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Abstract

The remote monitoring of the biomedical signal is an
important tool for assessing the quality of life, control
and prevention of diseases. In this research, we
developed and validated a remote monitoring system for
prevention and health promotion. The system architecture
is composed of 3 main modules: a) interface for
recording food intake and monitoring physical activity
and heart rate frequency by a mobile application; b)
interface for insert anthropometric assessment data of
patient; c) web interface where all data is remotely shown
through reports with information that can assist in
preventive health actions. The study involved 70 children
aged between 8 and 12 years. They were monitored for 4
months by the app installed in the children's own
smartphones. Significant differences were observed in the
frequency domain and nonlinear heart rate variability
variables between each anthropometric group. Moreover,
within the same group, there were also differences
between night-morning and afternoon/evening time.
Being the biggest variation in the frequency domain
parameters during afternoon/evening time for the obese
group.

The obesity can lead to adverse metabolic effects on
blood pressure and cholesterol, which ultimately
increases the risks of ischemic stroke and coronary heart
disease [7]. According to WHO, it has been estimated that
the heart disease rate might increase to 23.3% worldwide
by the year 2030 [8]
The obesity is related to abdominal fat, autonomic
imbalance and risk of cardiovascular disease [9]. The
increase in the amount of total fat and the fat
concentration in the trunk present a reduction in the
autonomic modulation of the heart rate variability (HRV),
evaluated by signal processing methods applied to the
electrocardiogram patient monitoring [10]. Understanding
the complex factors contributing to the growing
childhood obesity epidemic is vital, not only for the
improved health of the world's future generations, but for
the healthcare system [11].
Integrating health remote monitoring to current
smartphones has great potential to favor health teams in
evidence-based prevention actions [12]. In this context,
this research presents a remote monitoring system that
use the smartphone to monitor cardiovascular risk factors
on children diagnosed as being overweight and obese.

2.
1.

Material and Methods

Introduction

Problems in accessing health services currently
represent one of the most important social and economic
challenges faced by many countries around the world [1].
The main cause of this great problem has related mainly
to the increase in the number of cases of chronic diseases
associated with the lifestyle of modern society [2]. Risk
behaviors in childhood, such as sedentary lifestyle and
poor diet can cause cardiovascular diseases, diabetes,
obesity, among others [3].
Considered one of the great public health problems of
the 21st century [4], childhood obesity has affected
currently an important share of the worldwide population
[5]. It is estimated that approximately 2.8 million people
die each year as a result of being overweight or obese [6].

Computing in Cardiology 2019; Vol 46

FLEEM is an acronym that stands for Free-Living
Energy Expenditure Monitoring System. The first version
of the system was developed in a partnership between
Mogi das Cruzes University and São Paulo University in
2013 [13], [14]. An improved version of the system was
developed for biomedical data monitoring for prevention
healthcare [15]. The current architecture of the system is
composed of an application mobile for data acquisition of
patients, a module designed to and physiological
evaluations from the users performed by a
multidisciplinary team in healthcare, and an integrated
web-platform for data storage and analysis (figure 1).
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evenings for 10 minutes. Volunteers underwent an initial
assessment, including anthropometric and physiologic
measurements. The BMI (body/mass index), parameter
adopted by the World Health Organization (WHO) to
calculate the ideal weight of each person was used to
classify 26 volunteers in groups of eutrophics (n = 6),
overweight (n = 11), obese (n = 9).
Figure 1. Poincaré plot indexes of HRV

2.1. Heart Rate Variability Analysis
The application mobile FLEEM has functions that
allow users (patients) to record daily food intake and
physical activities. It also enables the monitoring of daily
activities and Heart Rate (HR) using sensors. The activity
movements of the users are recorded by a smartphone
equipped with an embedded accelerometer for daily
intensity measurement of physical activity. The heart rate
is measured using a monitoring fitbit bracelet called
Miolink. The bracelet has an optical sensor that captures
heartbeats and transmits HR data in synchronous time to
the mobile device by Bluetooth connection. The mobile
application FLEEM registers HR data and heartbeats
period. This information is stored in the mobile device
database for later transfer to the database of the web
platform when the internet connection is established. For
data transmission between the smartphone and the fitbit,
it was implemented an algorithm of Bluetooth Light
Energy 4.0 communication protocol. The heart rate
monitoring screen of the mobile application FLEEM and
the Miolink sensor are shown in figure 2.

Figure 2. Screenshot of mobile application FLEEN and
Miolink sensor

2.1. User Testing
In the study, 70 volunteers of both genders
participated, aged 8 to 12 years, all of them enrolled in
public schools in the city of Monteiro Lobato, State of
São Paulo. They used the mobile application FLEEM for
a period of 4 months. The HR of volunteers were
monitored in the periods: mornings, afternoons and

Based on the measured heart rate data, HRV analysis
was performed on the FLEEM web platform. Linear (time
and frequency domain) and nonlinear (kurtosis, Poincare
(SD1 / SD2) and sample entropy) signal processing
techniques were applied for the analyzed HRV [10], [16]–
[19]. The computational algorithm of HRV analysis was
developed in accordance with the recommendations of the
European Society of Cardiology and the American
Electrophysiology Patient Society [20].
Heart Rate Variability is a measure which indicates the
variation in your heartbeats within a specific timeframe
[18]. The normal clinical features of the
electrocardiogram include the complex QRS which
reflects the depolarization of the ventricles. Within the
QRS complex, the peak R has the most prominent
amplitude and is commonly tracked on medical
equipment for HR monitoring. With Miolink sensor, the
heartbeats
are
analyzed
with
PPG
(photoplethysmography). In the PPG signal, it’s the
steepest increase in the signal prior to the peak that marks
a heartbeat. Instead of R-R intervals, we measure
interbeat intervals or IBIs.
The Miolink sensor acquires the individuals’ HR per
second and transmits it to the FLEEM System app. The
interval between beats (in seconds) is the raw
measurement used to quantify HRV and was obtained
inversely (HR/60), since HR is shown in BPM. Once the
distance (in seconds) between two beats is calculated in a
certain instant, the next HR sent by the sensor allows
estimation of the distance (in seconds) between the
current beat and the next beat (or R peak). It is done
recursively, and a surrogated vector is reconstructed
allowing the identification of the time position of the Rpeaks and the intervals between beats. It is followed by
calculating the R to R intervals (RR) through the time
difference between a sequence of two beats (time position
of the current beat minus the time position of the previous
beat). The pre-processing ends by resampling the RR
vector at 4 Hz with a cubic spline to obtain equally
spaced data to be used for standard HRV spectral analysis
[21].
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3.

differences between overweight and obese (table 3).

Results

Tables 1-3 show the HRV analysis between periods:
night-time, day-time and evening-time. Significant
differences (p <0.05 - *) were observed in the frequency
domain and nonlinear HRV variables between each
anthropometric group and in relation to the considered
period. As shown in table 1, the characteristic metrics of
the time domain; maxNN, SDNN, RMSSD and NN50
have p <0.05 for the Anova One-Way test. The BomFerroni test showed significant differences between the
groups of overweight and obese children compared to the
group of eutrophic children

Table 3. Poincaré plot indexes of HRV

Table 1. HRV analysis in the time-domain

4.

Variable

meanHR
meanNN
minNN
maxNN
SDNN

p
Anova
OneWay
0.6410
0.4570
0.2290
0.0414*
0.0300*

RMSSD

0.0150*

NN50

0.0150*

pNN50

0.1240

p Pos-Hoc Bom Ferroni

> 0.05
> 0.05
> 0.05
0.04* (Overweight vs Obese)
0.03*
(Eutrop.
vs
Overweight);
0.02*
(Overweight vs Obese)
0.041* (Eutrophic vs Obese);
0.019* (Overweight vs Obese)
0.045* (Eutrophic vs Obese);
0.019* (Overweight vs Obese)
> 0.05

log(ULF)
log(VLF)
log(LF)

0.0430*

log(HF)
ratio LFHF

0.0090*

SD2
ratio SD1
- SD2

0.4400
0.0350*

p Pos-Hoc Bom Ferroni

0.041*
Obese)
> 0.05
0.031*
Obese)

(Overweight

vs

(Overweight

vs

Discussion

5.

Conclusion

This research shows that the described online, low-cost
and affordable tool is reliable for remote monitoring. The
implementation of the monitoring system over 4 months
provided a wealth of information, including parameters in
the time domain, frequency domain and the nonlinear
parameters of the HRV of children diagnosed as being
overweight and obese. The results obtained through
monitoring are a rich source of knowledge that can assist
in clinical and technological research, as well as generate
important information for planning public health policy
actions.

Table 2. HRV analysis in the frecuency-domain
p Anova
OneWay
0.2790
0.0210*

SD1

p Anova
OneWay
0.0490*

In the contemporary setting in which traditional health
services and processes are undergoing major
transformations to meet present and future needs, we have
developed a new remote monitoring system for
preventive health care. With the FLEEM system, it was
possible to remotely monitor the HRV of 26 children
which have been previously classified according to their
anthropometric characteristics measurements (eutrophic,
overweight and obese).
The results show that some parameters of the HRV are
characteristic of each anthropometric group. This means
that alterations in the body composition in an individual
contribute to the regulation of heartbeats by overloading
the activity of the sympathetic/parasympathetic system,
be it during the day, afternoon or night [22]. Some studies
have shown that indicators of abdominal obesity correlate
better with high coronary risk than BMI [23], [24].

On the other hand, almost all the frequency domain
variable characteristics of each group (see table 2) show
significant differences between the different periods,
except for the variable "ULF".

Variable

Variable

p Pos-Hoc Bom Ferroni

> 0.05
0.027*
(Eutro.
vs
Overweight)
0.037* (Eutrophic vs Obese);
0.041* (Overw. vs Obese)
0.04* (Overweight vs Obese)
0.03* (Eutrophic vs Obese);
0.009* (Overw. vs Obese)
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