories, as detailed in Fig-
ure 3. The non-AF data remained unchanged and were
combined with each of the 5 categories separately to ob-
serve the final results. The purpose of this combination
was to ensure the AUC was displayed correctly.

Stable, representing a given sinus beat without the oc-
currence of AF in the nearby time period; Before AF,
representing a given sinus beat with AF occurring in the
preceding time period but not before that; After AF, rep-
resenting a given sinus beat with AF occurring in the
time period before it but not after that; Sinus beat near
atrial premature contraction (BNA), representing a sinus
beat with the occurrence of atrial premature contraction
in the nearby time period; BNV, representing a sinus
beat with the occurrence of premature ventricular con-
traction in the nearby time period. ACC, REC, PRE, F1
and AUC respectively stand for accuracy, recall, preci-
sion, and F1 score, area under curve. NoNum represents
the number of beats that do not belong to this category,
AbNum represents the number of beats that belong to
this category, and Ratio represents the ratio of these two
quantities.

The experimental results are shown in Table 3. we
can observe better model performance in the BNV state,
indicating a heightened likelihood of AF occurrence
during ventricular arrhythmia. This discovery offers
novel diagnostic insights for clinicians. However, the
effectiveness of the model decreased in several other
scenarios, indicating challenges in detecting AF in other
situations.
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(a)

(b)

Figure 13: Temporal Changes in Average Risk Probability. In Each Subplot, the upper panel depicts an ECG waveform, where the blue segments
represent normal periods, and the red segments indicate AF episodes. The lower panel illustrates the time-averaged risk probability values, with
blue denoting normal segments and red indicating AF segments. Each group consists of 20 beats.

4.4. Model complexity analysis

In order to illustrate the lightweight nature of the
beat-level model, we compare it with the segment-level
model used in [12], both predicting data during a pa-
tient’s sinus rhythm period. From Table 4, we conclude
that the beat-level model is more lightweight, making it
more suitable for deployment on portable medical de-
vices compared to segment-level models.

4.5. Interpretability and new discoveries

Beat-level Interpretability. We used CAM to visualize
the interpretability of the model on beat-level data, as
shown in Figure 12. CAM illustrates the model’s atten-
tion on beat prediction. Brighter colors indicate higher
attention in the corresponding area, while darker colors
indicate lower attention. We demonstrated situations
where the model predicted high probabilities correctly
and compared cases of predicting AF and non-AF. A
noticeable observation is that when the data belongs to
a patient with AF, the model’s correct predictions are

based on the presence of a normal P-wave in the beat.
In the images predicting 1 (AF), the model did not de-
tect the P-wave, while in the images predicting 0 (non-
AF), the model clearly focused on the presence of the
P-wave. These findings align with the results of pre-
vious studies [33, 14, 34, 37, 10, 36], confirming the
correctness and accuracy of the model’s attention to the
data locations.

Beat probability trend. In the trend risk plot shown in
Figure 13. The upper panel depicts ECG signals, while
the lower panel illustrates the average risk probability
values for temporal groups. In both cases, blue repre-
sents normal segments, and red indicates AF segments,
with each group comprising 20 beats. We observed that
beat prediction probabilities increase with the occur-
rence of AF segments. When sinus beats are around AF
segments, the prediction probability is relatively high,
indicating that beats around AF segments can be iden-
tified by the model. During the normal stage, where
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Figure 14: Average sinus beat waveforms for patients at different risk levels. After sorting the probabilities for all patients, they are equally divided
into five parts, each representing a risk level. The bold black line represents the average waveform.

Class Index ACC REC PRE F1 AUC # of Normal # of AF
1 0.5080 0.2712 0.0791 0.1225 0.3567 285317 (87.33%) 41382 (12.67%)
2 0.4995 0.1329 0.0470 0.0694 0.2601 216377 (85.96%) 35345 (14.04%)

Stable 3 0.7134 0.4766 0.2605 0.3368 0.6674 307007 (84.73%) 55346 (15.27%)
4 0.7319 0.3209 0.1425 0.1974 0.6367 156347 (89.73%) 17900 (10.27%)
5 0.6426 0.2197 0.2243 0.2220 0.5395 115831 (76.80%) 34997 (23.20%)

Avg 0.6200 0.2800 0.1500 0.1900 0.4900 216176 (85.39%) 36994 (14.61%)
1 0.5423 0.3077 0.0000 0.0001 0.3973 285317 (100.00%) 13 (0.00%)
2 0.5581 0.1652 0.0012 0.0024 0.3078 216377 (99.68%) 696 (0.32%)

Before AF 3 0.7545 0.1104 0.0011 0.0021 0.4415 307007 (99.76%) 734 (0.24%)
4 0.7780 0.3786 0.0042 0.0083 0.6846 156347 (99.76%) 383 (0.24%)
5 0.7651 0.2702 0.0123 0.0235 0.5699 115831 (98.95%) 1225 (1.05%)

Avg 0.6800 0.2500 0.0000 0.0100 0.4800 216176 (99.72%) 610 (0.28%)
1 0.5423 0.6667 0.0001 0.0001 0.6758 285317 (100.00%) 12 (0.00%)
2 0.5578 0.1410 0.0013 0.0025 0.2785 216377 (99.61%) 851 (0.39%)

After AF 3 0.7548 0.2014 0.0019 0.0038 0.4933 307007 (99.77%) 720 (0.23%)
4 0.7778 0.3013 0.0033 0.0066 0.6591 156347 (99.75%) 385 (0.25%)
5 0.7648 0.2608 0.0124 0.0236 0.5580 115831 (98.91%) 1277 (1.09%)

Avg 0.6800 0.3100 0.0000 0.0100 0.5300 216176 (99.70%) 649 (0.30%)
1 0.5364 0.3965 0.0350 0.0643 0.4537 285317 (95.98%) 11942 (4.02%)
2 0.5431 0.2014 0.0214 0.0386 0.3152 216377 (95.44%) 10339 (4.56%)

BNA 3 0.7490 0.6152 0.1182 0.1983 0.7418 307007 (94.95%) 16319 (5.05%)
4 0.7427 0.3330 0.1176 0.1739 0.6390 156347 (91.87%) 13835 (8.13%)
5 0.7409 0.3526 0.1044 0.1611 0.6058 115831 (92.94%) 8794 (7.06%)

Avg 0.6600 0.3800 0.0800 0.1300 0.5500 216176 (94.64%) 12246 (5.36%)
1 0.5460 0.7424 0.0294 0.0566 0.6960 285317 (98.17%) 5327 (1.83%)
2 0.5647 0.7455 0.0474 0.0892 0.7249 216377 (97.14%) 6365 (2.86%)

BNV 3 0.7593 0.9108 0.0730 0.1352 0.9035 307007 (97.93%) 6478 (2.07%)
4 0.7796 0.7993 0.1024 0.1815 0.8711 156347 (96.94%) 4932 (3.06%)
5 0.7612 0.6246 0.1539 0.2469 0.7933 115831 (93.73%) 7744 (6.27%)

Avg 0.6800 0.7600 0.0800 0.1400 0.8000 216176 (97.23%) 6169 (2.77%)

Table 3: The performance of beats within each classification in subgroup analysis. extbfStable, representing a given sinus beat without the
occurrence of AF in the nearby time period; Before AF, representing a given sinus beat with AF occurring in the preceding time period but not
before that; After AF, representing a given sinus beat with AF occurring in the time period before it but not after that; Sinus beat near atrial
premature contraction (BNA), representing a sinus beat with the occurrence of atrial premature contraction in the nearby time period; BNV,
representing a sinus beat with the occurrence of premature ventricular contraction in the nearby time period. # of Normal represents the number
of beats that do not belong to this category, # of AF represents the number of beats that belong to this category. Time period is 10s.
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Beat Segment
Total parameters 0.10M 5.90M
Training parameters 0.10M 5.89M
Computational efficiency 0.0629s 0.6784s

Table 4: Comparison of parameter quantity and computational effi-
ciency between beat-level and segment-level models.

only sinus beats are detected, the prediction probability
increases, suggesting that the patient is likely to experi-
ence AF in the near future.

Average waveforms. We present examples of ECG
waveforms at different prediction probabilities in Fig-
ure 14. To avoid the influence of the sample size in each
interval on the interval waveforms, we sort all beats by
prediction probability, and then divide them into five
equal parts. These plots provide a visual understanding
of the model’s predictions. From Figure 14, we observe
that average waveforms can to some extent reflect the
health status of the patient’s beats. Due to the inherently
small size of P-waves, they are not easily observed in the
average waveform. However, T-waves, being relatively
larger, also gradually disappear with an increase in risk
probability. This indicates that when the risk probabil-
ity is high, the patient’s waveform becomes highly un-
stable, to the extent that both P-waves and T-waves may
disappear entirely.

5. Discussion

In this research, we devised a beat-level algorithm
designed for identifying AF from ECG signals in si-
nus rhythm. While our algorithm’s AUC performance
(0.7591) trails behind the segment-level algorithm AUC
reported by Attia et al. (0.87-0.90) [12], such a differ-
ence was anticipated. The strength of the beat-level al-
gorithm lies in its detailed analytical capabilities and po-
tential for real-time monitoring, laying the groundwork
for future development of more efficient information fu-
sion decision algorithms. On the contrary, segment-
level algorithms, while excelling in large-scale datasets,
may encounter challenges regarding real-time applica-
bility and portability in clinical settings.

Regarding the quantity and quality of data, it’s worth
noting the distinction between the single-lead 1-second
data utilized in our study and the 8-lead 10-second data
employed by Attia et al. [12]. This difference holds
importance in the design of algorithms for portable de-
vices, where lightweight and fast-running algorithms
are often imperative. Our algorithm showcases im-
proved adaptability in these aspects, a crucial factor

for extensive screening in environments with limited re-
sources.

The interpretability of the model is pivotal for clini-
cal comprehension and establishing trust in AI predic-
tions. Our beat-level interpreter unveils the crucial role
of the P-wave in AF detection, offering decision sup-
port for clinicians. In comparison, Attia et al.’s [12]
segment-level model lacks this transparency, potentially
constraining clinicians’ understanding of the model’s
prediction results. We consider improving model inter-
pretability as a key direction for future research.

In the experiment on the change of average risk prob-
abilities, it was observed that sinus beats near AF seg-
ments have higher risk probabilities, providing the pos-
sibility for early warning of patients. Clinicians can fo-
cus on segments with higher risk probabilities during di-
agnosis and combine them with BRI for more detailed
analysis.

According to the average waveforms experiment, we
found that patients with higher AF risk may have more
incomplete heart waveforms. Traditional research focus
on the disappearance of P waves, but our research also
explores the situation of T waves. The results show that
in some ECGs of AF patients, T waves may be lacking
or difficult to identify, which may be due to factors such
as rapid heart rate and irregular rhythm.

Finally, we acknowledge limitations in only the
CPSC2021 dataset, including the simplification of la-
bel assignment and the potential for overclassification,
as well as the constrained number of patients. In this
study, we opted for a simplified binary label assign-
ment method, categorizing patients based solely on the
presence or absence of AF episodes. This approach
may introduce an overclassification issue, particularly
when distinguishing between transient or infrequent AF
episodes. Given that the majority of patients exhibit a
dominant normal rhythm in their ECG signals, this sim-
plified label assignment might lead to misclassifications
by the model, especially in cases where AF episodes
are not prominently manifested. These limitations could
introduce variations in the model’s learning capacity,
influencing experimental outcomes. To address these
challenges, we plan to expand the dataset in future re-
search, encompassing a more diverse range of patient
populations, and refine the dataset partitioning strategy.

6. Conclusion and Future Work

In conclusion, we have established a beat-level algo-
rithm for identifying the risk of AF in distinguishing
“sinus rhythm in patients with AF” and “sinus rhythm
in normal individuals”. We proposed a BRI, BID and
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TRI, along with several findings, showcasing meaning-
ful clinical value. Providing timely AF risk reports to
patients, enhancing collaboration between physicians
and AI through the interpretability of model results, fa-
cilitates the prompt identification of AF, allowing for
early intervention and treatment of this condition.

In the future, we aim to improve the model’s gen-
eralization by incorporating more high-quality datasets.
Additionally, we plan to explore more rational label-
ing strategies based on the number or duration of AF
episodes to enhance the model’s performance.
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