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A B S T R A C T

Goal: To investigate the contextual and temporal distribution of false positives (FPs) in a state-of-the-art deep
learning (DL)-based atrial fibrillation (AF) detection algorithm when applied to an electrocardiogram (ECG)
dataset collected under free-living ambulatory conditions. We hypothesize that under such conditions, the FPs
detected by a DL model might have some correlations with the patient’s ambulatory contexts.
Method: First, a DL model is trained and evaluated on three public arrhythmia datasets from PhysioNet. It is
ensured that the model has state-of-the-art performance on these public datasets. Thereafter, the same model
is applied to a 215-days long contextualized single-channel ECG dataset collected under free-living ambulatory
conditions. Through a manual examination of the model’s output, ground truth is obtained and the correlations
between the patient’s ambulatory contexts and the true/false positive rate are analyzed.
Results: Nearly 62% of the segments marked as AF by the model were ≤50 seconds in length, and 99.9%
of them were FPs. Among these non-trivial short segments of FPs, almost 78% were mainly associated with
three specific contextual events; change in activity, change in body position (especially during the night), and
sudden movement acceleration. Moreover, the number of FPs detected by the DL model are higher in female
than in male participants. Finally, true positive (TP) AF segments are found more in the morning and late
evening.
Significance: These findings may have significant implications for the current use and future design of DL
models for AF detection, and help understand the role of context information in reducing the FP rate in
real-time AF detection under free-living conditions.
1. Introduction

Cardiovascular diseases (CVD) are one of the most common causes
of mortality worldwide, especially in the developed countries (Gaziano,
2001). Among all CVD, atrial fibrillation (AF) has the highest preva-
lence and is considered as a major contributor to stroke (Wolf, Abbott,
& Kannel, 1987). It affects nearly 10 and 2.3 million people in Europe
and the United States, respectively. This is projected to rise to 14–17
million in Europe by year 2030 and 5.6 million in the US by year
2050 (Go et al., 2001; Zoni-Berisso, Lercari, Carazza, & Domenicucci,
2014). Early diagnosis of AF can absolutely help in preventing heart
attacks and subsequent complications significantly.

ECG analysis is the most common means of AF diagnosis. However,
when AF and other arrhythmias are paroxysmal, they might be missed
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while performing the clinical investigation on short ECG recordings
and may remain undiagnosed (Dinakarrao, Jantsch, & Shafique, 2019).
Diagnosis may thus require longitudinal ambulatory monitoring in the
patient’s natural settings. Holter monitors and recent advancements
in wearable technology have made it possible to continuously collect
ambulatory ECG recordings. The challenge, however, is the manual
analysis of such long (several hours) ECG recordings by a cardiologist,
which is cumbersome, time consuming and hence extremely costly.

To aid with the analysis of longitudinal ECG, a number of computer-
aided arrhythmia detection techniques have been developed. They have
evolved from traditional feature-engineering (FE)-based techniques to
the more recent machine learning (ML) techniques, such as deep learn-
ing (DL). Techniques such as wavelet transformation (WT) (Shyu, Wu,
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& Hu, 2004), support vector machines (SVM) (Melgani & Bazi, 2008),
hidden Markov models (HMM) (Coast, Stern, Cano, & Briller, 1990),
and frequency domain analysis (Minami, Nakajima, & Toyoshima,
1999) are examples of FE-based approaches. They require domain
knowledge and mostly work well on clean ECG data. In contrast, the
DL-based techniques do not require manual feature extractions and in
recent years, there have been several advances in the application of DL
for AF and other types of arrhythmia detection, with a high level of
performance (Andersen, Peimankar, & Puthusserypady, 2019; Chocron
et al., 2020; Faust et al., 2018; Hannun et al., 2019; Limam & Precioso,
2017; Poh et al., 2018; Pourbabaee, Roshtkhari, & Khorasani, 2018;
Wang, 2020; Xu, Mak, & Cheung, 2018; Yao, Zhu, & Chen, 2017).

Despite these promising improvements in AF detection, bringing
these algorithms into widespread adoption still remains challenging.
When applying these algorithms on longitudinal ambulatory ECG
recordings collected in free-living conditions, they result in a large
number of non-trivial FP detection and display general performance
degradation (Ceylan & Özbay, 2007; Gao et al., 2019;
Halvaei, Svennberg, Sörnmo, & Stridh, 2020; Hannun et al., 2019; Yao
et al., 2017). This is primarily because the majority of these algorithms
are trained and evaluated on publicly available high quality ECG
datasets, which are collected in controlled clinical settings (Parvaneh,
Rubin, Babaeizadeh, & Xu-Wilson, 2019). Also, in many cases, only
a small number of subjects as well as carefully-selected clean-data
are used to provide good performance (Fan et al., 2018). The FP
rate (FPR) in a longitudinal ambulatory monitoring under free-living
conditions, could potentially lead to spurious or over-diagnoses and
patient anxiety (Cheung, Krahn, & Andrade, 2018), especially in the
population with a lower AF burden.

In this paper, we investigate the relationship between the false pos-
itive rate (FPR) of a DL-based AF detection algorithm and the patient’s
context using a dataset collected in an ambulatory, free-living environ-
ment. It is hypothesized that in such conditions, there are specific user
context which trigger more FP in a DL-based algorithm. For example, it
has been shown that different walking style and pattern influences the
FPR; in an abnormal heartbeat detection algorithm more FPs are found
when a person walks on a slope rather than on a flat surface (Noh,
Yap, & Jeong, 2013). We explore this more generally and examine the
relationship between FPR and patient’s context like activities, change in
body position (lying supine, lying left/right, standing etc.), movement
acceleration, eating heavy meals, user reported events and unusual
symptoms. Understanding the temporal and contextual distribution of
FPs in free-living condition will help in designing DL models which
incorporate such contextual confounders in their design, which thereby
can achieve context-specific dynamic adjustment of sensitivity and
specificity in free-living conditions.

The main contributions of this work are twofold: (i) We identify the
user context which result in a higher FPR in a DL-based model when
applied to ECG collected under free-living ambulatory conditions, and
(ii) we outline the design implication and the role of context-awareness
for the design of future DL-based AF detection models.

The rest of this article is organized as follows: Section 2, describes
the related work. The ECG datasets and DL model used in this study
are outlined in Section 3. In Section 4, the experimental details are
provided. The obtained results are presented in Section 5. Section 6
discusses the results in detail. Limitations and future work are described
in Section 7, followed by concluding remarks in Section 8.

2. Related work

Over the years, numerous techniques have been developed for
computer-aided automatic detection of AF and other types of arrhyth-
mias. This includes algorithms based on auto-correlation function, spec-
trum analysis, pattern recognition, threshold-crossing intervals, and
ML. Although these methods achieve a decent classification accuracy,
they face two significant challenges: (1) they require manual feature
2

extraction by the domain experts, and (2) their performance degrades
in the presence of noise. To overcome these challenges, researchers
have been exploring DL for AF detection. The DL models, such as
convolutional neural network (CNN), belief propagation deep neural
networks (DNNs), and long-short term memory (LSTM) networks are
now being extensively used in AF detection (Dinakarrao et al., 2019).
These models help in achieving end-to-end AF detection without any
need for manual feature extraction (Andersen et al., 2019; Pourbabaee
et al., 2018).

Andersen et al. (2019) built an end-to-end model by combining
CNN and recurrent neural network (RNN). In a 5-fold cross-validation
on MIT-BIH AF Database (AFDB), the model achieved a sensitivity
and specificity of 98.98% and 96.95%, respectively. In addition, the
model is claimed to be computationally efficient as it can process
24 h of ECG in less than a second. Similarly, Petmezas et al. (2021)
designed a hybrid CNN-LSTM network that utilizes focal loss and an
improved version of cross-entropy loss to improve the AF classification
in imbalanced ECG datasets and reported a sensitivity of 97.87% and
specificity of 99.29% in a 10-fold cross-validation on AFDB.

Lai, Bu, Su, Zhang, and Ma (2020) compared four different 8-
layer CNN based AF detection models and found that combining two
individual models of CNN with F-wave frequency spectrum and RR-
interval (RRI) features achieved better performance over the individual
model. On a 24 h long single lead in-hospital ECG, they achieved
accuracy, sensitivity, and specificity of 93.1%, 93.1%, and 93.4%,
respectively. Similarly, a multiplicative fusion approach was proposed
in MultiFusionNet (Tran, Li, Nocera, Shahabi, & Xiong, 2020) in
which a network combines two sub-networks. This network architec-
ture is reported to be performing well even with a small training
dataset. Besides, Fan et al. (2018) also introduced a multi-scale fusion
of deep CNN (MS-CNN) for AF screening from single lead short ECG
and achieved a classification accuracy of 96.99% on ECG as short as
5 s.

Pourbabaee et al. (2018) introduced a computationally intelligent
AF detection model employing deep CNN with raw ECG as inputs.
By employing the majority voting methodology for performance im-
provement, Wei et al. (2019) combined recurrence complex network
(RCN) and CNN and have achieved sensitivity, specificity, and accuracy
of 94.28%, 94.91%, and 94.59%, respectively. Further, Limam and
Precioso (2017) used a convolutional RNN comprising two independent
CNN models, where one of them used raw ECG data, and the other used
heart rate data as inputs. The features from these two CNNs are then
merged into an RNN for AF classification.

Apart from standard ECG, in recent years, other modalities such
as photoplethysmography (PPG), contextual and mechanical signals
(i.e., seismocardiograms) are also being explored for AF detection (Hur-
nanen et al., 2016; Kwon et al., 2019; Lahdenoja et al., 2017; Shen
et al., 2019). For instance, Hurnanen et al. (2016) used features of the
spectral entropy and a heart rate variability index computed from the
seismocardiograms and achieved a 99.9% true positive (TP) and 96.4%
true negative (TN) AF detection rate. Similarly, Lahdenoja et al. (2017)
achieved 97.4% accuracy in healthy versus AF classification using the
accelerometer and gyroscope readings of a smartphone.

Although the aforementioned models show good performance on
publicly available ECG datasets, their generalizability and performance
on ECG collected under free-living conditions remains problematic.
For instance, the model by Andersen et al. (2019) resulted in 4.99%
FPR when applied on unseen MIT-BIH NSR Database (NSRDB) which
only has the data from healthy subjects with normal sinus rhythm
(NSR). Similarly, the model by Lai et al. (2020) reported high FPR
on ambulatory ECG dataset as compared to its performance on AFDB.
Without addressing the FPR problem under the free-living condition,
bringing these models into widespread use will not be possible as FPR
(as small as 1%) could lead to over-diagnosis and patient anxiety in a

longitudinal screening (Cheung et al., 2018; Komorowski & Celi, 2017).
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Table 1
Technical specifications of databases. Ch: No. of ECG channels, T: Duration of the data
recording, F: Sampling frequency, N: No. of unique subjects in the recording, T-AF:
Duration of AF, R: No. of unique annotated rhythms.

Databases Ch F (Hz) T (h) T-AF (h/%) R N

AFDB 2 250 234.3 93.40 (39.87%) 4 25
MITDB 2 360 24.07 2.16 (8.97%) 15 47
NSRDB 2 128 437.5 0 (0%) 1 18

Moreover, there is an increasing awareness that the user’s activity
nd context is relevant in understanding and analyzing ambulatory
CG (Dinakarrao et al., 2019; Ebrahimi, Loni, Daneshtalab, & Ghare-
baghi, 2020). For example, it has been shown that a heartbeat clas-
ification algorithm based on ECG has more FPs when the subject is
alking on a sloped surface as compared to walking on a flat surface or

itting (Noh et al., 2013). In general, it is more and more acknowledged
hat under free-living conditions, the occurrence of FPR in an AF
lassification algorithm have some correlations with the user’s context.
hus, without understanding the patient’s context, ECG analysis under
ree-living conditions remains prone to a high FPR, which again may
ead to under/over diagnosis.

. Research methods

To investigate the contextual and temporal relationships of FPs
n a DL model applied on ambulatory data, the following approach
s followed. First, an end-to-end AF detection DL model is trained
nd ensured that it had the state-of-the-art performance on publicly
vailable ECG datasets. This model is then tested on a ambulatory
nd contextualized ECG dataset collected from patients under free-
iving conditions. Thereafter, the AF onset and offset detected by the
odel are manually examined and labeled by biomedical engineers and

ardiologists. Finally, the patient’s ambulatory contexts are analyzed
nd plotted against the FP and TP episodes detected by the model.

.1. Public arrhythmia datasets

This research is based on three public datasets from PhysioNet
Goldberger et al., 2000): the MIT-BIH AF Database (AFDB) (Moody,
983), the MIT-BIH Arrhythmia Database (MITDB) (Moody & Mark,
001), and the MIT-BIH NSR Database (NSRDB) (Goldberger et al.,
000). Table 1 lists the technical specifications of these databases.
hese have labeling of different types of arrhythmias. As this work
ocuses on AF, the data is categorized into two classes: ‘‘AF’’ and
‘other’’ (which includes noise, NSR, and other types of arrhythmia (if
ny) combined).

.2. Contextualized ECG dataset

None of the public arrhythmia databases from PhysioNet (Gold-
erger et al., 2000) have any information about the patient’s context
uring the ECG recording. Moreover, despite being ambulatory, ECG
ecordings are limited to a few hours as well as activities. Therefore,
hey do not contain ECG morphology changes and noise contamination
rom activities that occur in natural free-living settings (e.g., biking,
limbing stairs, running, jogging, walking).

In this study, the mCardia system (Kumar et al., 2022) is used
or collecting ambulatory single-channel contextualized ECG in the pa-
ient’s natural setting. The resulting dataset is named as the ‘‘CACHET
ontextualized Arrhythmia Database (CACHET-CADB)’’. The partici-
ants are recruited from India and Denmark. Ethical approval for the
ata collection is obtained from the Institutional Review Board of the
ahatma Gandhi Medical College and Research Institute, Jaipur, India,

nd the Danish National Committee on Health Research Ethics. Patient
ecruitment took place during their outpatient arrhythmia clinic visit,
3

Table 2
ECG and contextual data types in the CACHET-CADB with source and sampling rate.
S: Sensed. PR: Patient-reported. EB: Event-based.

Data type Type Data source Sampling rate

ECG S EcgMove4 1024 Hz
HR S EcgMove4 1/60 Hz
Movement acc. S EcgMove4 64 Hz
Rotation rate S EcgMove4 64 Hz
Body position S EcgMove4 1/60 Hz
Activity S EcgMove4 & Phone 1/60 Hz & EB
Steps S EcgMove4 & Phone 1/60 Hz & EB
Events PR EcgMove4 & Phone EB
Weather S Phone 4/day
Sleep PR & S Phone 1/day
Stress PR Phone 1/day
Noise level S Phone 1/120 Hz
Dietary PR Phone 1/day

and only patients who are either already diagnosed with paroxysmal AF
or suspected of having AF are included. Data collected from 21 patients
(13 male and 8 female) with an average age of 58.7 ± 10.11 years is
used in this study. The length of the ECG recordings from patients vary
from 3 days to 3 weeks.

Table 2 lists the details of the collected data. The mCardia system
uses a Movisens single-channel ECG monitor (EcgMove4) mounted on
the chest of the patient, which samples ECG at 1024 Hz with a 12-
bit resolution (Movisens GmbH, 2019). Contextual data is collected
both from the EcgMove4 device and from the participant’s mobile
phone. This data can be categorized into three main types: (i) passively
sensed data such as activity, acceleration, body position, noise, and
local weather; (ii) patient-reported data such as sleep quality, stress
level, food consumption; and (iii) experienced symptoms recorded as
‘events’, such as palpitations or shortness of breath. For the event-
based data, participants can tap on the EcgMove4 device if they feel
any unusual symptoms and then provide additional information in the
mCardia app, including specifying the duration of the symptoms and
the type of activity they were doing when the event occurred. More fine
grind (every 10-seconds) activity, movement acceleration, and body
position features are extracted by processing the raw 3D accelerometer
and gyroscope data from the EcgMove4 device using the Movisens
DataAnalyzer tool (Movisens GmbH, 2020). Patient-reported data, such
as symptoms events, food intake and stress levels, are used without
pre-processing.

3.3. Model overview

An end-to-end AF detection model, which is a modification of An-
dersen et al. (2019) for a single channel ECG is developed for this study.
The original model is trained and tested on two channel ECG from
AFDB dataset, but since the CACHET-CADB uses only a single channel,
we choose to modify and train the model on a single channel ECG.
The multi-layer CNN is utilized for extracting high-level features from
the raw input sequence and RNN is used for processing the sequential
features extracted by CNN. Fig. 1 shows the high-level architecture of
this DL model.

3.3.1. Data preparation and pre-processing
To train the model on the AFDB dataset, we utilize the RRI as

input for feature extraction. Irregular ventricular contraction due to
AF is reflected in the RRIs and have been used in several studies for
efficient detection of AF (Andersen et al., 2019; Moody, 1983; Nguyen
et al., 2018; Zhou, Ding, Ung, Pickwell-MacPherson, & Zhang, 2014).
Moreover, it is computationally less expensive and thus can be utilized
for real-time AF detection in wearables. The public databases (AFDB,
MITDB, and NSRDB) already provide the locations of R-peaks in the
raw ECG, which is used to find the RRI using the following formula:

𝑅𝑅𝐼(𝑛) =
𝑟𝑃 𝑒𝑎𝑘𝑠(𝑛 + 1) − 𝑟𝑃 𝑒𝑎𝑘𝑠(𝑛)

, (1)

𝑓𝑠
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Fig. 1. The network consisted of 2 convolutional layers, followed by a pooling layer. Features extracted in the convolution are fed into the LSTM layer, which consists of 100
hidden units. Finally, the sigmoid layer gives the binary output of the entire 30 RRIs long window. The network takes 30 RRIs (calculated from raw ECG) data as input and
outputs a binary classification of AF or non-AF class.
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where 𝑓𝑠 is the sampling rate. These RRIs are segmented into windows
of 30 RRIs and fed as inputs to the model. Each consecutive window has
an overlap of 10 RRIs. The beat-by-beat annotations are used to create
the new annotation of the entire window of 30 RRIs. If the fraction
of AF beats in the windows’ length is more than 0.5, then the entire
window is labeled as AF (Andersen et al., 2019).

The length of ECG recordings in the CACHET-CADB varies from
a minimum of three days to three weeks and are therefore trimmed
into segments of 24 h to ease the processing and analysis. Since it is
an ambulatory ECG dataset and contains many artifacts, we used a
set of filters and techniques to minimize the artifacts: (i) Band-pass
[0.5 to 50 Hz] filter to remove artifacts and baseline wander, (ii)
Savitzky–Golay filter (Press & Teukolsky, 1990) of polynomial order
3 for smoothing the data, and (iii) 10-seconds sliding windows to
calculate the cross-correlation and reject noisy signal. In the prepro-
cessing stage, each 10 s ECG signal window with cross-correlation
(autocorrelation) coefficient <0.65 was rejected as noisy. This coef-
ficient was obtained through multiple experiments, ensuring that we
do not reject any valid ECG signals in the preprocessing stage, even
if it means allowing some noise to pass. Thereafter the Pan–Tompkins
algorithm (Pan & Tompkins, 1985) is used to calculate the R-peaks from
the ECG signal, and from these R-peaks the RRIs are obtained using
Eq. (1). It is important to note that the CACHET-CADB dataset is only
used for testing the hypothesis; model is trained on the AFDB.

3.3.2. Model architecture
The processing steps of the model is illustrated in Fig. 1. After

pre-processing, the windows of 30 RRIs are fed into the convolution
layer, which extracts the temporal features from the input signal. The
model consists of two successive convolution layers. The first layer has
a kernel size (𝐾𝑠𝑖𝑧𝑒) = 5, and its output filter (𝑛𝑓𝑖𝑙𝑡𝑒𝑟) consists of 60
learned features. The second convolution layer has these 60 features as
its input with a kernel size (𝐾𝑠𝑖𝑧𝑒) = 3 and 𝑛𝑓𝑖𝑙𝑡𝑒𝑟 = 80 output features.
In both CNN layers, the input is zero-padded to preserve the temporal
dimensions.

After that, the max-pooling operation is performed to retain max-
imum spatial information while reducing the temporal dimensions of
the extracted features in the convolution stage. The pooling layer uses
a kernel size of 𝑃𝑠𝑖𝑧𝑒 = 2 with strides of two and reduces the temporal
dimension by half. The pooling layer output is passed as input to the
bidirectional LSTM layer. It consists of 𝑛 = 100 hidden units. Finally,
4

𝑢𝑛𝑖𝑡𝑠 t
the output of the LSTM layer is passed to a single sigmoid neuron. It
outputs a probability of a given input sequence of 30 RRIs belonging
to AF. The default probability threshold is set to 0.5. If the probability
is ≥0.5, the input sequence belongs to the AF class; otherwise, it is
classified as ‘‘other class’’. Further details of the model and its tuning
parameters can be found in Andersen et al. (2019).

3.4. Model evaluation metrics

In order to evaluate the performance of the AF detection model
on the different arrhythmia datasets, we applied the sensitivity (Se),
specificity (Sp), FPR, and accuracy (Acc), which are the standard met-
rics used for evaluating the performance. They are defined as follows:

𝑆𝑒 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

, (2)

𝑝 = 𝑇𝑁
𝑇𝑁 + 𝐹𝑃

, (3)

𝐴𝑐𝑐 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

, (4)

𝐹𝑃𝑅 = 𝐹𝑃
𝐹𝑃 + 𝑇𝑁

. (5)

where 𝑇𝑃 , 𝐹𝑁 , and 𝑇𝑁 stands for true positives, false negatives, and
rue negatives, respectively.

. Experiment

Fig. 2 shows the workflow of our experiment. It involves the follow-
ng four steps: (A) Testing the DL model on public datasets and compar-
ng its performance with state-of-the-art on these datasets, (B) Applying
he model on the CACHET-CADB, (C) Manual annotation of the model’s
utput for the ground truth, and (D) Mapping the contextual data to
he TP and FP predicted by the model. Each of these steps are detailed
elow.

.1. Testing model on public datasets

In the first step, we train and test the model’s performance on
he public databases from PhysioNet (AFDB, MITDB, NSRDB) and
ompare it with state-of-the-art performance by other DL models on

hese databases. It should be noted that compared to other models
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Fig. 2. Experimental workflow explaining the steps of the experiment — (1) training and testing AF detection model on public datasets, (2) applying DL model on contextualized
ECG datasets CACHET-CADB, (3) manual annotation of the DL model’s performance on the CACHET-CADB, and (4) analyzing the ambulatory contexts in which TPs and FPs were
found.
in the literature, which are mostly trained and tested on two-channel
ECG of these public datasets, our model for this experiment is trained
on single-channel (channel-1 of AFDB). It is primarily because our
CACHET-CADB used for the contextual analysis contains only single-
channel ECG. As the length of the input RRIs window significantly
influences the DL models’ performance, we have tested various RRI
window lengths (i.e.,10, 15, 20, 25, 30, 35) and overlapping. Similar
to Andersen et al. (2019), the window of 30 RRIs with an overlapping
window of 10 RRIs produced the best performance on AFDB. Therefore,
the final model was trained on a window of 30 RRIs with an overlap
of 10.
5

4.2. Applying model on CACHET-CADB and mapping model output to raw
ECG timestamp

After achieving state-of-the-art performance on the public datasets,
the trained model is applied to the CACHET-CADB. Since the input to
the DL model are RRIs (after classification), they are mapped back to
raw ECG (see Fig. 3), and the timestamp of each AF onsets and offsets
marked by the DL model are stored in a CSV file. The duration between
a single AF onset/offset pair will be referred as a ‘‘segment ’’ throughout
the rest of this article.

Please note that before applying the trained DL model on the

CACHET-CADB, one biomedical engineer and a cardiologist quickly
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Fig. 3. Process of mapping DL model’s output to raw ECG timestamp. The AF segments between onset and offset are marked in red.
Table 3
Performance of the model on public datasets and its comparison with other state-of-the-art models. C: No. of ECG channels.

Algorithm C AFDB MITDB NSRDB

Se (%) Sp (%) Acc (%) FPR (%) Se (%) Sp (%) Acc (%) FPR (%) Se (%) Sp (%) Acc (%) FPR (%)

Xia, Wulan, Wang, and Zhang (2018) 1 98.79 97.87 98.63 – – – – – – – – –
Lai, Zhang, Zhang, and Heyat (2019) 1 97.4 97.2 97.3 – – – – – – – – –
Wei et al. (2019) 2 94.28 94.91 94.59 – – – – – – – – –
Yao et al. (2017) 2 98.22 98.11 98.18 – – – – – – – – –
Dang et al. (2019) 2 99.93 97.03 96.59 – – – – – – – – –
Andersen et al. (2019) 2 98.17 96.29 97.10 3.71 98.96 86.04 87.40 13.96 – 95.01 – 4.99
This work 1 96.06 98.29 97.04 1.7 96.87 86.94 87.98 13.06 – 94.44 – 5.56
skimmed through the CACHET-CADB. This pre-screening of the
CACHET-CADB database should not be confused with the annotation
process, which is described in the next section. Based on the subjects’
medical history and this pre-screening of the recording of CACHET-
CADB, the recordings were categorized into one of three types: (i) NSR,
(ii) paroxysmal AF, and (iii) persistent AF. Although, the subjects
who are either previously diagnosed with AF or suspected of being
at high risk for AF are recruited for this study, it is observed during
the pre-screening process of the database that a few subjects had
persistent AF. These subjects are excluded from further analysis since
the contextual analysis of FP/TP in such subjects is not useful for testing
our hypothesis.

4.3. Manual annotation

As illustrated in Fig. 2, a two-stage screening strategy is adopted
in the manual annotations. In the first stage, each AF onset and offset
segments marked by the DL model are reviewed by a biomedical
engineer. The obvious noisy or NSR segments are labeled in this round.
The ambiguous segments are passed into the second stage, where two
independent cardiologists annotated each segment. The two cardiolo-
gists’ annotations are compared to obtain the final labels. Note that
since the focus of this experiment was on AF, the annotations were
binary, i.e., AF or non-AF class (which covered all other rhythm types,
including noise). If there was a disagreement between the annota-
tions of the two cardiologists, we did the second round of blindfold
re-annotation by the same two cardiologists. The segments which re-
mained unclassified or in disagreement even after the second round of
annotation were treated as FPs. Based on this approach, each segment
of AF marked by the DL model is assigned a ‘‘ground truth’’ label as
either TP or FP.

4.4. Mapping contextual data to TPs and FPs

After the manual annotation process, the patient’s context (move-
ment acceleration, activity, body position, tap events, reported stress
6

level, food intake, etc.) corresponding to those TP and FP labels are
analyzed.

5. Results

The DL model for AF detection used in this work is built in Python
3.7 using Keras and Tensorflow 2.0. The model utilizes RRI for feature
extraction instead of the raw ECG; thus, the computational time and
resource requirement is less compared to the conventional DL models.
On a Dual-Core Intel Core i7 (3.6 GHz) CPU with 16 GB RAM and Intel
Iris Plus Graphics 650 graphic card computing environment, it takes
0.62 s to classify 24 h of ECG and 2.65 s to map the model output to
ECG.

5.1. Performance on the PhysioNet datasets

Table 3 lists the performance of the model on three public datasets
from PhysioNet. In a 5-fold cross-validation, the Se, Sp, Acc, and
FPR on AFDB are shown to be 96.06%, 98.29%, 97.04%, and 1.7%,
respectively. We trained and tested on ECG channel-1 and channel-2
of the AFDB independently, and found the performance on channel-1
slightly better than channel-2. Thus we chose to train the model on
channel-1 for the rest of the analysis. Both the MIT-BIH Arrhythmia
Database (MITDB) and NSRDB are used only for testing the model’s
generalization and, as expected, the FPR on these unseen databases is
higher (13.06% and 5.56%, respectively).

5.2. Analyzing FPs in the CACHET-CADB

A total of 215 days single-channel ECG of 21 subjects from the
CACHET-CADB is analyzed using the DL model. During the manual
screening, four subjects are found to remain in persistent AF and are
excluded from further analysis (see Fig. 2). Table 4 shows the total
number of segments marked as AF by the DL model, the number of

recording days, the average number of onset/offset segments per day,
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Fig. 4. Statistical analysis of short (≤50 s) segments of FPs and the ambulatory contexts in which they appeared.
Fig. 5. Annotation summary after manual examination.
and the number of segments of length ≤50 s and ≥400 s. An average
261 segments per day are flagged as AF by the DL model of which more
than 62% are of length ≤50 s.

Fig. 5 shows the results of the manual annotation process. A total
of 41,648 segments are marked as AF by the DL model. A biomedical
engineer, in the first stage, manually annotated and looked for obvious
noisy/NSR segments. When in doubt, a segment is sent to the second
stage and annotated by two cardiologist. In the second stage, a total of
1707 segments are annotated, of which 747 turned out to be TPs, and
the remaining 960 are FPs.

5.2.1. Correlations between FPs, TPs, and context features in the CACHET-
CADB

As shown in Table 4, nearly 62% of the total AF segments detected
by the model are of length less than 50 s, and 99.9% of them are
FP (Fig. 5). In the statistical analysis (Venn diagram shown in Fig. 4)
and visual inspection of these short segments of FPs and corresponding
ambulatory contexts, it is found that these short segments of FPs are
primarily associated with sudden movement acceleration (77.66%), a
7

change in body position (29.34%), and activity change (17.64%). A
total of 14.16% of them are related to all three of the above-mentioned
context changes, whereas 22.15% (OT in Fig. 4) remained unrelated to
any particular context change. Fig. 6 shows 24 h of ECG with the AF
segments detected by the DL model, the ground truth (true labels after
annotation by the cardiologists), and their correlations with the user-
context. Whenever there is a sudden peak in movement acceleration,
and if the DL model has classified that ECG segment as AF, it is
mostly FP when it is of length less than 50 s. On the other hand,
in the long segments (≥50 s) of FP, no conclusive pattern with the
analyzed ambulatory contexts was found. The long segments of FP
are contributed by multiple premature ventricular contraction (PVC)
beats (bigeminy, trigeminy etc.) and atrial flutter. Please note that
we did not annotate and statistically analyze these other arrhythmias
individually as this experiment primarily focused on AF; everything else
was categorized into a single category as non-AF.

Interestingly, among the TPs, only <1% of the segments are ≤50 s,
and the remaining are of length >50 s. Amidst these long (>50 s)
TPs segments, 16.7% correlated with (started on) sudden movement
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Fig. 6. User context and FP occurrences in a 24 h ECG. The AF detected by the DL model in 24 h ECG is shown in (a). The ground truth of AF episodes after manual annotation
is shown in (b). The short segments (≤50-s) of FP detected by the DL model in (a) are associated with movement accelerations peaks in (c) and the body position and activity
change in (d) and (e).
Fig. 7. Movement acceleration induced irregularity in RRIs resulting in FP detection.
accelerated, 6.5% with change in activity, and 3.8% with the change
in body positions. Also, 2.2% have all three context types in com-
mon, i.e., movement acceleration, activity change, and body position
change. When further investigating the correlation between TPs and
user-generated reports on stress and food intake, no conclusive pattern
is found. This is primarily due to the fact that many of the patients in
paroxysmal AF failed to fill out the stress and food surveys regularly,
and those who filled them regularly are either in continuous AF or did
not have any AF episodes at all.

With respect to patient reported tap marker events and time in
general, the analysis of TP is done for only subjects in paroxysmal AF.
Three subjects from this category in our dataset are found to have more
8

TP AF onsets/offsets clustered around morning and late evening hours.
Also, most of the self-reported tap marking events of unusual symp-
toms are also around these time periods. The most common symptom
reported in these self-reported events are ‘‘shortness of breath’’ and
‘‘palpitation’’.

Finally, an investigation on the possible gender differences in the
number of FP detected by the model showed that the female par-
ticipants are more prone for FP than male participants. This could
be attributed to the mounting of the ECG device on the chest hav-
ing breast movements for females adding more confounding motion
artifacts. Besides, as ECG patterns are significantly different between
genders (Surawicz & Parikh, 2002); this result could also be due
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Table 4
Statistics of DL model’s performance on CACHET-CADB. AF-DL: Number of segments
detected as AF by DL model.

Subject AF-DL Days Avg/day Seg ≤ 50 s Seg ≥ 400 s

S1 1991 12 166 1348 68
S2 2826 5 565 1857 25
S3 3419 16 214 1705 317
S4 3712 10 371 1711 107
S5 2308 11 209 1381 166
S6 3198 12 266 1877 65
S7 1702 12 141 1374 32
S8 3058 8 382 2132 153
S9 2415 12 201 1646 55
S10 4290 16 268 2835 71
S11 1236 19 65 883 37
S12 2470 12 205 1707 116
S13 1453 14 103 764 283
S14 787 5 157 614 8
S15 2075 4 518 1152 46
S16 2742 8 342 1569 97
S17 1966 7 280 1435 10

to the bias of female gender distribution in the AFDB (training)
dataset.

6. Discussion

The DL model designed and trained in this paper achieved state-of-
the-art performance when applied to the AFDB. However, the number
of FPs increase when applied on the MITDB and NSRDB, and, as
hypothesized, the number of FPs increased even more when applied
on the CACHET-CADB, which contains data collected under free-living
ambulatory conditions. In this section, we discuss these findings and
reflections upon their implications on the design of AF detection models
and their use for CVD monitoring.

6.1. False positives and user context

Our results show that despite showing good performance on pub-
lic datasets (Table 3), applying the DL model on ambulatory ECG
recordings collected under free-living conditions resulted in a very large
number of non-trivial FPs. When investigating the correlation between
the FPs and the user’s context, it is revealed that the nearly (78%)
of short length non-trivial FPs are associated with three primary con-
text features; (i) activity change, (ii) body position change (especially
during the night), and (iii) movement acceleration (see Fig. 4 and
Fig. 6).

Based on these findings, the DL model could be significantly im-
proved by taking such contextual information into consideration. If a
segment marked as an AF onset is at the start of sudden movement
acceleration, user activity change (i.e., sitting to walking or running),
or a body position change during the night (from supine to lying on
the left side), and is not lasting for more than 50 s, then there is a
high probability that this is a FP. Fig. 7 depicts how the change in
context induces the variability in RRI, which resembles the ECG during
AF. A similar pattern can also be seen with the movement acceleration
in Fig. 6; whenever there is a peak in movement acceleration and if the
DL model has marked an AF onset on this peak, it is mostly a FP if it
last less than 50 s.

As for the temporal distribution of AF, it is well-known that AF
episodes are more prevalent early in the morning and late in the
evening (Hansson, Madsen-Härdig, & Olsson, 2004; Viskin et al., 1999).
In our analysis, it is found that a small number of subjects who had
TP AF occurrences in the morning and evening. The knowledge about
such temporal patterns to AF episodes can be utilized to dynamically
fine-tune the sensitivity and specificity of an AF detection algorithms
during such AF-prone time periods.
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Since it is known that mental stress and certain types of food and
drink intake (e.g., alcohol, coffee or a heavy meal) are common triggers
of paroxysmal AF (Hansson et al., 2004), it is important to consider
these factors. However, due to the patients’ lack of compliance in
providing this information regularly during the data collection period,
it is not possible to see any such conclusive patterns in the analysis.
To convey this, the availability of automatic bio-markers for detecting
food intake (Sazonov & Fontana, 2011) and mental stress (Hovsepian
et al., 2015) may be useful in the future for dynamic adjustment of the
DL models output.

6.2. Implications for algorithm design

The results from this study clearly show the influence of the pa-
tient’s ambulatory contexts on the algorithm’s FPR. This insight gives
us the following options that can improve the AF detection algorithm’s
performance.

Firstly, as shown in this study, nearly 99.9% of the short segment
(≤50 s) are falsely marked as AF, and nearly 78% of these short
segments (see Fig. 4) were associated with is a change in activity,
body position or movement acceleration. A context-aware heuristic can
be built to adjust the probability of sigmoid function. For instance,
when an AF is detected around a change in activity or body position,
such segments can be put in the buffer, and subsequent segments
can be observed before deciding the final probability. Context infor-
mation can also be utilized with methods such as a majority voting
scheme (Hurnanen et al., 2016; Wei et al., 2019) for improving the
model’s performance. Note that even though some TP segments also
started on context changes (as shown in Section 5.2.1), the majority
(over 99%) of these TPs last more than 50 s. Therefore they will not
impact the above context-aware heuristics proposal of reducing the
short segments of non-trivial FPs which last <50 s.

Similarly, falls are common amongst elderly patients suspected of
AF (Hung et al., 2013), and Se and Sp of algorithms can be fine-tuned
around such context information. For example, for a given 30 s of
input ECG sample, the DL model gives the probabilities as 0.4 or 0.49,
whereas the cutoff probability for classifying a sample as AF is set as
≥0.5. However, if the given sample belonging to an elderly patient,
and a fall has been detected (e.g., via other contextual sensors like the
accelerometer) just before this sampling window, the final probability
should factor the fall and increase the likelihood of this sample being
a TP despite the model’s probability slightly less than 0.5.

Secondly, since nearly 78% of non-trivial short length (≤50 s) FPs
are happening in specific contexts such as changing body position in
the bed, on activity change, sudden movement acceleration implies
that ECG morphology corresponding to these activities is missing in
the public dataset (AFDB). Taking inference from these findings, future
DL models should try to include additional ECG data specific to these
contexts in ambulatory free-living conditions. Combining additional
ECG morphology in training sets (in addition to public datasets) from
these specific contexts would help reduce the FPR.

Thirdly, it has been argued that designing models capable of uti-
lizing multi-modal data can improve the limitations posed by models
trained on any single modality (ECG alone) (Hong, Zhou, Shang, Xiao,
& Sun, 2020). Although several researchers have explored techniques
like ECG signal quality indexing and multi-modal signals to reduce false
alarms, this work is limited to a clinical settings (Aboukhalil, Nielsen,
Saeed, Mark, & Clifford, 2008; Behar, Oster, Li, & Clifford, 2013; Sadr
et al., 2016). It is not possible to get many of these multi-modal signals
from wearables when doing AF monitoring under free-living conditions.
However, in the ambulatory setting, contextual features extracted from
other sensors on the ECG device in combination with data collection
from mobile phones (both sensors and user-generated reports) can be
utilized as input signals for the design of multi-modal DL algorithms.
For example, accelerometer and gyroscope data has been shown use-
ful for AF assessment (Lahdenoja et al., 2017). Hence, utilizing such
contextual data alongside ECG for a multi-modal algorithm design can

help in improving the classification of AF under free-living conditions.
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6.3. Challenges in bringing mHealth based longitudinal AF screening under
free-living conditions

The higher FPRs and incorrect diagnosis in these DL models under
free living condition would require careful manual check if used in
ambulatory monitoring of patients. This clearly would increase the
cost of ambulatory monitoring and is not practically feasible. The
risk of inadequate AF diagnosis and treatment in the form of anti-
coagulation may put patients at risk of bleeding complications (Carley,
Griesbach, Larson, & Krueger, 2014; Kirley, Qato, Kornfield, Stafford,
& Alexander, 2012; Sørensen et al., 2013). Moreover, if this type of
automatic AF detection algorithms is build into patient-facing mobile
health (mHealth) technology, false diagnosis of AF may lead to anxiety
for the patients and their relatives. Algorithms for ambulatory, real-
world monitoring and diagnosis of AF needs to be realigned to the
real-time, longitudinal, contextual, and ‘messy’ nature of patients’ free-
living conditions. And importantly, such algorithms must be built and
evaluated on multi-site ECG data collected from free-living conditions
rather than clinically prepared ‘clean’ datasets on which they tend to
give high accuracy.

7. Limitations and future work

The mCardia system used for data collection in this study is patient-
operated and has only a single ECG channel, which is different from the
gold standard 12-lead ECG with standard lead configurations operated
by trained clinicians. Further, the DL model used in this study is trained
using RRI features. Usually, the performance of the model trained on
RRI features tends to degrade in the presence of multiple PVCs. To deal
with PVCs related FPs, an ECG delineation model with a p-wave count
can be combined with this model. Also, as described in Section 4, due
to resource limitation, the first round of screening for removing the
noisy or NSR segments is done by a biomedical engineer and not by
cardiologists. Although the biomedical engineer has the expertise to
differentiate noise/NSR rhythms and is advised to pass on all doubtful
segments to the cardiologists, there still might be a possibility of mis-
classification, especially segments where the AF and noise mimic each
other. Moreover, the cardiologists only looked at ECG samples from
the onset, offset, and a few random samples between onset and offset
when annotating the whole segment. There is a possibility, especially
in long AF segments, that a few short ECG snippets in-between are mis-
classified as AF and would go unnoticed. Nevertheless, this strategy is
very practical for screening the longitudinal ECG data needed for this
experiment.

Based on the findings from this experiment, in the future, we
would like to build a post-processing heuristic based on contextual fea-
tures pertaining to movement acceleration, body position, and activity
changes that can significantly reduce the FPR in ambulatory monitoring
under free-living conditions. In addition, we would like to explore
the present experiment with combinations of other hybrid DL models
(e.g., Hong et al., 2020; Niu, Tang, Sun, & Zhang, 2019; Xiang et al.,
2018) and the classical sample entropy-based AF detection methods.

8. Conclusion

In this paper, we explored the contextual and temporal distributions
of FPs in a DL algorithm when applied on contextualized ECG collected
under free-living conditions. As hypothesized, the algorithm, which has
state-of-the-art performance on public datasets, resulted in a large num-
ber of FPs when applied on 215-days long patient-operated ambulatory
ECG data. Upon analyzing the FPs and the users’ context, we found that
among nearly 99.9% of segments of length ≤50 s which are falsely
abeled as AF, around 78% are associated with three user contexts,
amely, (i) activity change, (ii) change in body position (especially
uring the night), and (iii) on sudden movement acceleration. Besides,
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he number of FPs is relatively more in female subjects. The user’s
self-reported ‘‘events’’ of unusual symptoms during the ECG recording
period and the TP segments are clustered in the morning and late
evening hours. The paper discussed the design implications of these
findings for future DL models and how contextual features can be
utilized for reducing the FPR of AF detection models, when used in
ambulatory conditions. We believe that understanding the DL-based
end-to-end AF detection models’ outcome in the patient’s ambulatory
context can bring transparency and help identify the sources of the
algorithm’s shortcomings that otherwise remain a black box.

In recent years, we have witnessed an increased proliferation of
patient-facing mHealth technologies that incorporate such AF detection
models. To ensure trust in the wider adoption of such technologies, we
find that it is essential to address the FPR in AF detection models.
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