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Abstract

Background: Stroke, as aleading cause of death around the globe, has become a heavy burden on our society. Studies show
that stroke can be predicted and prevented if a person’s blood pressure (BP) status is appropriately monitored via an ambulatory
blood pressure monitor (ABPM) system. However, currently there exists no efficient and user-friendly ABPM system to provide
early warning for stroke risk in real-time. Moreover, most existing ABPM devices measure BP during the deflation of the cuff,
which fails to reflect blood pressure accurately.

Objective: In this study, we sought to develop a new ABPM mobile health (mHealth) system that was capable of monitoring
blood pressure during inflation and could detect early stroke-risk signalsin rea-time.

Methods: We designed an ABPM mHealth system that is based on maobile network infrastructure and mobile apps. The proposed
system contains two major parts: anew ABPM device in which an inflation-type BP measurement algorithm is embedded, and
an abnormal blood pressure data analysis algorithm for stroke-risk prediction services at our health data service center. For
evaluation, the ABPM device was first tested using simulated signals and compared with the gold standard of a mercury
sphygmomanometer. Then, the performance of our proposed mHealth system was evaluated in an observational study.

Results: The results are presented in two main parts. the device test and the longitudinal observational studies of the presented
system. The average measurement error of the new ABPM device with the inflation-type algorithm was less than 0.55 mmHg
compared to areference device using simulated signals. Moreover, the results of correlation coefficients and agreement analyses
show that there is a strong linear correlation between our device and the standard mercury sphygmomanometer. In the case of
the system observationa study, we collected a data set with 88 features, including real-time data, user information, and user
records. Our abnormal blood pressure data analysis algorithm achieved the best performance, with an area under the curve of
0.904 for the low risk level, 0.756 for the caution risk level, and 0.912 for the high-risk level. Our system enables a patient to be
aware of their risk in real-time, which improves medication adherence with risk self-management.

Conclusions: To our knowledge, this deviceisthe first ABPM device that measures blood pressure during the inflation process
and has obtained a government medical license. Device tests and longitudinal observational studies were conducted in Peking
University hospitals, and they showed the device's high accuracy for BP measurements, its efficiency in detecting early signs of
stroke, and its efficiency at providing an early warning for stroke risk.
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KEYWORDS

ambulatory blood pressure monitor; mHealth; stroke-risk early warning; abnormal blood pressure data analyzing; longitudinal
observational study

http://mhealth.jmir.org/2019/10/e14926/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 10 | €14926 | p. 1
(page number not for citation purposes)


mailto:hapku@pku.edu.cn
http://dx.doi.org/10.2196/14926
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH

Introduction

Asacommon cerebrovascul ar disease caused by a hemorrhage
or ischemia, stroke has become the primary cause of adult
disability, and itsincidenceisincreasing steadily as society ages
[1,2]. According to the World Health Organization (WHO),
worldwide 1/6 people has a stroke during their lifetime, among
which morethan one-third of those affected diefrom their stroke
[3]. Worldwide, mortality from stroke and rel ated cardiovascul ar
diseases constitutes around 20% of all deaths, and around 33%
of all stroke survivors are affected by depression after [4,5]. It
has been estimated that stroke cost in the first half of the 21st
century is around USD $1.52 trillion, which is three times as
high as the US annual gross tax revenue [6].

To addressthese challenges, alot of recent research hasfocused
on stroke prevention. Many risk factors have been shown to be
crucial for stroke, including age, gender, hypertension, diabetes,
arrhythmia, cholesterol, smoking, and drinking, among others,
with hypertension being the most significant controllable factor
[7]. In addition, agrowing number of studies have demonstrated
the predictive value of ambulatory blood pressure monitoring
(ABPM) in assessing the risk of first-ever and recurrent stroke
[8-10]. According to the American Stroke Association, 77% of
patients have a blood pressure (BP) >140/90 mmHg when they
have a stroke for the first time [11]. Studies have shown that
there is a high correlation between Morning Blood Pressure
Surge and stroke. As reported by Argentino et a [12], the
average probability of stroke incidence from 6 AM to 12 AM
is 3.8 times greater than the other times of the day [13].
Furthermore, with each 10-mmHg increase in Morning Blood
Pressure Surge, stroke probabilities increase by 44% (P=.004)
[14]. As aresult, a real-time Morning Blood Pressure Surge
monitoring system for stroke risk warnings can dramatically
reduce stroke probability.

With the rapid devel opment of wirelessnternet technol ogy and
the increasing number of mobile phone users, mobile health
(mHealth) technology has emerged as a potential solution to
health care delivery for people with chronic diseases [15-17].
Altintas et al proposed a wearable, 24-hour, |ow-stress blood
pressure monitor system to conduct less painful and less
stressful, 24-hour blood pressure monitoring [18]. Yang et al
designed a set of General Packet Radio Service ambulatory
blood pressure monitoring systems, which consist of a data
acquisition module, main control module, communication
module, cloud platform, and intelligent terminal [19]. Tsoi et
al constructed an integrative electronic health platform with a
BP telemonitoring cloud system in elderly community centers
to control hypertension [20]. In a recent study, Wu et a
introduced the design and development of an mHealth system
for strengthening secondary prevention of strokein rural China
and further evaluated its feasibility through a survey of the
dominant user group [21]. Moreover, other BP monitoring
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systems [22-25] use a mixture of solutions, including a
homemade blood pressure measurement device, a smartphone-
or PC-based management unit, or Bluetooth or ZigBee for data
transmission, which help users to measure and manage their
daily blood pressure.

However, these studies utilized BP devices based on
deflation-type instead of inflation-type BP measurement
algorithms, which do not accurately reflect the real state of
blood pressure. In clinical diagnosis, most pathological changes
inside blood vessels may not be captured by deflation-type BP
measurement [26,27] because the mechanical behavior of the
brachial artery cannot be restored to a normal state within a
sharp transition from inflation to deflation. In addition, the
abnormal signals generated from Morning Blood Pressure Surge
monitoring of the existing approaches do not provide early-risk
alert of a stroke to patients or relatives in real-time. Driven by
this motivation, we designed a new ABPM mHealth system
which can prevent a stroke in real-time. This system consists
of two major parts: anew ABPM device for BP monitoring and
data collection, and an abnormal BP data analysis algorithm at
a data center for rea-time early risk warning services.
Significantly, an inflation-type blood pressure measurement
algorithm has been proposed and embedded into the new device,
which helps to avoid the elastic deformation of blood vessels
and any interference signals during measurement. At the data
center, the abnormal BP dataanalysisalgorithm runsto classify
stroke-risk levels based on real-time BP data, medical records,
and health state information. To evaluate the ABPM mHealth
system, alongitudinal observational study was conducted, which
demongtrated the accuracy and usefulness of the early stroke-risk
warning function.

Methods

Ambulatory Blood Pressure Monitor Mobile Health
System and Architecture

To enable the ABPM mHealth system to warn of early risk of
stroke, a four-layer functional architecture was developed
(Figure 1). These layers included the user access layer, the
application logic layer, the data process layer and the data
storage layer, the structure and function of which are described
below.

User Access Layer

This layer provides the interfaces between the users/devices
and the data center. In this layer, an ABPM device is used to
collect data from potential stroke patients through online and
application interfaces that are available to users, as shown in
Figure 1. However, admission authority and transmission issues
should be considered during this part of the process, as user
password and text verification codes are used for identification,
and Cross-Site Request Forgery defense and transport layer
security are applied to secure information delivery.
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Figure 1. The four-layer ambulatory blood pressure monitor mobile health architecture for stroke-risk early warning. BP: blood pressure; ECG:

electrocardiogram.
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Thislayer involvesmultipleforms of businessintelligencelogic,
such as health state maintenance, clinical decision support and
treatment, and nursing and care. Among them, this paper focuses
on an abnormal BP data analysis algorithm running in the data
center for stroke early warning.

Data Process Layer

In this layer, all data are processed to remove electronic noise
and motion interference. Then, the preprocessed signals are
analyzed, mined, and visualized for the purpose of stroke
early-risk warning.

Data Storage Layer

Inthislayer, it is necessary to handle missing or damaged data
to guarantee data integrity.

In thisstudy, anew ABPM mHealth architecture was devel oped
to provide early stroke warning in real-time. Here, we focuson
two major parts: at thefrontier for real-time data collection, the
device embedded with an inflation-type BP measurement
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Records
algorithm, and at the data center, an abnormal BP dataanalysis
algorithm for rea-time early stroke warning using users
terminal interfaces.

At the Frontier: An Ambulatory Blood Pressure
Monitor Devicefor Inflation-Type Blood Pressure
M easurement

As previously mentioned, most pathological changes inside
blood vessels may not be captured properly by BP deviceswith
a deflation-type measurement. To solve this issue, our device
is instead embedded with an inflation-type BP measurement.
For different stroke patients, this device can be adapted to
physiological and external factors as well. Additionally, our
device can be automatically pumped to the appropriate
maximum inflation pressure values according to the preset
systalic blood pressure, which helps the new device adapt to
users' health conditions for raw pressure data collection. For
details about the inflation-type BP Measurement, please see
MultimediaAppendix 1. Our developed ABPM deviceisshown
in Figure 2.
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Figure 2. Printed circuit board display of the new ambulatory blood pressure monitor device. RTC: real-time clock; MCU: microcontroller unit;

EEPROM: electrically erasable programmable read-only memory.
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There are multiple advantages to this device, including: (1) the
adoption of the inflation-type measurement algorithm, which
is the first commercial device that can capture vasculopathy
informationin detail; (2) that it is personalized and user-friendly,
it can inflate to a suitable pressure level according to users
individual physiological states, and it automatically adjusts
inflation speed according to users activity states (6
mmHg/second while awake, and 4 mmHg/second during sleep),
which can be recognized by a 3-axis sensor; and (3) the pump
and cuff are bound together to reduce noise, in comparison with
existing commercial products.

Early Warning Servicesfor Stroke Risk at the Data
Center

As mentioned above, strokerisk can be controlled if aMorning
Blood Pressure Surge monitoring system can generate early
warnings for stroke risk in real-time. To achieve this goal, we
needed to detect abnormal stroke-related signals, which would
then be uploaded to the data center. However, existing research
for stroke prevention mainly focuses on statistical studies about
public health. Kansadub et a investigated classification
algorithmsfor anational- or group-level, stroke-risk increasing
or reducing prediction model, which included methods such as
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naive Bayes, decision trees, and neural networks[28]. Yang et
al constructed a predictive model for stroke based on multiple
regression analyses of multiple climate factors [29]. Most of
these studies focus on stroke risk factor analysis, not areal-time
solution of abnormal stroke signal analysis.

In this study, an abnormal BP data analysis algorithm (see
Multimedia Appendix 2) is used to provide early warning to
patients. The algorithm classifies stroke risk levels as low,
caution, or high. In this algorithm, a total of 88 features,
including BP real-time data and health state information, are
selected for classification, some of which are listed in Table 1
(health state information is from patient records). When this
algorithm isrunning at the data center, all numerical values are
normalized to O or 1 for empty numeric attributes, or they are
normalized to the average value or O to replace empty Boolean
attributes. This strategy is helpful for handling missing datain
thealgorithm. All necessary information isfed into the abnormal
BP dataanalysisalgorithm to determine the level of strokerisk.
In this algorithm, the support vector machine approach is used
to train data and simulated annealing is adopted to tune the
hyper-parameters. Additionally, a 10-fold cross-validation was
applied to refine the hyper-parameters.
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Table 1. Input data and features (partial).

Feature, characteristic

Comments

24-hour ABPM?
Hypertension grading

BP° load
Dipper
Morning surge
SBP, max

DBP®, max
SBP, min
DBP, min
SBP, mean
DBP, mean

PP, mean
Per sonal infor mation
Age
Gender
Height
Weight
Lifestyle
Smoking
Drink
Physical inactivity
Patient history
Stroke
Diabetes mellitus
High blood cholesterol
Family history
Stroke

Hypertension

Calculated by WHOP hypertension definition
Percentage of elevated pressure above a defined threshold

Whether or not blood pressure falls at night compared to daytime values

Morning SB Pd/prea/vake SBP
The highest SBP in a given time window
The highest DBP in a given time window

The lowest SBP in a given time window
The lowest DBP in a given time window
Average SBPin a given time window
Average DBP in a given time window

Average SBP minus average DBP

Years
1=Man, 0=Woman
Centimeters

Kilograms

1=Yes, 0=No
1=Yes, 0=No

Amount of exercise per week

1=Yes, 0=No
1=Yes, 0=No
1=Yes, 0=No

Family members with stroke

Family members with hypertension

8ABPM: ambulatory blood pressure monitor.
BWHO: World Health Organization.

°BP: blood pressure.

dsgp: systolic blood pressure.

€DBP: diastolic blood pressure.

== pulse pressure.

Design of Service I nterfacesto Enable Stroke-Risk
Alerts

In practice, stroke risk can be reduced if a Morning Blood
Pressure Surge monitoring system can generate early risk
warnings for stroke in real-time. At the data center, an
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application programming interface (API) was deployed to
providereliable and stable data transmission between users and
the service center. We designed two types of user interfaces:
onefor doctorsto manage and diagnose patients on the website,
and the other for data presentation and analysis on users’ phones
(Figures 3 and 4).
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Figure 3. The Web user interface of the Health Data Center.
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Figure 4. Dataanalysisand visualization interfaces for app users.
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Asshown in Figure 3, adoctor can review the medical signals,
giveinstructions, or print ahard copy of diagnosisresults. Users
can display data in many forms on their phone, such as with
histograms, pie charts, or line charts, aswell asa24-hour ABPM
analysis report. As shown in Figure 4, the mobile app on
smartphones provides patients with eval uation and visualization
services, which areimportant for health management and stroke
risk warning. Thisapp hasarobust network connection by using
several different operations, including calling alocal database
instead of logging into the server again, providing rollback
database operations to avoid inconsistency, using hash values
to avoid repeated writing, etc.
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Evaluation of the Ambulatory Blood Pressure M onitor
Moaobile Health System

Through a longitudina observational study, our new
inflation-based ABPM device and our stroke-risk early warning
system were eval uated and compared against the gold standard
mercury sphygmomanometer. All studies were carried out in
the community hospitals of Peking University.

Firstly, to calibrate our device, we used the ProSim 8 simulator
(FLUKE Corporation, Everett, Washington, United States) to
generate a series of source-simulated signals (pulse/dleevel et
waves) for calibrating the accuracy. Inthis study, the HEM-7207
electronic sphygmomanometer (Omron Corporation, Osaka,
Japan) was used as a reference as it is in common use. The
simulation data sets contain 20 variables: 7 standard BPs, 7
patient conditions, 3 arrhythmias, and 3 respiratory typesrelated
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to BP. The corresponding systolic blood pressure (SBP),
diastolic blood pressure (DBP), and heart rate rangesin the data
set are 60-255 mmHg, 30-195 mmHg, and 40-180 times/minute,
respectively (see Multimedia Appendix 1 for the results of our
device tests).

Secondly, wefurther conducted devicetests according to agold
standard for agreement analysis. According to the regulations
from the ChinaFood and Drug Administration which have been
in place since 2015, a new BP device can be approved if tests
are passed by using simulation signals [30]. Thisis the reason
that simulation signals for device testing are enough to verify
a BP device, without the need for real-world clinical trias. In
this study we still performed 100 participant tests in Peking
University community hospitals, and they were used for
correlation coefficient and agreement analysis. A total of 120
participants were involved in these tests, including 56 females
and 64 males. The mean age of participantswas 49.5 yearsold
(SD 15.6; range 22-86 years old), the mean weight was 68.1
kilograms (SD 19.7; range 45-103 kilograms), the mean height
was 166 centimeters (SD 10.7; range 151-187 centimeters), and
the average heart rate was 70.6 beats per minutes (SD 15.4;
range 45-125 beats per minute). For each subject, BP was
measured by the gold standard device, the mercury
sphygmomanometer.

Finally, to validate the risk prediction function of this system,
209 patients were chosen as participants in Peking University
community hospitals from April 12, 2017, to December 13,
2018. These subjects were required to use our app to upload
personal health state information and wore the ABPM devices
24 hoursaday to collect real-time BP data. Meanwhile, doctors
made professional stroke-risk diagnoses of the subjects based
on a comprehensive examination, including hematology,
electrocardiograms, magnetic resonance angiograms, etc.

Results

Device Test Using Simulated Signals

The device test using simulated signals showed that our new
device  outperformed the  HEM-7207  electronic
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Wang et al

sphygmomanometer in most cases (for more detailed
information see Multimedia Appendix 1). According to error
analyses of the two devices, in our device the mean error for
SBP was 0.55078 mmHg (SD 0.517412 mmHg) and for DBP
it was 0.32185 mmHg (SD 0.39169 mmHg). However, the mean
error for SBP and DBP in the HEM-7207 are 2.15 mmHg and
1.85 mmHg, respectively. It showsthat our device has achieved
measurement consistency and repeatability requirements.

Device Test Using a Standard Mercury
Sphygmomanometer

We further conducted devicetests for agreement analysisusing
the gold standard mercury sphygmomanometer. The
measurement results showed that in our device the SBP was
125.45 mmHg (SD 25.2 mmHg) and the DBPwas 77.92 mmHg
(SD 23.5 mmHg), while for the mercury sphygmomanometer
the SBP was 126.72 mmHg (SD 24.7 mmHg), and the DBP
was 79 mmHg (SD 23.8 mmHg). The SBP difference between
our device and the mercury sphygmomanometer was 1.34 (SD
2.95), while the DBP difference was 1.27 (SD 2.77). The
correlation coefficient of our device with the mercury
sphygmomanometer was 0.958 during the SBP test and 0.912
during the DBP test. This means that there is a high linear
correlation between the two measurement approaches. Interms
of the difference between the two measuring devices, their mean
and standard deviation values are acceptable for practical
applications.

As shown in Figure 5, the consistency and agreement of our
devicewith mercury was evaluated. In thisfigurethe Bland and
Altman plot [31] was adopted, wherein the X-axis represents
the mean of the SBP/DBP measurements of our device and the
mercury sphygmomanometer and the Y-axis shows the
difference between the two measurement approaches. Theresults
of the correlation coefficient and agreement analysis clearly
show that our new device met the clinical requirementsand can
be used to support clinical diagnosis.
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Figure5. Agreement analysis between our device and the sphygmomanometer using a Bland and Altman plot. DBP: diastolic blood pressure.
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L ongitudinal Observational Studiesof the Ambulatory
Blood Pressure Monitor System

We randomly selected 20% of subjects out of the 209
participants as a test set, another 20% as a validation set, and
the remaining participants were used as a training set. To
evaluate the performance of our risk prediction model, we
compared our abnormal BP data analysis algorithm with fully
connected neural networks and random forests. To evaluate the
performance of our proposed methods and the alternatives,
F1-score, specificity, accuracy, precision, recall, and areaunder
the curve (AUC) parameters were adopted (Table 2). As shown

in Table 2, the proposed abnorma BP data analysis method
achieved better performance for the three risk levels. To be
specific, for the high-risk level the accuracy was 0.885 and the
AUC was 0.912.

Figure 6 presents the Receiver Operating Characteristic (ROC)
curve of three risk levels: low, caution, and high. We can see
the ROC curve is smooth, which means that there is no
overfitting. Moreover, the abnormal BP dataanalysisagorithm
is closer to the top left corner compared to the other two risk
detection models, which means that our system achieved better
prediction performance.

Table 2. Test performance of the abnormal blood pressure data analysis algorithm compared to other models.

Risk levels, models F1-score Specificity Accuracy Precision Recall AUC?
Low
FCNNP 0.645 0.867 0.835 0.588 0.714 0.863
RFC 0.552 0.702 0.725 0.419 0.809 0.859
ABAA 0.659 0.867 0.840 0.596 0.738 0.904
Caution
FCNN 0.771 0.628 0.710 0.790 0.753 0.731
RF 0.571 0.785 0.565 0.794 0.446 0.636
ABA 0.786 0.629 0.725 0.795 0.776 0.756
High
FCNN 0.528 0.936 0.875 0.560 0.500 0.827
RF 0.519 0.848 0.83 0.434 0.646 0.894
ABA 0.673 0.953 0.885 0.618 0.714 0.912

8AUC: area under the curve.

BECNIN: fully connected neural networks.
°RF: random forest.

4ABA: abnormal blood pressure data analysis.
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Figure 6. ROC curves of stroke risk prediction. ROC: receiver operating characteristic; ABA: abnormal blood pressure data analysis, FCNN: fully

connected neural networks; RF: random forest.
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Discussion

Principal Results

With the application of mobile and communication technology
in the medical field, mHealth, which can provide rea-time
health monitoring servicefor the elderly or patientswith chronic
diseases, has attracted alot of research attention [32-35]. Inthis
study, we proposed a novel ABPM mHealth system that can
facilitate accurate BP measurement and generate early warnings
for stroke risk in real-time. This paper describes the ABPM
mHealth architecture, the device with its inflation-type BP
measurement, and the stroke-risk prediction method at the data
center. In the end, we carried out a longitudinal observational
study and evaluated the proposed mHealth system.

Using mobile devices such as phones and patient monitoring
devices, mHealth supports persona health management and
public health activities[36]. Recent research has mainly focused
on the technical aspect of research design, such asthe Android
platform, Internet of Things technology [37], cloud platforms
[38], medica information systems, wireless monitoring
equipment, Bluetooth technology, wearable devices [39], and
so on. However, most of these studies are till in the pattern
design stage or focus on how to develop or perfect the existing
systems or mHealth applications, paying less attention to the
user's demand.

We designed anovel ABPM mHealth system to carry out early
warning of stroke risk. To capture and monitor a person’s BP
profile and support clinical decision, a certified ABPM device
(No. 20172201157) was designed and developed. Our device
is customized, adaptive, and user-friendly, as it can pump
according to a personal health condition, which alows for a
personalized measurement with precision. After that, a risk
prediction abnormal BP dataanalysis method is used to process
the BP data, which enablesthis system to provide early warning
of strokerisk to usersin real-time.

As previously mentioned, a new inflation-type BP method was
proposed in this study, and it was shown to be more effective
compared to existing solutions. Currently there aretwo existing
inflation-type BP methods, but neither isadaptive. Thefirst one
isthe stop-and-wait inflation method [40] that contains several
stopping points preset for an inflation process. During inflation,
its pump is set to stop and wait for 2-3 seconds at each stopping
point. In the 2-3 second waiting period, pressure sensor datais
processed and then the algorithm decides whether to stop
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inflation. Thismethod can reduce motion interference, but blood
vessels under long-time compression increase inaccuracy. The
second method is nonstop inflation [41] where the highest pulse
wave peak isregarded asacriterion to calculate the mean arterial
pressure (MAP), and then the MAP is used to determine the
inflation-ending condition. Although the method is fast and
simple, it is easily affected by motion interference since it
introducesjitter signalsthat may be detected asthe highest pulse
wave peak. However, the detected highest pulse wave peaksin
these casesdo not represent areal criterionfor MAP calculation.
Therefore, the existing methods cannot be used to achieve
accurateinflation-type BP measurement. To solve these existing
problems, our work uses a dliding time window to optimize
inflation where the cuff is linearly pumped by a stable pump
algorithm and raw pressure data is collected and processed.

To evaluate the ABPM mHealth system performance, system
evaluation and longitudinal observational studies were
conducted, and 341 risk warning events were recorded, with
these events then used to evaluate system performance in
practice. Among these participants, there was a stroke patient
who had 2-3 strokes per year over the past two years due to not
following doctor instructions. This outpatient wore our device
during the study, so their blood pressure was measured every
day and medi cation ended up being taken whenever our system
generated the early warning signals of astroke. Asaresult, there
were no recurrent stroke eventsfor awholeyear for this patient.
Another important case was an emergency outpatient whose
blood pressure was rising abnormally and triggered a warning
alert in our system. The patient was sent to a hospital in time
after our system notified his doctors and relatives. These cases
show that our system can help patients realize their risk in
real-time, which can reduce stroke risk and improve users health
conditions.

In addition to that, our system was able to generate periodic
notifications and warnings about the patients' conditions. This
ambulatory system could encourage users to pay attention to
their medication states, diet, and emotional health, among other
things, which could improve compliance with risk
self-management. As aresult, the new ABPM mHealth system
equipped with the abnormal BP data analysis algorithm was
proven to be auseful tool for controlling and preventing stroke,
and it could be applied to detect early risks of cardiovascular
disease and other BP-related diseases.
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Limitations

Thiswork isinterdisciplinary in nature. Thus, we cannot cover
all the details about the new ABPM mHealth system in one
paper. This paper focused on how to construct an ABPM
mHealth system for early warning of stroke risk. In terms of
this system, the frontier (an inflation-type BP measurement
device) and the data center (an abnormal BP data analysis
algorithm for early risk alert) are highlighted in detail. The
mHealth working principles are omitted because they follow
standard practice right now.

To the best of our knowledge, this new ABPM device is the
first commercial product that measures blood pressure during
inflation. To improve measurement accuracy, a sliding window
strategy that canimproveinflation-type measurement and reduce
motion interference substantially was adopted. Moreover, our
ABPM device is equipped with a proportional integrative
derivative controller responsiblefor linear inflation. The device
has room for further improvement, such as insulation of
mechanical noise, miniaturization in terms of size, reiability
and stability of data transmission, battery consumption and
continuation, multiple parameter processing, etc.

Acknowledgments

Wang et al

Most significantly, the abnormal BP data analysis algorithm
can be used as clinical decision support, with a supervised
machine learning algorithm to classify therisk level of astroke
patient in real-time. The algorithm has been implemented in
our data center and wastested for performance. The performance
of the abnormal BP dataanalysis algorithm was compared with
the random forest algorithm and a fully connected neura
network, showing that our abnormal BP dataanalysisalgorithm
has better performance in accuracy, precision, and recall.
However, thereremainswork left for future studies, such asthe
development of an algorithm without the need for decision
support from a remote data center, how to offer privacy
protection, and so on.

In this study, we recruited 209 patients as longitudinal
observational subjects in the community, which is not a big
number in terms of clinical trials. Thislimited the training of a
more accurate stroke early warning model and the validation
of the performance of the ABPM mHealth system. We plan to
carry out the study with a more comprehensive experimental
design to test our ABPM mHealth system.

The work was supported by the National Natural Science Foundation of China Projects (#61906105).

Conflictsof I nterest
None declared.

Multimedia Appendix 1

The new device with an embedded inflation-type BP measurement algorithm: design and test.

[PDE File (Adobe PDF File), 572 KB-Multimedia Appendix 1]

Multimedia Appendix 2

An abnormal BP data analyzing algorithm for stroke-risk early warning.

[PDE File (Adobe PDF File), 239 KB-Multimedia Appendix 2]

References

1.  SimsN, Muyderman H. Mitochondria, oxidative metabolism and cell death in stroke. Biochim Biophys Acta 2010
Jan;1802(1):80-91 [FREE Full text] [doi: 10.1016/j.bbadis.2009.09.003] [Medline: 19751827]

2.  ChenZz,JiangB,RuX, SunH, SunD, Liu X, et a. Mortality of Stroke and Its Subtypesin China: Resultsfrom aNationwide
Population-Based Survey. Neuroepidemiology 2017;48(3-4):95-102. [doi: 10.1159/000477494] [Medline: 28586776]

3. World Health Organization. 2013 Apr. A global brief on hypertension: silent killer, global public health crisis URL: https./
/www.who.int/cardiovascular_diseases/publications/global _brief_hypertension/en/ [accessed 2019-10-22]

4.  KhaidS, Soomro B, Mahmood S, Abbass A. Frequency of depression in patientswith stroke. Pakistan Journal of Neurological

Sciences 2015;10(2):13-17.

5. ZenglL,MengC, Liang Z, Huang X, Li Z. Stroke unit of integrative medicine for post stroke comorbid anxiety and
depression:; A systematic review and meta-analysis of 25 randomized controlled trials. 2014 Presented at: 2014 |IEEE
International Conference on Bioinformatics and Biomedicine (BIBM); 2-5 November; Belfast. [doi:

10.1109/BIBM.2014.6999360]

6. Morgenstern LB, SmithMA, Sanchez BN, Brown DL, Zahuranec DB, GarciaN, et al. Persistent ischemic stroke disparities
despite declining incidence in Mexican Americans. Ann Neurol 2013 Dec;74(6):778-785 [FREE Full text] [doi:

10.1002/ana.23972] [Medline: 23868398]

7.  Benjamin E, Muntner P, Alonso A, Bittencourt M, Callaway C, Carson A, American Heart Association Council on
EpidemiologyPrevention Statistics CommitteeStroke Statistics Subcommittee. Heart Disease and Stroke Statistics-2019
Update: A Report From the American Heart Association. Circulation 2019 Mar 05;139(10):e56-€528. [doi:

10.1161/CIR.0000000000000659] [Medline: 30700139]

http://mhealth.jmir.org/2019/10/e14926/

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 10 | €14926 | p. 10
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mhealth_v7i10e14926_app1.pdf&filename=fd9dfd5d5f5522d6702353b0a40f3231.pdf
https://jmir.org/api/download?alt_name=mhealth_v7i10e14926_app1.pdf&filename=fd9dfd5d5f5522d6702353b0a40f3231.pdf
https://jmir.org/api/download?alt_name=mhealth_v7i10e14926_app2.pdf&filename=52ff9b91f4794b1503a5a809f7c50739.pdf
https://jmir.org/api/download?alt_name=mhealth_v7i10e14926_app2.pdf&filename=52ff9b91f4794b1503a5a809f7c50739.pdf
https://linkinghub.elsevier.com/retrieve/pii/S0925-4439(09)00214-2
http://dx.doi.org/10.1016/j.bbadis.2009.09.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19751827&dopt=Abstract
http://dx.doi.org/10.1159/000477494
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28586776&dopt=Abstract
https://www.who.int/cardiovascular_diseases/publications/global_brief_hypertension/en/
https://www.who.int/cardiovascular_diseases/publications/global_brief_hypertension/en/
http://dx.doi.org/10.1109/BIBM.2014.6999360
http://europepmc.org/abstract/MED/23868398
http://dx.doi.org/10.1002/ana.23972
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23868398&dopt=Abstract
http://dx.doi.org/10.1161/CIR.0000000000000659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30700139&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Wang et a

8.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Tsivgoulis G, Pikilidou M, Katsanos A, Stamatelopoulos K, Michas F, Lykka A, et al. Association of Ambulatory Blood
Pressure Monitoring parameters with the Framingham Stroke Risk Profile. J Neurol Sci 2017 Sep 15;380:106-111. [doi:
10.1016/j.jns.2017.07.007] [Medline: 28870547]

HeY, Yang M, Che S, Chen S, Jiang X, Guo Y. Effect of morning blood pressure peak on early progressive ischemic
stroke: a prospective clinical study. Clin Neurol Neurosurg 2019 Sep;184:105420. [doi: 10.1016/j.clineuro.2019.105420]
[Medline: 31310922]

Tsivgoulis G, Spengos K, Zakopoulos N, Manios E, Xinos K, Vassilopoulos D, et a. Twenty four hour pulse pressure
predicts long term recurrence in acute stroke patients. J Neurol Neurosurg Psychiatry 2005 Oct;76(10):1360-1365 [FREE
Full text] [doi: 10.1136/jnnp.2004.057265] [Medline: 16170077]

O'Donnell M, Xavier D, LiuL, Zhang H, Chin S, Rao-Melacini B INTERSTROKE investigators. Risk factorsfor ischaemic
and intracerebral haemorrhagic stroke in 22 countries (the INTERSTROKE study): a case-control study. Lancet 2010 Jul
10;376(9735):112-123. [doi: 10.1016/S0140-6736(10)60834-3] [Medline: 20561675]

Argentino C, Toni D, RasuraM, Violi F, Sacchetti ML, Allegretta A, et al. Circadian variation in the frequency of ischemic
stroke. Stroke 1990 Mar;21(3):387-389. [doi: 10.1161/01.str.21.3.387] [Medline: 2309262]

Manfredini R, Boari B, Portaluppi F. Morning surge in blood pressure as a predictor of silent and clinical cerebrovascular
disease in elderly hypertensives. Circulation 2003 Sep 09;108(10):e72-e73. [doi: 10.1161/01.CIR.0000089096.13946.CB]
[Medline: 12963687]

Huang A, Chen C, Bian K, Duan X, Chen M, Gao H, et al. WE-CARE: an intelligent mobile telecardiology system to
enable mHealth applications. IEEE JBiomed Health Inform 2014 Mar;18(2):693-702. [doi: 10.1109/JBHI.2013.2279136]
[Medline: 24608067]

Bondaronek P, Alkhaldi G, Slee A, Hamilton F, Murray E. Quality of Publicly Available Physical Activity Apps: Review
and Content Analysis. IMIR Mhealth Uhealth 2018 Mar 21;6(3):e53 [FREE Full text] [doi: 10.2196/mhealth.9069] [Medline:
29563080]

Pan D, Dhall R, Lieberman A, Petitti D. A mobile cloud-based Parkinson's disease assessment system for home-based
monitoring. IMIR Mhealth Uhealth 2015 Mar 26;3(1):e29 [FREE Full text] [doi: 10.2196/mhealth.3956] [Medline: 25830687]
LiuC, Linl,LuJ, Ca D. A Smartphone App for Improving Clinical Photography in Emergency Departments: Comparative
Study. IMIR Mhealth Uhealth 2019 Jul 31;7(7):€14531 [FREE Full text] [doi: 10.2196/14531] [Medline: 31368444]
Altintas E, Takoh K, Ohno Y, Abe K, Akagawa T, Ariyama T, et a. Wearable and low-stress ambulatory blood pressure
monitoring technology for hypertension diagnosis. 2015 Presented at: 37th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC); 2015; Milano p. 4962-4965. [doi: 10.1109/EMBC.2015.7319505]
LiuZ, Shu M. Design and implementation of GPRS ambul atory blood pressure monitoring system based on cloud platform.
International Symposium on Computers and Informatics 2015. [doi: 10.2991/isci-15.2015.224]

Tsoi K, Yip B, Au D, Kuo Y, Wong S, Woo J. Blood Pressure Monitoring on the Cloud System in Elderly Community
Centres: A Data Capturing Platform for Application Research in Public Health. Blood Pressure Monitoring on the Cloud
Systemin Elderly Community Centres,; 2016 Presented at: 7th International Conference on Cloud Computing and Big Data
(CCBD); 16-18 November; Sanya. [doi: 10.1109/CCBD.2016.068]

Wu N, Gong E, Wang B, Gu W, Ding N, Zhang Z, et a. A Smart and Multifaceted M obile Health System for Delivering
Evidence-Based Secondary Prevention of Strokein Rural China: Design, Development, and Feasibility Study. IMIR Mhealth
Uhealth 2019 Jul 19;7(7):e13503 [FREE Full text] [doi: 10.2196/13503] [Medline: 31325288]

Lin Z, Chang C, Chou N, Lin Y. Bluetooth Low Energy (BLE) based blood pressure monitoring system. 2014 Presented
at: 2014 International Conference on Intelligent Green Building and Smart Grid (IGBSG); 23-25 April; Taipei. [doi:
10.1109/1GBSG.2014.6835225]

Li W, LuoY, Chang, LinY. A wireless blood pressure monitoring system for personal health management. 2010 Presented
at: Annual International Conference of the |IEEE Engineering in Medicine and Biology; 31 August-4 September; Buenos
Aires p. 2196-2199. [doi: 10.1109/IEMBS.2010.5625944]

Jinling Z, Yue L, Jiabao W. Design of electronic blood pressure monitoring system based on mobile telemedicine system.
2013 Presented at: ICME International Conference on Complex Medical Engineering; 25-28 May; Beijing, China p. 145.
[doi: 10.1109/ICCME.2013.6548228]

Rotariu C, Pasarica A, Costin H, Adochiei F, Ciobotariu R. Telemedicine system for remote blood pressure and heart rate
monitoring. 2011 Presented at: E-Health and Bioengineering Conference (EHB); 24-26 November; lasi, Romaniap. 1.
Fabian V, Havlik J, Dvorak J, Kremen V, Sajgalik P, Bellamy V, et al. Differences in mean arterial pressure of young and
elderly people measured by oscilometry during inflation and deflation of the arm cuff. Biomed Tech (Berl) 2016 Dec
01,61(6):611-621. [doi: 10.1515/bmt-2015-0098] [Medline: 26943590]

Zheng D, Pan F, Murray A. Effect of mechanical behaviour of the brachial artery on blood pressure measurement during
both cuff inflation and cuff deflation. Blood Press Monit 2013 Oct;18(5):265-271. [doi: 10.1097/M BP.0b013e3283651d55]
[Medline: 23924706]

Kansadub T, Thammaboosadee S, Kiattisin S, Jalayondeja C. Stroke risk prediction model based on demographic data.
2015 Presented at: 8th Biomedical Engineering International Conference (BMEiCON); 25-27 November; Pattaya, Thailand

p. 1L

http://mhealth.jmir.org/2019/10/e14926/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 10 | €14926 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.jns.2017.07.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28870547&dopt=Abstract
http://dx.doi.org/10.1016/j.clineuro.2019.105420
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31310922&dopt=Abstract
http://jnnp.bmj.com/cgi/pmidlookup?view=long&pmid=16170077
http://jnnp.bmj.com/cgi/pmidlookup?view=long&pmid=16170077
http://dx.doi.org/10.1136/jnnp.2004.057265
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16170077&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(10)60834-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20561675&dopt=Abstract
http://dx.doi.org/10.1161/01.str.21.3.387
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2309262&dopt=Abstract
http://dx.doi.org/10.1161/01.CIR.0000089096.13946.CB
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12963687&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2013.2279136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24608067&dopt=Abstract
https://mhealth.jmir.org/2018/3/e53/
http://dx.doi.org/10.2196/mhealth.9069
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29563080&dopt=Abstract
https://mhealth.jmir.org/2015/1/e29/
http://dx.doi.org/10.2196/mhealth.3956
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25830687&dopt=Abstract
https://mhealth.jmir.org/2019/7/e14531/
http://dx.doi.org/10.2196/14531
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31368444&dopt=Abstract
http://dx.doi.org/10.1109/EMBC.2015.7319505
http://dx.doi.org/10.2991/isci-15.2015.224
http://dx.doi.org/10.1109/CCBD.2016.068
https://mhealth.jmir.org/2019/7/e13503/
http://dx.doi.org/10.2196/13503
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31325288&dopt=Abstract
http://dx.doi.org/10.1109/IGBSG.2014.6835225
http://dx.doi.org/10.1109/IEMBS.2010.5625944
http://dx.doi.org/10.1109/ICCME.2013.6548228
http://dx.doi.org/10.1515/bmt-2015-0098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26943590&dopt=Abstract
http://dx.doi.org/10.1097/MBP.0b013e3283651d55
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23924706&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Wang et a

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

Yang J, Ji L, Wang Q, Lu X. The prediction model of stroke on climate factors by multiple regression. 2016 Presented at:
| EEE Information Technology, Networking, Electronic and Automation Control Conference; 20-22 May; Chongging,
China. [doi: 10.1109/itnec.2016.7560428]

Notification of the China Food and Drug Administration on issuing the catalogue of category |1 medical devices exempted
from clinical trials (No.12 of 2014). URL: http://samr.cfda.gov.cn/WS01/CL 0087/105224.html [accessed 2014-08-21]
Francq BG, Govaerts B. How to regress and predict in a Bland-Altman plot? Review and contribution based on tolerance
intervals and correlated-errors-in-variables models. Stat Med 2016 Jun 30;35(14):2328-2358. [doi: 10.1002/sim.6872]
[Medline: 26822948]

Krishnamurti T, Davis AL, Wong-Parodi G, Fischhoff B, Sadovsky Y, Simhan HN. Development and Testing of the
MyHealthyPregnancy App: A Behavioral Decision Research-Based Tool for Assessing and Communicating Pregnancy
Risk. IMIR Mhealth Uhealth 2017 Apr 10;5(4):e42 [FREE Full text] [doi: 10.2196/mhealth.7036] [Medline: 28396302]
Stanton M, Molineux A, Mackenzie C, Kelly-Hope L. Mabile Technology for Empowering Health Workersin Underserved
Communities: New Approaches to Facilitate the Elimination of Neglected Tropical Diseases. IMIR Public Health Surveill
2016;2(1):e2 [FREE Full text] [doi: 10.2196/publichealth.5064] [Medline: 27227155]

DeCock N, Vangesel J, Lachat C, BeullensK, Vervoort L, GoossensL, et al. Use of Fitnessand Nutrition Apps: Associations
With Body Mass Index, Snacking, and Drinking Habits in Adolescents. IMIR Mhealth Uhealth 2017 Apr 25;5(4):e58
[FREE Full text] [doi: 10.2196/mhealth.6005] [Medline: 28442455]

Meng F, Guo X, Peng Z, Lai K, Zhao X. Investigating the Adoption of Mobile Health Services by Elderly Users: Trust
Transfer Model and Survey Study. JIMIR Mhealth Uhealth 2019 Jan 08;7(1):€12269 [FREE Full text] [doi: 10.2196/12269]
[Medline: 30622092]

Kay M, Santos J, Takane M. mHealth: New horizons for health through mobile technol ogies. Geneva, Switzerland: World
Health Organization; 2011:366-371.

Chai PR, Zhang H, Baugh CW, Jambaulikar GD, McCabe JC, Gorman JM, et al. Internet of Things Buttonsfor Real-Time
Notificationsin Hospital Operations: Proposal for Hospital |mplementation. JMed Internet Res 2018 Aug 10;20(8):€251
[FREE Full text] [doi: 10.2196/jmir.9454] [Medline: 30097420]

Gao F, Thiebes S, Sunyaev A. Rethinking the Meaning of Cloud Computing for Health Care: A Taxonomic Perspective
and Future Research Directions. JMed Internet Res 2018 Jul 11;20(7):€10041 [FREE Full text] [doi: 10.2196/10041]
[Medline: 29997108]

Murakami H, Kawakami R, Nakae S, Yamada Y, Nakata Y, Ohkawara K, et al. Accuracy of 12 Wearable Devices for
Estimating Physical Activity Energy Expenditure Using a Metabolic Chamber and the Doubly L abeled Water Method:
Validation Study. IMIR Mhealth Uhealth 2019 Aug 02;7(8):€13938 [FREE Full text] [doi: 10.2196/13938] [Medline:
31376273]

Zhang X, Song X, Gu J, Ye J, Chen S. Research of Electronic Sphygmomanometer Intelligent Aeration Based on Pulse
Wave Identification [in Chinese]. Zhongguo Yi Liao Qi Xie Za Zhi 2015 Mar;39(2):90-94. [Medline: 26204735]

Wei W, Bao-Ming P, Bao-Yue G, Sheng-Jin L. Design and Realization of Electronic Sphygmomanometer Based on Inflation
Measurement. Computer Systems and Applications 2012 Feb [FREE Full text]

Abbreviations

ABPM: ambulatory blood pressure monitor
AUC: areaunder the curve

BP: blood pressure

DBP: diastolic blood pressure

MAP: mean arterial pressure

mHealth: mobile health

PP: pulse pressure

ROC: receiver operating characteristic
SBP: systolic blood pressure

WHO: World Health Organization

http://mhealth.jmir.org/2019/10/e14926/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 10 | €14926 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1109/itnec.2016.7560428
http://samr.cfda.gov.cn/WS01/CL0087/105224.html
http://dx.doi.org/10.1002/sim.6872
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26822948&dopt=Abstract
https://mhealth.jmir.org/2017/4/e42/
http://dx.doi.org/10.2196/mhealth.7036
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28396302&dopt=Abstract
https://publichealth.jmir.org/2016/1/e2/
http://dx.doi.org/10.2196/publichealth.5064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27227155&dopt=Abstract
https://mhealth.jmir.org/2017/4/e58/
http://dx.doi.org/10.2196/mhealth.6005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28442455&dopt=Abstract
https://mhealth.jmir.org/2019/1/e12269/
http://dx.doi.org/10.2196/12269
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30622092&dopt=Abstract
https://www.jmir.org/2018/8/e251/
http://dx.doi.org/10.2196/jmir.9454
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30097420&dopt=Abstract
https://www.jmir.org/2018/7/e10041/
http://dx.doi.org/10.2196/10041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29997108&dopt=Abstract
https://mhealth.jmir.org/2019/8/e13938/
http://dx.doi.org/10.2196/13938
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31376273&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26204735&dopt=Abstract
http://en.cnki.com.cn/Article_en/CJFDTOTAL-XTYY201202034.htm
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Wang et a

Edited by G Eysenbach; submitted 04.06.19; peer-reviewed by S Omboni; comments to author 04.07.19; revised version received
12.08.19; accepted 24.09.19; published 30.10.19

Please cite as.

Wang G, Zhou S, Rezaei S Liu X, Huang A

An Ambulatory Blood Pressure Monitor Mobile Health System for Early Warning for Stroke Risk: Longitudinal Observational Study
JMIR Mhealth Uhealth 2019;7(10): 14926

URL: http://mhealth.jmir.org/2019/10/e14926/

doi: 10.2196/14926

PMID: 31670694

©Guangyu Wang, Silu Zhou, Shahbaz Rezaei, Xin Liu, Anpeng Huang. Originally published in IMIR Mhealth and Uhealth
(http://mhealth.jmir.org), 30.10.2019. Thisisan open-access article distributed under theterms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in IMIR mhealth and uhealth, is properly cited. The complete bibliographic
information, alink to the original publication on http://mhealth.jmir.org/, as well asthis copyright and license information must
be included.

http://mhealth.jmir.org/2019/10/e14926/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 10 | €14926 | p. 13
(page number not for citation purposes)

RenderX


http://mhealth.jmir.org/2019/10/e14926/
http://dx.doi.org/10.2196/14926
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31670694&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

