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The research programme reported in this paper is set within the framework of our research
under the theme of ICT support for Active Healthy Ageing (AHA). This longitudinal
empirical research is focused on the study of the impact on the management of cardio-
vascular disease if supported by sustained health monitoring using wearable connected
devices. One of the key objectives is stress monitoring and its classification during the daily
routine of life thus enabling psycho-physiological monitoring to study the correlation
between emotional states including variable stress levels and the evolution and prognosis
of cardiovascular disease. In this paper, the calibration phase will be studied in order to
distinguish between two emotional states: i) meditation and ii) stress condition. For this,
the Heart Rate Variability (HRV) features are used as extracted from the RR interval and
a support vectors machine (SVM) classifier deployed which resulted in 74% and 87%
recognition accuracy based on HRV data for the recognition of the two emotional states,
namely meditative, and, stressed, respectively.

The main objective is to prevent Cardio-Vascular Disease (CVD) in healthy people and to
treat those who already suffer from it. Creating a reference database was our first step in
this research project. The sensor choice was made based on doctors’ recommendations.
The work methodology was as follows: first validate the « objective data » issuing from the
calibration state. Second, set up the automatic algorithm and detect automatically the
patient’s emotional states during the experimentation period (subjective data). Third
analyse the physical activities correlated to the blood pressure and emotions. This study
has involved the challenge of distinguishing the influence of stress versus relaxation on the
Cardio-Vascular function and in particular on the risk of exacerbation of pre-existing
Cardio-Vascular Disease.
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1. Introduction

The Internet of Things (IoT) represents a vision of ambient
intelligent devices to support smart environments, lifestyles and
hyper-connectivity based on the semantic interoperability of
network-centric sensor devices as connected objects [1]. It
represents different types of connection (Bluetooth, wireless, etc.)
between several sensors within pre-established protocols. The
connected objects reach several areas and fields. They can be
found in the thermal energy sector, automated manufacturing,
smart agriculture, intelligent buildings and healthcare sector. They
are linked and connected in order to record, communicate and
exchange data in real-time (Figure 1).

Chao Li [2] mentioned that by 2020 the number of connected
sensors worldwide would reach 50 billion. It means that in less than
5 years the sensors number have almost doubled (in 2015 it was 25
billion objects). Combining these sensors with computer science
tools like big data would increase the French gross domestic
product (GDP) by 7% in 2025 [3]

Fig. 1.

Data exchange and connected devices ( Pixabay)

Hata [4] maintains that our world is mainly composed of three
major fields: the environment and its influence on human beings,
the technology that enables the sensing and perception of the
environment and the physiological and emotional data of the
human beings themselves, which in this study in multi-modal
HealthCare Monitoring are connected through sensor devices by a
complex system-of-systems that includes many operators and
exploits the IoT architecture. When operating a healthcare system,
the patient’s environment must be managed ensuring their security
and safety. The number of connected sensors and the necessity to
record data in continuous and anonymous way, accurately using a
self-synchronised data acquisition method constitute the
paradigmatic challenges in this domain. The sensors measure
various parameters and provide real-time data streams that need to
be processed for data fusion and model building. Hata’s health
management framework [4] is based on a causality model as is this
case study. Sensors measure the psycho-physiological states of the
user as well as the relevant states of their living environment and
the interaction between them. Emotions and human responses are
closely related to hormone balance and the environment (lifestyle,
work-style). In order to analyse emotion, the fact that feelings are
personally interpreted must be taken into consideration. Some
people cannot or will not identify their feelings and even if they do,
it is still a subjective assessment. For example, a person might
state: “I feel stressed” but physiologically it may that the person is
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just “tired”, or may state “I feel relaxed” while the data indicates
that they are stressed. The intercommunications between several
areas in addition to the complication of administrating data and
decision-making have to be taken into consideration.

2. Cardiovascular diseases

As mentioned in 2017, cardiovascular disease was one of the main
causes of death in the world (according to the World Health
Organisation). This affects 17 million people all over the world.
CVD mainly concerns heart stroke and blood vessels. These
diseases are not infections and cannot be passed from person to
person. There are different types of CVD, the most common being
coronary disease which causes one death in three in the United
States every year (source centres for diseases control and
prevention). In France, the main cause of death is due to CVD by
33% compared to 5% from digestive system diseases (source
INSERM- INSEE). This kind of chronic disease is controlled by
risk factors. Some of them cannot be changed like age, gender,
family history. However, others can be moderated such as physical
activities, obesity, high blood pressure, etc. by reducing those risks
with healthier and better life style choices. This is the main
objective of this study: to ensure better health care system using
information technology. Chest pressure, heart pain, shortness of
breath, nausea and feeling heartburn are the main symptoms of
heart attack. These aspects are warnings that our body sends us of
a dysfunction in our body.

Kernay [5] emphasised the importance of preventing, controlling
and treating hypertension diseases, with high priority worldwide
especially for developed countries. As figure 2 shows, being in
developed or developing countries does not make a significant
difference in hypertension risks. Being able to avoid hypertension,
coronary disease, and peripheral arterial disease among other CVD
is a worldwide healthcare system challenge. The European
Cardiovascular Disease report for 2017 [7], shows that despite the
age, sex and ethnicity difference between European citizens, CVD
still the leading cause of death in Europe.

The aim is to prevent the disease if possible and to manage its
treatment using data-analytic tools and connected sensors. Three
main factors for CVD have been chosen with doctor’s
rrecommendations: Physical activities, regulation blood pressure
and controlling emotions.
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Fig. 2. Developed and developing countries: hypertension statistics (Source [6])
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In this paper, a methodology will be presented to describe the main
idea and objectives, define the experimentation protocol, explain
the sensor choice and show the main results segmentation.
However, the most challenging part in this research is controlling
emotions for stress. For that, how emotion can be detected is
explained based on a complex system of heart rate variability.

3. Heart rate variability

The heart rate variability measures the inter-beat interval.
Analysing heart rate variability based on RR interval was the focus
of the research. Much research has been conducted to show that
there is a link between the emotional state, physiological and
physic activities.

The HRV analysis can be divided into three areas: the long term
(within 24hrs), the short term (about 5 min) and the ultra-short term
(less than 5 min). Some research proposes the ultra-sort term from
1 min to 4 min [8]. Between the time domain, the frequency
domain and the nonlinear metrics there are about 50 indicators for
HRV. Monitoring people during daily routine life was the focus of
this research. The calibration phase duration is about 10 minutes of
meditation (calm respiration in order to calculate the heart rate
frequency in a resting state) and 15 minutes of stress (stressful
games like the Stroop colour test, mental arithmetic, etc.). The RR
interval is being recorded with a frequency of one per second. In
the literature, the HRV analysis has been analysed for a short-term
duration and 24hr measurements. There is a total absent of studies
conducted on ultra-short term. The purpose of this research is to
bring out several indicators relevant to identifying each emotional
state during ultra-short-term testing.

The Autonomic Nervous System (ANS) is the part of the nervous
system in our body that regulates the function of human organs and
the cardiac muscles and glands. It is the vital system for controlling
many phenomes in our body: such as temperature changes sending
extra blood to some organs, causing a slower heartbeat, etc. This
system is divided in two main areas: the parasympathetic system
and the sympathetic system. They serve the same organs but have
opposite roles. While one excites our body and supports fight or
flight reactions to the environment, the other calms it down. When
feelings of anxiety, panic, fear, happiness, etc. are experienced,
these are initiated by our sympathetic system thus preparing the
body for physical activities and emotional responses. In other
words, “stress and emotions” are evoked mainly by the
sympathetic system while “relaxation and calm responses” are
evoked by the parasympathetic system. The analysis of emotions
is the focus of this work on stress based on HRV that was
calculated from the RR interval extracted from the heart rate
monitor belt. The data recording is 1s for each observation. There
is not a unique indicator that can categorise the HRV. This complex
system takes into consideration the paradoxical behaviour between
the parasympathetic system and the sympathetic system as well as
the respiratory mechanism. In much research, the LF/HF ratio
(Low Frequency/High Frequency) has been considered reliable in
presenting sympathovagal balance. Wilhelm [9] confirms that
using this ratio for a two-dimensional representation framework
can help in stress recognition. However, using only this indicator
is not enough for this research thus analysing daily data including
different kinds of emotion, such as fear, panic, happiness, stress,
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satisfaction, etc. This paper presents the potential benefit of using
a Support Vector Machine (SVM) to identify mental stress based
on heart rate variability. The complexity of heart rate indicates the
flexibility of the Autonomic Nervous System (ANS) and
sympathovagal modulation effects on HR variability. Several HRV
indicators were taken into consideration from the time and
frequency domains to Poincaré and statistical analysis. The
objective was to distinguish between the effects of sympathovagal
fluctuations and emotion on HR variability.

Emotions and the way they are expressed are different from one
person to another. Many studies were conducted into this area, and
most of them show that having a positive attitude, surrounded by
positive feelings, helps people to live longer compared to those
who are always feeling angry, afraid and stressed. In 1977, the
American psychologist Caroll Ellis Izard classified emotions into
ten categories; joy, surprise, sadness, anger, disgust, contempt,
shame, fear, guilt, interest or excitement. As cited, stress is not
technically an emotion. It is a feeling that based on a reaction or a
stimulus. A recent study in 2018 [10], based on the state-of-the-art
of 37 publications showed that heart rate variability is a reliable
indicator for stress recognition.

4. The proposed work and other related works

This is not the first work undertaken on stress and HRV as
mentioned in the related work in the paper. But the novel
contribution is that this work will be the first to separate different
kinds of emotion during daily life. No related work has been
conducted that mentioned how to distinguish between happiness,
being angry, stressed or feeling relaxed. No related research
undertook daily monitoring for patient/participants.

There have been no previous studies deploying a similar
methodology of longitudinal real-life study of the psycho-
physiological correlates of evolution and exacerbation of cardio-
vascular conditions. This study was initiated responsive to earlier
mainly clinically controlled studies [11], [12], [7] which involved
data capture in the context of a few specifically detectable activities
(such as preparing food, climbing stairs, using a smartphone, etc.).
As of 2018 some work has been mainly concerned with feature
extraction [9]; others have used various approaches for stress
detection e.g. a survey approach [10], saliva and cortisol level [11].
Others have used controlled studies to evaluate the impact of fast
food consumption [12] lifestyle in terms of cardio-vascular disease
risk and some have involved data capture in an IOT-enabled
controlled smart home context [ 13]. The approach followed here is
distinguished by being based on an ambulant environment (rather
than being clinically controlled), connected-devices-enabled
continuous data measurement including contemporaneous self-
expression recordings of the participant’s perceived feelings and
mood. The project objective is to extract information and
correlations from different types of data (corporal and sentimental)
and to bring up analysis that will present the impact of these
variables and features on cardiovascular diseases in terms of
prevention and treatment. The experiments started with data
acquisition involving healthy individuals paving the way for
addressing sensor integration, data acquisition, storage and
integration issues and evaluating the experimental set-up for the
future. This paper explains the project methodology, experiments
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already conducted and those planned to be carried out within
INSEAD-Sorbonne Université. Firstly, the sensor choice was
explained, secondly, the concept and objectives were described and
demonstrated and the questionnaires were tested and validated.
Finally, the experimentation and analysis tools were defined.
sensors currently available on the market can support the
measurement of three categories of data regarding the cardio-
vascular function; namely: i) the physiological parameters such as
activity level, ii) arterial pressure, iii) stress level. The research
purpose is to build an automatic system detection capable of
recognising different types of emotion and to categorising feelings
and mood according to heart beat, arterial pressure among several
other variables. Moreover, the work’s contribution is to ensure
monitoring participants while they are wearing sensors during their
daily life. Despite the fact that not all the stress-creating factors are
manageable, the conducted experience gave rise to reliable data
that illustrate participants’ spontaneous feelings and mood. As the
experimentation has been conducted over a long period, the part
that concerns data storage and management had to be handled
securely.

5. Materials and methods
5.1. Wearables sensors

Before launching this research, a literature review was conducted .
The idea was to study the types of existing sensors on the market
and to the research carried out already [8]. The sensor choice was
based on three hypotheses that are explained as follows:

1. Blood Pressure or the blood circulation is highly correlated
with cardio vascular diseases[14, 15] and thus identifying the
flow of blood circulation with a connected sensor remains an
important part to maintain a stable blood pressure. Hastie and
Gluszek [16, 17] mentioned that it is essential to measure
heart rate variability in order to manage and control the risk
of having a cardiovascular disease.

2. Nutritional attitude and physical activities are two important
factors that people should take into consideration in order to
prevent the apparition of cardiovascular diseases [18].

3. Feeling overwhelmed, anxious, stressed among several other
feelings, are factors that can be the main cause for the
appearance of chronic diseases. These cognitive and
emotional factors, have not yet been measured in an
ambulatory approach [13, 19, 20].

To satisfy the hypothesis mentioned above and to set up this
experiment, 3 connected objects were selected. They will measure
the physical activity, the blood pressure and heart rate variability.
So each participant was given a connected tensiometer, a heart rate
monitor belt and a smart watch.

Tensiometer

Following a study of user acceptance, reliability and wearability
criteria, the tensiometer «Resty AD761f was selected as one of the
sensors to be integrated within the body area sensor network (see
Fig.3). Tensiometers of this brand are among the first to have
passed the European Society of Hypertension (ESH) protocol [21],
[22]. This device enables the detection of a person's rest condition
using the Hemodynamic Stability Determination technique (HSD).
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Rossmax tensiometer

Fig. 3.

The smartwatch ActiGraph

Dinseh [23,24], states that the actigraph is one of the most reliable
widely used accelometers in scientific research. This smart watch
is an activity monitor (Figure 4) tested, tried and approved by many
researchers and practitioners [25, 26] as a reliable sensor giving
accurate data. As the trial was over a long period and the objective
was to monitor people during their daily life, many limitations
were imposed on the sensor choice. It had to be small, discreet,
user friendly, giving reliable data. As the sensor placement affects
the degree of data accuracy, all participants were asked to carry this
connected device in the same position on their waist (Figure 4)

Both raw and calibrated data were extracted at a range of sampling
frequencies (ranging from 30 Hz to 100 Hz).

Fig. 4. Actigraph sensor wormn

The heart rate monitoring belt: Polar H7

For emotional state monitoring and measurement specifically
stress, a state-of-the-art analysis of the emotional states sensing
technology was performed as well as a study of the readymade
solutions for this which could be mass-scalable. To quantify
emotions and feeling many tools and techniques are available
specially to measure stress among other feelings. This mental
pressure and feeling is one of the main factors that accentuates the
appearance of CVD among chronic diseases [19] [20] [55].

Marek and Hamilton [33, 34] specified measuring HRV as a
reliable technique for categorisation of several kinds of emotions.
For this reason participants were equipped with the heart rate
monitor belt to measure HRV based on the RR interval (figure 5)

). 4

Fig. 5. The Heart Rate Monitor Belt
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5.2. Methodology

The methodology was based on the aim of this work, to treat people
with CVD and to prevent the apparition of chronic diseases
especially cardiovascular ones. This project methodology was
centred on studies that explain the association between the
emotional states and heart rate variability [35, 36].

One of the important emotion types to be monitored is stress which
can lead to CVD, specifically chronic stress increasing blood
pressure and exacerbating CVD; the physiological and
psychological reactions to stress can manifest as both anxiety and
depression. The stress monitored was real life stress and not
induced or simulated for experimental purposes [37]. Vaping and
smoking, being overweight or obese, the absence of physical
activities, being anxious and stressed are factors that will put
healthy participants at risk. The trial duration was 15 days in which
participants wore the three sensors according to the user manual.
No restriction was imposed. Participants were not asked to change
their daily routine nor to be more active. This study is distinguished
by the fact that the key psycho-physiological data relevant to
cardio-vascular function was captured continuously over a long
period to support offline analysis, rather than on a one—off
diagnostic basis. This trial was validated in three steps. First, the
experts decided the inclusion and the exclusion criteria to select
different participants. Second, three online surveys were tested on
the UTC team. According to their feedback more questions were
added. Third, the procedure was validated and all the
experimentation protocol was validated by the INSEAD ethical
committee.

5.3. The experimental protocol

This project was established in collaboration with the Institut
Europeen d’Administration des Affaires (INSEAD). The
experimentation protocol took the welfare of the participants into
consideration. The main research goal is to measure some variables
via the sensors and devices and to extract features from this data.
The main work needs to be done on patients with CVD.
Nevertheless, the study with the INSEAD lab was performed on
healthy people. A database reference was necessary and so the trial
was launched with participants with no chronic diseases who were
closest to the sociodemographic criteria of France.

Before launching this experiment, two main exclusion criteria were
imposed: having a chronic disease and not reaching the age of
majority (18-19 years old). People would wear the sensors every
day during the trial. Physiological and emotional parameters will
be measured continuously.

Candidates were assigned coded identities, which were transmitted
once the trial started. The protocol ID is ID February2018/1. It was
approved by the Ethical Committee in INSEAD. All data are
anonymously collected and treated.

A quantitative study was performed before starting the recordings.
First doctors from different specialities (neurologist, cardiologist
and generalist) were questioned. This enabled the categorisation
of the three main areas that will affect chronic diseases generally
and CVD specifically. Nexta focus group was set up with the UTC
lab in order make sure that all the questions are clear and easy to
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understand (as few questions have medical terms). Age, antecedent
diseases, physical activity, eating habits and emotion were the
main features that doctors proposed to focus on. An emotional
eating a validated questionnaire concerning emotion and eating
was conducted inspired by Garaulet et al. [38].

The three main questionnaires were implemented on Qualtrics
(within INSEAD Sorbonne université). Each participant had to
enter his/her own code to express how the study was conducted.
The main three surveys are as follow:

1. The pre-selection questionnaire: Selecting people
according to the inclusion criteria

2. Before experiment questionnaire: Analysing participants’
physical activity, eating habits, the general assessment of
the candidate's health (smoking, alcohol, obesity ...).

3. After experimentation questionnaire:the main purpose is

to study the candidate's satisfaction with the experience,
focus on participant’s recommendation, find out if the
experiment helped candidate to change his/her dietary
habits and becoming an active person.

a) Procedure

The trial duration is 2 weeks; during which candidates must wear
three connected objects. The heart rate monitor belt should be worn
at least 2-3 hours per day. The tensiometer for morning and
evening measurements and the activity tracker all day long.

After selection of each participant, a meeting took place with them
in order to explain experimentation’s protocol. Participants were
informed that we created a forum free place to ask questions and
exchanging with each other and giving their feedback about the
experience. They were given a user manual re the tools, how and
when to wear sensors. They were also given a notepad in which to
write down their feelings, physical activities and emotions while
they are wearing the sensors.

They were also told that the experiment was not to be regarded as
an alternative to any medical or other treatment and informed about
the FORUM, a free and anonymous point of exchange of ideas to
be used to analyse participants’ responses [39], enabling
participants to write their feelings anonymously, their issues as
well as their remarks and questions. Before starting the experience,
candidates had to read and sign the protocol. Once the study is
over, they have to bring back the sensors to INSEAD and so getting
a financial compensation for their effort during this trial (Figure 6)

First step

Choose participantsand label
them with ID

Individual meeting with each

Launch preselection survey participant

Second step

Give participants the notepad,

Reaserch project presentation
project p sensors and the user manual

Before experiment survey

A 4

Third step

Starting experimentation wearing
the sensors

Getting back the sensors and

After experiment survey starting data analytics

Fig. 6. The description of the experimentation protocol
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b) Subjects

Before recruitment began, the intention was to have a population
similar to the French population described by the INSEE; 23 men
and 22 women. However, recruiting people depends on their
flexibility, motivation, availability and eligibility. The trial
duration was 4 to 5 months during which 53 participants took part
wearing the devices for 15 days each. Candidates were from
different socio-professional categories, different levels of study
and age category. In this section, some statistical results of the
population are presented and participant feedback.

As the graph shows (Figure 7) almost 40% of our population are
healthy people with no cardiovascular disease who are aged over
40 years. Recruiting men for this study was not a simple task.

28%
20% 25% .
17
20% 15% 13%
1o ' ' ' =
—

0%
more than
69

15-25 30-39 40-45 50-59 60-69

Fig. 7. Age Categories

The final population is composed of 3% women and 4 men.
Obtaining certain variables during sensor initialisation enabled the
comparison of the participants’ measurements. The Body Mass
Index (BMI) is calculated as follows: BMI = mass / height*2. The
interpretation is as follows:

* [f BMI <= 18.5 : the participant is in underweight area

* 18.5 <BMI <= 25 : the participant is in a normal weight area

* 25 <BMI <= 30 : the participant is overweight

* 30 <BMI <= 35 : the participant is in a moderate obesity area

* 35 <BMI <=40 : the participant is in a severe obesity area

* 40 <IMC : the participant is in an obesity morbid area

57% of participants have a normal weight with only 4% having
morbid obesity (see Figure 8). 31% is the wear time validation for
less than 40% of participants. This shows that participants were
motivated to carry out the experiment

W Moderate abiiy
B S e CRE SRy

W Norml crpulenc | I Overmeigha
W Uindeawsei ght

Fig. 8. Obesity Level
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6. HRYV and calibration phase

Heart rate variability is highly used for emotions analysis like
anxiety, fear and specially stress. In fact, the HRV is described by
several parameters and biomarkers. There are features that are
calculated in the statistical domain, time serial domain and others
are in the frequency domain. One powerful biomarkers for stress
detection based on HRV analysis is the LF/HF ratio (Low
frequency/ High frequency).

The interpretation is based on two hypotheses: the ratio LF/HF
must be interpreted. If its value is less than one it shows that the
person is feeling relaxed, sleeping or just resting. Otherwise it
means that the participant is carrying out a physical activity,
running or feeling stressed

The first HRV analysis of recordings on Kubios, showed the
confirmation or the two hypotheses mentioned above (Figure 9 and
10)

Fig. 10. Participant in rest condition (yoga class)

Before starting this experiment with the collaboration with
INSEAD Sorbonne Université, a « blind test » was set up with the
UTC member lab. The idea was to make sure that the equipment
and sensors are connected and that they were friendly user.

While analysing the HRV based on participants, notes (on the
notepad) it was deduced that sometimes there is no correlation
between what is written on the notepad and the HRV analysis. In
fact, emotions are our personal interpretation. For example,
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participant A can write on the notepad ‘feeling stressed’ and while
analysing data of participant A we found that he was not stressed.
In addition, the fact that people sometimes have difficulty
identifying their feelings has to be taken into consideration. It was
therefore decided that ‘reliable data’ was needed which meant
recording data while observing what is actually happening. This
was called that the ‘calibration state’. Games were developed to
stress people. Before starting the experimentation, participant had
to spend 20 min of recording ‘reliable data’ starting with 10 min of
deep respiration and meditation. After that 10 minutes of playing
stressful games that are reported as follows: Starting with 3
minutes of a mathematical mental exercise, next playing the ball
game for 3 minutes and finishing with the Stroop Colour Word
Test, the cognitive stressful test. These games were developed
using Visual Studio and Scratch (Fig. 11). Despite the fact that the
game’s idea is validated in advanced research [40], it was decided
to develop them so they can be user friendly in an interactive way
and adjust the speed games, another helpful factor for boosting the
participant’s stress. Before launching these games, they were
trialled on 13 users from the UTC Lab and the graphical interface
was adjusted according to their feedback and remarks.

Seore [0 9| 5 [Vert="G. Rouge =H. Bleu=K, Noir=Z, Jaune = .

—

LILLAS

Fig. 11. Interactives games

7. Support Vector machine

To analyse the HRV there are distinct techniques that enabled the
extraction of several features. The support vector machine is often
used in statistical machine learning theory to solve classification
issues in several areas in the medical field. Lanata [41] used this
algorithm to identify horses’ response to human fear and
happiness. Mirhoseini [42] used it to detect early cardiac death
while this pattern recognition classifier was also used for health
care applications based on Heart Rate Variability [45-50]

The main use of this supervised algorithm is to distinguish between
two classes (or more). Having a set of points in a feature space,
each point is associated to a label. The dispersion of a group of
points with the description is made up of a straight line or a
hyperplane (in the context of two dimensions).

Nevertheless, the problem of machine learning only functions if
the data has a linear structure, which is not the case here where the
SVM with RBF Kernel (Radial Basis Function Kernel) was used
to overcome this.

8. Results

Fred Shaffer and Roman Baevsky [43] [44] mentioned all the state
of the art of research that has used the ECG signal and RR interval
to interpret the HRV. The results shown in this section, concern the
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calibration phase. An Ultra short-term period (less than 5 min of
analysis). Corresponding features were extracted and some
statistical variables were added. A feature was created [24] for
arrhythmia detection (if the HTT <= 20.42 and RMSSD<= 0.068
then the heart rhythm is normal, and if the HTI> 20.42 then there
is a presence of arrhythmia). The ‘HRV Tool’ implemented by
Marcus Vollmer [53] on Matlab was used; in order to extract some
features from the RR signal. During this calibration phase 34
participants were chosen and the data divided into two categories:
stress label and relaxation label. Work was chosen with a signal
processing ‘windows of 90s with recovering of 50% [45]. The 24
selected features are described in the table 1.

Table 1. Different features

Features

SDSD, PNN50, NN50, RMSSD, HRV
triangular index (HTI) Mean RR,
Standard deviation, coefficient of
variation, THRV and TINN[44], [45]

Domain
Time Domain

Frequency Domain VLF = Very Low Frequency (0.0033-
0.04 Hz), LF= Low Frequency (0.04-

0.15 Hz), HF = High Frequency (0.15-

04 Hz), pLF, pHF and LF/HF
ratio[46],[47]
Statistics analysis KURTO, Skeww, Interquatrtile,

Arrythmia (that detect the arrhythmia
corresponding to [44])

SD1, SD2 and SD1SD2ratio,
approximate entropy (ApEn)[49],[50]

Poincare plot

The data was divided into two datasets: 80% for training data and
20% for test data. We made a k fold (k= 5) so the final obtained
value is an average of the 5 iteration inside the SVM model. The
table below shows the main results with 74.44% of good
recognition rate:

Table 2. Confusion Matrix

Class 1 Class 2 % good

recognition rate
Class 1 48 38 55.81 %
Class 2 17 115 87.12 %

9. Discussion and conclusion

Our study mainly concerned monitoring patients with chronic
diseases at home and controlling heart rate variability with
wearable sensors. The experimental protocol was conducted with
50 participants who were equipped with 3 connected objects
which. they had to wear for 15 days and to record, on the notepad
provided, what they were doing (activity level) and how they were
feeling throughout the day. Before launching this experiment and
in order to ensure the accuracy of the acquired data, each
participant had to undergo a « calibration phase ». In this paper the
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methodology and the results obtained from analysing the calibrated
data are presented. The SVM on the RR measurements were
applied to interpret the heart rate variability based on the activity
and stress levels during any period of observation.

34 RR interval signals, including two different beat types (stress
and meditation) were selected. 24 features were selected and the
support vector machine algorithm was applied. The HRV signal
extraction from each RR interval showed over 74% of accurate
recognition. The optimisation of the use of features and thus the
reduction of the error rate will be the aim of future work. The
algorithm has a recognition accuracy of over 87% for class 2 that
indicates the stress induced from playing games. The population
was divided by age and gender in order to obtain a more efficient
classification [54].
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