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ECG signal was developed. It provides a platform for clinicians to gain remote access to patients’ EHRs and allows for
health monitoring, diagnosis, and training.

Abstract
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Cardiac monitoring is an important application of mobilemonitoring systems. Such systems typically require experts
to label electrocardiogram (ECG) data; however, large interand intra-expert variation limits the reliability and accuracy of
diagnosis. This paper presents a process of integrating the mobile end of the system with a back-end annotation system for
reviewing and scoring the quality of an ECG signal. This process serves as a platform for remote cardiac health monitoring and diagnosis. Furthermore, a “crowdsourcing” methodology was used to provide an adjudication of ECG annotations
from a set of “experts”, comprising human trainees and automated algorithms. We show that this can provide diagnoses
with equivalent accuracy to that of experts, at a substantially
reduced cost.
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System design
Mobile application

We developed an ECG analysis app that allows for ECG acquisition from sensors connected to the phone via Bluetooth. Subsequent analysis of the ECG can be divided into three steps: 1)
beat (QRS) detection, 2) Signal Quality Index (SQI) assessment, and 3) arrhythmia detection. Figure 1 shows a screenshot of the smartphone application. An open-source version of
the associated algorithms is available [5].

Introduction

Cardiovascular disease, which currently accounts for 30% of
deaths worldwide, is predicted to remain as the single leading
global burden of injury and death for the next 20 years, particularly affecting lower- and middle-income countries [1]. Smartphones or mobile tablets have become increasingly popular as
potential medical diagnostic devices due to their relatively low
cost, connectivity, mobility, and processing power. Clinicians
now can view or edit patients’ electronic healthcare records
(EHRs) on their smartphones or tablets.

Fig. 1: Screenshot of the smartphone application demonstrating a two channel ECG (i.e.: yellow and green traces)
as well as the corresponding heart rate, the signal quality index (SQI), and the rhythm (NSR, or normal sinus
rhythm).

The electrocardiogram (ECG) is a standard and powerful tool
for assessing cardiovascular health because many heart conditions manifest as abnormalities in the ECG signals. Expert
annotation is considered to be the gold standard in ECG diagnosis. However, auditing the quality of these annotations is
often lacking, resulting in intra- and inter-expert variation as
high as 30% in diagnosis [2, 3]. Currently, there is no standardisation to regulate ECG reporting or method of measuring
the level of expertise in medical practitioners [4].

1) QRS detection: this is performed using an energy-based approach [6–8] with modiﬁcations to deal with saturation and
signal loss.
2) SQI: this is computed using previously reported methods [9–11]. A range of individual SQI algorithms were
evaluated using an extended version of the dataset from the
PhysioNet/Computing in Cardiology Challenge 2011, which
comprises 30,000 labelled 10s ECG segments. The bestperforming SQI was deemed to be ”bSQI”, which involves a
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comparison of two QRS detectors. The implemented version
includes a support vector machine (SVM) approach for combining individual SQI metrics to form a more robust SQI (see
Behar et al. [11] for more details).
3) Arrhythmia: atrial ﬁbrillation (AF) is a heart condition characterised by an irregular heart rate due to the chaotic ﬁring of
the atrio-ventricular node of the heart, and is known to be the
most common sustained cardiac arrhythmia [12]. It is estimated that 25% of people over the age of 40 years will develop
AF during their lifetime [13]. AF was identiﬁed to be an independent risk factor for stroke resulting in four-fold excess
risk [14]. This condition is commonly only detected after a
patient exhibits a serious complication related to AF, such as
stroke or heart failure. The recent advent of mobile technology provides a screening and follow-up pathway for AF management. The impact of such technology could be life-saving
and might reduce associated healthcare costs signiﬁcantly. The
AF-detection algorithm used in our work is based on an SVMapproach to fusing multiple features [15].
2.2

Fig. 2: System architecture and user interaction.
CrowdLabel interface, and may access the results of the voting
algorithm used to combine annotations.

Server application

The server infrastructure is based on a client-server model [16],
which uses OpenMRS as an open-source medical record system at the back-end, SanaMobile as the intermediate server
system, and which has a front-end Android client. The serverside software is able to capture data uploaded form the Android
client (SanaApp), and a set of APIs allow data to be entered
and viewed in both CrowdLabel (an annotation interface with
faculty to merge independent annotations) and OpenMRS. In
addition to the signal analysis described above, we integrated
a novel algorithm into our server system, which uses a probabilistic methodology for combining multiple (potentially disagreeing) annotations of medical data. In previous studies, we
described this method in its application to improving the estimation of ECG intervals and R-peak locations using multiple
expert / non-expert annotators [17, 18].
2.3

Fig. 3: The OpenMRS Sana Queue interface.
The clinician may also perform ECG analysis using the voting
algorithm in real-time by interacting with the encounter user
interface (UI) (see Figure 4). After reviewing the uploaded
case, the clinician may submit diagnoses and recommendations and send these to the healthcare worker via the OpenMRS
interface.

System use

The system architecture and user interaction are shown in Figure 2. During a visit to a patient, a healthcare worker may acquire ECGs from the patient and upload them using SanaApp
for remote evaluation.
Once a new ECG recording is submitted, annotators (such as
trainees) may be notiﬁed via e-mail. Annotators may then log
in to CrowdLabel, and perform ECG annotation and analysis
using CrowdLabel tools [19]. There may be multiple annotators analysing the same ECG recording; their resulting annotations are combined using a voting algorithm [20] when a new
annotation is added to the system.

3
3.1

System validation
ECG app

The QRS detector was evaluated on the MIT-BIH arrhythmia
database, including 48 recordings of 30min ECG signals [21].
It exhibited a sensitivity (Se) of 99.0% and a speciﬁcity (Sp) of
98.7%, and showed robust performance on high noise ambulatory data, including recovery from saturation and large movement artifacts. The SQI was shown to have an accuracy (Ac)
of 96.9% , Se = 98.3% and Sp = 95.3% (see Behar et al. [11]
for more details). Accuracy of up to 99.3% was achieved when

A clinician may review patients’ records periodically using
OpenMRS with the “Sana Queue” plugin (see Figure 3). In
the Queue, all pending cases are displayed. After choosing
a case, the clinician can review the ECG recording from the
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lished in the 2006 PCinC Challenge. In addition, the PLA was
compared to the median and mean voting strategies. The results are detailed in [20]. In summary, the PLA RMSE was
6.04ms when considering all human annotators. It outperformed the mean voting strategy for 20 annotators and the median voting approach after for nine annotators or less (median
RMSE = 4.71ms for 20 annotators). Using 15 out of 20 annotators (RMSE = 6.62ms) the PLA achieved a similar error
as the best human score (RMSE = 6.65ms) provided in the
Challenge. In automatic entries, the PLA consistently outperformed the median and mean voting approaches (14.44ms and
17.67ms respectively) and achieved the minimum RMSE of
13.97ms. This was also lower (i.e. better) than the best performing automatic entrant (RMSE = 16.36ms).
2) Foetal QT database:
A total of 501, 30s segments were extracted from 15 healthy
foetal ECG recordings from a private database. Twenty-three
volunteers participated in the study and provided a total of
7,307 foetal QT (FQT) annotations, which were aggregated using the PLA [19]. The participants were ranked based on the
RMSE when compared to the aggregated annotation generated.
The variance of each annotator was further estimated and compared. The annotator with a lower variance indicates high consistency and hence higher precision. The results of standard
deviation (σ) of the change of FQT annotations (FQT) of the
three annotators (best, medium, and worst performance rated
by the PLA) were compared in different signal quality scenarios: When the signal quality of a segment was very good, the
σ of the FQTs was 13.35 ms, 19.24 ms, and 18.39 ms for
best, medium, and worst annotator respectively; When the signal quality of a segment was poor, the σ of FQT was much
larger (35.52 ms, 62.96 ms, and 75.65 ms). Nevertheless, the
PLA selected best annotator has always proved to have the
least variance across different quality segments.

Fig. 4: The OpenMRS Sana encounter UI. The voting algorithm can be triggered by pressing the buttons highlighted in red.
Method
Colloca et al. [15]
Sarkar et al [22]

Se (%)
99.0
94.4

P P V (%)
96.1
97.4

Acc (%)
97.8
96.4

Table 1: Atrial Fibrillation classiﬁcation results on the MITBIH AF database.
combining multiple SQIs using an SVM approach [11], and
was also shown to be robust with pathological ECGs. The
AF detector was evaluated on the MIT-BIH AF database [21],
which consists of 25 long term recordings of 10 hours each.
The AF algorithm achieved performance which exceeded all
other published results; the results for the AF detector are presented in Table 1 and compared to the next best reported algorithm in the literature (Sarkar et al. [22]).
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3.2

The voting system: description and evaluation

Conclusion

This paper has demonstrated an intelligent cardiac health monitoring and review system. We are currently collaborating with
partners in the telecommunications industry to tailor the system to the needs of individual m-Health users. A pilot-study
will be conducted with the aim of collaborating with hospitals
to assemble a large dataset of ECGs and associated annotations; the latter will then be used to further test and validate the
proposed system.

1) Adult QT database:
The data were drawn from the 2006 PhysioNet/Computing in
Cardiology (PCinC) Challenge [23]. Each participant was required to submit a Q onset with accompanying T offset for each
of the 549 recordings in the Physikalisch-Technische Bundesanstalt Diagnostic ECG Database (PTBDB) [24]. The records
were obtained from 290 subjects (209 men with mean age of
55.5 and 81 women with mean age of 61.6). About 20% of the
subjects were healthy controls. The PTBDB contained records
with a variety of ECG morphologies having QT intervals ranging from 256ms to 529ms.
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