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After presenting the methods used for measuring and modelling short-term and long-term behaviours
in D4.2 and D4.4 respectively, this deliverable deepens more into the software components needed for
the characterisation and identification of long-term behaviour. In particular, D4.5 aims to implement and
demonstrate some of the long-term behaviour characterisation and identification methods proposed in
D4.4.

Initially, the technical setup including the hardware components and the system'’s architecture is
presented in Section 3. Then, the developed models for long-term physical and social behaviours are
implemented in Section 4. Finally, Section 5 demonstrates various scenarios for identifying long-term
behaviours.
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The main objective of this deliverable (D4.5) is to describe the software components developed for the
inference of long-term behaviours based on short-term behaviour information (D4.4).
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The hardware setup is based on the same approach that we presented in D4.3 (please refer to Section
3.1 of that deliverable for a full description). Specifically, on-body and off-body sensor data such as
acceleration, phone call logs or ambient sound are collected and stored into the Holistic Behaviour
Analysis Framework (HBAF) in order to detect physical, social, emotional and cognitive short-term
behaviours. Based on these behaviours, a number of features are extracted for identifying physical, social,
emotional and cognitive long-term behaviours over different periods of time (e.g., day, week, month).

One of the key points of the HBAF is to analyse multimodal sensor data and extract useful information
to describe the user's behaviour. In that spirit, both short-term and long-term behaviours are detected
and constantly pushed through a secured connection to the shared knowledge base for further analysis.
Thus, the provided information can be used in order to feed the dialogues among coaches and track
behaviour changes over time. The complete operation flow of the HBAF is presented in the following
picture (see Figure 1).
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Figure 1: Operation flow of the HBAF (from raw sensor data to long-term behaviours).

As it was first introduced in D4.3, the operation flow, which is extended here, unwraps as follows.
Smartphone raw data such as accelerometer, GPS, Bluetooth and ambient noise are recorded and stored
into the Apache Web server on a Linux system (Ubuntu 14.04.5 LTS Trusty Tahr, 2018). Then, scripts are
developed in Python 3.5 (Python, 2015) in order to process the raw data and detect short-term and long-
term behaviours. At first, short-term behaviour models detect physical, social, emotional and cognitive
behaviours, which are stored into a MySQL 5.7 database (MySQL, 2018). Additionally, the detected short-
term behaviours are further analysed in order to extract relevant statistics regarding user’s behaviour
(e.g., the total or average number of steps per hour/day, the most performed activities, etc.). These
statistics are used in order to extract a number of different features over a longer period of time, which
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in turn can help outlining the behaviour of the user for the long run. Then, the shared knowledge base
gets permanent access to this database via a secured rest APl connection (Slim 3.9.0 released, 2017),
based on JSON web token authentication. The HBAF communicates with the shared knowledge base
through the cURL web2web communication protocol. The data are distributed through JSON format
according to RFC 8259 (Datatracker, 2017) and ECMA-404 (ecma-international, 2017). It is worth
mentioning that the shared knowledge base component can get access to the HBAF and post data
extracted from the dialogs between user and coach (coach as a sensor) for further analysis.

In the following figures, we illustrate some exemplary data frames resulting from the characterization
(feature extraction) performed on short-term behaviours. For instance, we present the features used to
identify long-term physical and social behaviours. For the short-term physical behaviours, including the
detected activities and the total number of steps, we compute a number of features per day (Figure 2),
per week (Figure 3) and per month (Figure 4). It is worth mentioning that for counting steps, we used
data from a Fitbit device. In Figure 5 we compute the features based on the total duration of the
performed activities, while in Figure 6 and Figure 7 we do so by clustering first the performed activities
into vigorous (walking, cycling and tilting) or sedentary (commuting and being still). Similarly, we
compute the features for the social behaviour based on the total duration of being socially engaged
(Figure 8) or socially isolated (Figure 9). It is also worth mentioning that for detecting the total duration
of the performed activities and the duration of being socially engaged, we used a smartphone device to
collect raw smartphone data and detect the short-term behaviours (further explanation of the dataset is
presented in Section 5).
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steps_count_day - DataFrame
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Figure 2: Feature extraction for detecting long-term physical behaviour based on steps per day.

[ JON steps_count_week - DataFrame

Index steps start_day steps  end_day steps week_steps morning_steps  afterncon_steps  evening_steps daytime_steps waork_steps weekdays_steps weekends_steps  indoors_steps outdoors_steps diff1_steps diff2_steps ratio_steps

Figure 3: Feature extraction for detecting long-term physical behaviour based on steps per week.

D4.5: Long-term behaviours analysis prototype 9



Council of Coaches

e0e® steps_count_month - DataFrame

Index steps start_day_steps  end_day_steps manth_steps morning_steps  afterncon_steps  evening_steps daytime_steps work_steps weekdays_steps weekends_steps  indoors_steps outdoors_steps diff1_steps diff2_steps ratio_steps

Figure 4: Feature extraction for detecting long-term physical behaviour based on steps per month.

[ NoN ] activity_day - DataFrame

total_duration  Vehicle day_activity indoors_activity outdoors_activity  diffi_activity diff2_activity  ratio_activity
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Figure 5: Feature extraction for detecting long-term physical behaviour based on the total duration of the performed activities per day.
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[ NN vigorous_day - DataFrame
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Figure 6: Feature extraction for detecting long-term physical behaviour based on the total duration of the performed vigorous activities per day.

e0e y_day - DataFrame

sedentary_duration Vehicle start_day_sedentary end_day_sedentary day_sedentary morning_sedentary afternoon_sedentary evening_sedentary daytime_sedentary work_sedentary indoors_sedentary outdoors_sedentary diff1_s diff2_s ratio_
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2:‘3;?:;21 Saturday
:::?:;22 Sunday

Figure 7: Feature extraction for detecting long-term physical behaviour based on the total duration of the performed sedentary activities per day.
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social_interaction_day - DataFrame

Interaction i ion  end_day_i i day_i afternoon_ir i evening_i ion  daytime_i jon  work_i i indoors_i i i ion  diff1_i ion  diff2_i ion  ratio_i
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Figure 8: Feature extraction for detecting long-term social behaviour based on the total duration of being socially engaged per day.

social_isolation_day - DataFrame

isolation  start_day_isolati end_day._isolati day_isolati ing_isolati isolati ing_isolation daytime_isolati work_isolati indoors_isolati isolati diff1_isolati diff2_isolati ratio_i
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::3.:?:;21 Saturday
‘:::.:?:;22 Sunday

Figure 9: Feature extraction for detecting long-term social behaviour based on the total duration of being socially isolated per day.
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The following script describes in detail the logic developed for extracting features that can be used to
characterise the long-term behaviours. Hence, different features are extracted from the physical, social,
emotional and cognitive short-term behaviours. Even though in this deliverable we are focusing only on
physical and social long-term behaviours, the same approach will be used for identifying emotional and
cognitive long-term behaviours. A detailed list is presented in D4.4 for all behaviours (see D4.4, Tables
3-7 in that deliverable).

W oo NOUVTDE WN R

[
A WNRO-

15.
16.

17.
18.
19.
20.
21.

22.
23.

24.

25.
26.
27.

28.
29.

30.

31.
32.
33.

34.
35.

36.

37.
38.
39.
40.
41.

import pandas as pd

import numpy as np

from pandas import datetime
import os.path

import matplotlib.pyplot as plt

. # Physical Activity DataFrame created for D4.3 and contains the short-

term physical behaviour (steps and performed activities)

# Location DataFrame contains the indoors/outdoors location

steps_count_day, steps_count_week, steps_count_month = features_df(Physical_ Activity[['steps']
], Location, key='steps')

# Physical Activity DataFrame created for D4.3 and contains the short-

term physical behaviour (steps and performed activities)

Activity features = Physical_ Activity['activity_type'].copy()

Activity features['total_duration'] = Activity_features['Vehicle'] + Activity_features['Cyclin
g'] + Activity_features['Walking'] + Activity features['Still'] + Activity_features['Tilting']

activity_day, activity week, activity month = features_df(Activity_features[[ 'total_duration’,
'Vehicle', 'Cycling', 'Walking', 'Still', 'Tilting']], Location, key='activity')

# Features Extraction: Physical Behaviour (total_duration of SEDENTARY activities: being still
& vehicle)

Activity features['sedentary_duration'] = Activity_features['Vehicle'] + Activity features['St
i11']

sedentary_day, sedentary_week, sedentary_month = features_df(Activity_features[['sedentary_dur
ation', 'Vehicle', 'Still']], Location, key='sedentary')

# ================================= =
# Features Extraction: Physical Behaviour (total_duration of VIGOROUS activities: cycling, wal
king & tilting)

Activity features['vigorous_duration'] = Activity_features['Cycling'] + Activity_features['Wal
king'] + Activity_features['Tilting']
vigorous_day, vigorous_week, vigorous_month = features_df(Activity features[['vigorous_duratio

n', 'Cycling', 'Walking', 'Tilting']], Location, key='vigorous')

# Social Activity DataFrame created for D4.3 and contains the short-term social behaviour
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42.
43.
44,
45.
46.
a7.

48.
49.
50.
51.
52.

Social_features = Social_Activity[[ 'Detected_Social']].copy()
Social_features['interaction'] = ©

Social_features['isolation'] = @

Social_features.loc[(Social_features[ 'Detected_Social'] == 1), ['interaction'] ] =
Social_features.loc[(Social_features[ 'Detected_Social'] == @), ['isolation'] ] =1
interaction_day, interaction_week, interaction_month = features_df(Social_features[['interacti
on']], Location, key='interaction')

1

isolation_day, isolation_week, isolation_month = features_df(Social_ features[['isolation']], L
ocation, key='isolation')

The following script contains the functions that were used in the above code in order to extract the
features for identifying physical, social, emotional and cognitive long-term behaviours. These features
are namely: morning, afternoon, evening, daytime, work, weekdays, weekends, indoors, outdoors and ratio.
The ratio feature is defined as the sum of the differences of a value with the values from the previous
and following period (window segment), divided by two (more information can be found in code lines

61-84).

W o NOUVT A WN R

W w wwwwwwww i NNNNNMNNMMNNMNNNMNNNNNRRRPRPRPRRPRRRERRBRE
OWCOoONOTUVPEAEWNROUOUOMNOOTUPA,WNROOVUOKNOODUDWNRO -

40.
41.

# number of values during morning (8am-12pm)

def feat_morning(df):
df_morning = df.between_time('08:00', '12:00")
df_morning = df_morning.resample('1D").sum()
df_morning.columns = [ 'morning']
return df_morning

. # number of values during afternoon (12pm -5pm)
. def feat_afternoon(df):

df_afternoon = df.between_time('12:00', '17:00')

df_afternoon = df_afternoon.resample('1D").sum() #calculate the sum of values per day
df_afternoon.columns = ['afternoon']

return df_afternoon

. # number of values during evening (5pm -12am)
. def feat_evening(df):

df_evening = df.between_time('17:00', '00:00')

df_evening = df_evening.resample('1D"').sum() #calculate the sum of values per day
df_evening.columns = ['evening']

return df_evening

. # number of values during daytime (7am -12am)
. def feat_daytime(df):

df_daytime = df.between_time('07:00', '00:00')

df_daytime = df_daytime.resample('1D"').sum() #calculate the sum of values per day
df_daytime.columns = ['daytime']

return df_daytime

. # number of values during worktime (8am -4pm) and during weekdays / generalized approach
. def feat_work(df):

df_work = df.between_time('08:00', '16:00')

df_work = df_work.resample('1D').sum() #calculate the sum of values per day

df_work.columns = ['work']

df_work[ 'day']= df_work.index.strftime('%A")

df_work.loc[(df_work['day'] == 'Saturday') |
.nan

return df_work['work"]

(df_work['day'] == 'Sunday'), ['work'] ] = np
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42.
43.
44.
45.
46.
a7.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.
88.
89.
90.
91.

92.
93.
94.
95.
96.
97.
98.
99.

100.
101.
102.
103.

104.
105.

# number of values indoors / location condition @ for indoors & 1 for outdoors

def feat_indoors(df,location):
df.columns = ['value']
df_indoors = df.copy()

df_indoors.loc[location[ 'location']==1, ['value'] ] = ©
df_indoors = df_indoors.resample('1D").sum() #calculate the sum of values per day

df_indoors.columns = ['indoors']
return df_indoors

# number of values outdoors / location condition © for indoors & 1 for outdoors

def feat_outdoors(df,location):
df.columns = ['value']
df_outdoors = df.copy()

df_outdoors.loc[location[ 'location']==0, ['value'] ] = ©
df_outdoors = df_outdoors.resample('1D').sum() #calculate the sum of values per day

df_outdoors.columns = ['outdoors']

return df_outdoors

# difference of values from one period compared to the previous one

def feat_diffl(df,freq):

if freq ==1:

df_diffl = df.resample('1D').sum() #calculate the sum of values per day

if freq ==

df_diffl = df.resample('W').sum() #calculate the sum of values per week

if freq == 30:

df_diffl = df.resample('M').sum() #calculate the sum of values per month

df_diffl.columns
df_diff1

['diff1']

df_diffl.diff()

df_diffl = df_diffl.abs()

return df_diffl

# difference of values from one period compared to the next one

def feat_diff2(df,freq):

if freq ==1:

df_diff2 = df.resample('1D').sum() #calculate the sum of values per day

if freq ==

df_diff2 = df.resample('W").sum()

if freq == 30:

df_diff2 = df.resample('M"').sum()

df_diff2.columns

['diff2"]

df _diff2 = df_diff2.diff(periods=-1)

df_diff2
return df_diff2

df_diff2.abs()

# number of values during weekdays
def feat_weekdays(df,freq):

df_weekdays = df.resample('1D').sum() #calculate the sum of values per day

df_weekdays.columns = ['weekdays']

df_weekdays[ 'day']= df_weekdays.index.strftime( '%A")

df_weekdays.loc[(df_weekdays['day'] == 'Saturday') | (df_weekdays['day'] == 'Sunday'), ['w

eekdays'] ] = np.nan
if freq == 7:
df_weekdays
if freq == 30:
df_weekdays

df_weekdays.resample('W").sum()

df_weekdays.resample('M").sum()

return df_weekdays[ 'weekdays"']

# number of values during weekends
def feat_weekends(df, freq):

df_weekends = df.resample('1D').sum() #calculate the sum of values per day

df_weekends.columns = ['weekends']

df_weekends[ 'day']= df_weekends.index.strftime( '%A")

df_weekends.loc[ (df_weekends['day'] != 'Saturday') & (df_weekends['day'] != 'Sunday'), ['w

eekends'] ] = np.nan
if freq ==
df_weekends

df_weekends.resample('W").sum()
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139.
140.
141.
142.

143.

159.
160.
161.
162.

163.

164.

.def

if freq == 30:
df_weekends = df_weekends.resample('M"').sum()
return df_weekends[ 'weekends']

features_df (df, location, key):

# Calculate features per day

df_day = df.resample('1D"').sum()

df_day[ 'start_day_%s'%key] = df_day.index

df_day[ 'end_day_%s'%key] = df_day.index + pd.Timedelta(days=1)

df_day[ 'day_%s'%key]= df_day[ 'start_day_%s'%key].dt.weekday_name

df_day[ '‘morning_%s'%key] = feat_morning(df.iloc[:,0].to_frame() )

df_day[ 'afternoon_%s'%key] = feat_afternoon(df.iloc[:,0].to_frame() )
df_day[ 'evening_%s'%key] = feat_evening(df.iloc[:,0].to_frame())

df_day[ 'daytime_%s'%key] = feat_daytime(df.iloc[:,0].to_frame())

df_day[ 'work_%s'%key] = feat_work(df.iloc[:,0].to_frame())

df_day[ 'indoors_%s'%key] = feat_indoors(df.iloc[:,0].to_frame(),location)
df_day[ 'outdoors_%s'%key] = feat_outdoors(df.iloc[:,0].to_frame(),location)
df_day[ 'diffl_%s'%key] = feat_diffi(df.iloc[:,0].to_frame(),freq=1)

df_day[ 'diff2_%s'%key] = feat_diff2(df.iloc[:,0].to_frame(),freq=1)

df_day[ 'ratio_%s'%key] = (df_day['diffl_%s'%key] + df_day[ 'diff2_%s'%key])/2
df_day[ 'ratio_%s'%key] = df_day['ratio_%s'%key].abs()

# Calculate features per week

df_week = df.resample('W").sum()

df_week['start_day_%s'%key] = df_week.index - pd.Timedelta(days=6)

df_week[ 'end_day_%s'%key] = df_week.index.copy()

df_week[ 'week_%s'%key]= df_week[ 'start_day_%s'%key].dt.week

df_week[ 'morning_%s'%key] = df_day[[ 'morning_%s'%key]].resample('W").sum()
df_week[ 'afternoon_%s'%key] = df_day[['afternoon_%s'%key]].resample('W").sum()
df_week[ 'evening_%s'%key] = df_day[['evening %s'%key]].resample('W").sum()
df_week[ 'daytime_%s'%key] = df_day[['daytime_%s'%key]].resample('W").sum()
df_week[ 'work_%s'%key] = df_day[[ 'work_%s'%key]].resample('W").sum()

df_week[ 'weekdays_%s'%key] = feat_weekdays(df_day.iloc[:,0].to_frame(name="'weekdays_%s '%ke

y) , freq=7)

df_week[ 'weekends_%s'%key] = feat_weekends(df_day.iloc[:,0].to_frame(name="'weekends_%s'%ke

y) , freg=7)

=7)

df_week[ 'indoors_%s'%key] = df_day[['indoors_%s'%key]].resample('W").sum()
df_week[ 'outdoors_%s'%key] = df_day[[ 'outdoors_%s'%key]].resample('W").sum()
df_week[ 'diffl_%s'%key] = feat_diffl(df_day.iloc[:,0].to_frame(name="'diffl_%s'%key) , freq

df_week[ 'diff2_%s'%key] = feat_diff2(df_day.iloc[:,0].to_frame(name="'diff2_%s'%key) , freq

df_week[ 'ratio_%s'%key] = (df_week['diffl_%s'%key] + df_week['diff2_%s'%key])/2
df_week[ 'ratio_%s'%key] = df_week[ 'ratio_%s'%key].abs()

# Calculate features per month
df_month = df.resample('M").sum()
df_month[ 'start_day_%s'%key] = df_month.index - pd.Timedelta(days=6)
df_month[ 'end_day_%s'%key] = df_month.index.copy()
for i in (range(len(df_month))):
if (i==0):
df_month[ 'start_day_%s'%key][i]
else:
df_month['start_day_%s'%key][i] = df_month['end_day_%s " '%key][i-

df_day[ 'start_day_%s'%key][i]

1] + pd.Timedelta(days=1)

ey)

ey)

df_month[ "'month_%s'%key]= df_month[ 'start_day_%s'%key].dt.month

df_month[ 'morning_%s'%key] = df_day[[ 'morning_%s'%key]].resample('M").sum()

df_month[ 'afternoon_%s'%key] = df_day[['afternoon_%s'%key]].resample('M").sum()

df_month[ 'evening %s'%key] = df_day[['evening_%s'%key]].resample('M").sum()

df_month[ 'daytime_%s'%key] = df_day[[ 'daytime_%s'%key]].resample('M").sum()

df_month[ 'work_%s'%key] = df_day[['work_%s'%key]].resample('M"').sum()

df_month[ 'weekdays_%s'%key] = feat_weekdays(df_day.iloc[:,0].to_frame(name="'weekdays_%s "%k
,freq=30)

df_month[ 'weekends_%s'%key] = feat_weekends(df_day.iloc[:,0].to_frame(name="'weekends_%s "%k
,freq=30)

df_month[ 'indoors_%s'%key] = df_day[['indoors_%s'%key]].resample('M").sum()
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165. df_month[ 'outdoors_%s'%key] = df_day[[ 'outdoors_%s'%key]].resample('M").sum()

166. df_month['diffl_%s'%key] = feat_diffl(df_day.iloc[:,0].to_frame(name="'diffl_%s'%key) , fre
q=30)

167. df_month['diff2_%s'%key] = feat_diff2(df_day.iloc[:,0].to_frame(name="'diff2_%s'%key) , fre
q=30)

168. df_month[ 'ratio_%s'%key] = (df_month['diffl_%s'%key] + df_month['diff2_%s'%key])/2

169. df_month[ 'ratio_%s'%key] = df_month['ratio_%s'%key].abs()

170.

171. return df_day, df_week, df_month
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In this section we aim to provide meaningful representations of the above figures (see Figure 2 through
Figure 9) for identifying physical and social long-term behaviours. Thus, we present the second
demonstrator (see link below) related to the inference of long-term behaviours.

https://www.youtube.com/watch?v=0kUO0JFeDd5I

Specifically, we used a smartphone (Android device with the AWARE app installed) in order to collect
data from a single subject (N=1) and detect physical and social short-term behaviours from 11 April
2019 to 8 May 2019. In parallel, we collected user's steps from a Fitbit device since 1 January 2019 (4
months in total). The idea of using the Fitbit for detecting steps, instead of the smartphone device (based
on the short-term behaviour model for counting steps that we presented in D4.3 and D4.4), is because
the type of information for counting steps is equivalent to what can be measured through smartphones.
Furthermore, our intention is to include wearables such as Fitbit devices in the near future. It is
worthwhile mentioning that the scope of this deliverable D4.5 is to show our preliminary approach for
identifying long-term behaviours. Thus, emotional and cognitive long-term behaviours will be further
examined and presented during T4.4.

At first, we plot the time series of the different datasets including the figures for counting steps per day
(Figure 10), per week (Figure 11) and per month (Figure 12). It is noticeable that the time series contain
irregularities due to noise and seasonality, and thus, they have to be converted to stationary in order to
be further analysed through a forecasting model (e.g., ARIMA model). However, it is worth mentioning
that the down trend that appears after April is caused by the limited amount of data (steps data were
available up to 2/5/2019).

In order to evaluate the different features that we extracted and their distribution, we plot the boxplots
for steps per day (Figure 13), week (Figure 14) and month (Figure 15). The 'daytime’ feature has a similar
distribution with the ‘steps’ feature, while most of the steps were performed during the weekdays and
during the afternoons. Thus, these features have to be further analysed over different periods of time.
However, we can assume that the user tends to a sedentary life during the weekends.

Trying to get further insights of the datasets, we use the swarm plots in order to identify the days of the
week that are related to sedentary lifestyle. For instance, in Figure 16 we depict the number of steps
grouped by each day, comparing the total number of steps with the steps performed during the
morning, the afternoon and the evening. It can be seen that for almost every day of the week, the user
has performed more than 10.000 steps per day (recommended number of steps per day based on D4.4),
with some exceptions on Tuesdays and Wednesdays. In general, we can see in Figure 17 and Figure 18
that most of the steps have been performed during the afternoon hours, while the user did not manage
to exceed the steps goal in February (month 2). On the other hand, the user achieved the maximum
number of steps in April during week 16.

Furthermore, in Figure 19 and Figure 20 we present the total duration of the performed activities,
compared to the sedentary and vigorous activities as an additional approach to identify long-term
physical behaviour. It can be seen in these figures that the user tends to a sedentary lifestyle during
weekends. Similarly, in Figure 21 and Figure 22 we present the total duration of being socially interacted
and isolated per day and per week. Even though the current dataset does not suffice to identify the long-
term social behaviour over time, we decided to compare the social level of a person with the activity
level (see Figure 23 and Figure 24). For instance, we can see that as we move up and down the y-axis,
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the sedentary activities seem to be a stronger determinant of the social level for being socially isolated.
However, these assumptions need to be further validated with a time series forecasting method.
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Figure 10: Daily step count over a 4-month period. The counts are marginalized over different parts of the
day (morning, afternoon, evening, daytime, worktime) and location (indoors, outdoors).
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Figure 11: Weekly step count over a 4-month period. The counts are marginalized over different parts of
the day (morning, afternoon, evening, daytime, worktime) and location (indoors, outdoors).
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Number of Steps per Month
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Figure 12: Monthly step count over a 4-month period. The counts are marginalized over different parts of

the day (morning, afternoon, evening, daytime, worktime) and location (indoors, outdoors).
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BoxPlot of Features for Steps per Day
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Figure 13: Distribution (box plot) of the daily step count over a 4-month period.

BoxPlot of Features for Steps per Week
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BoxPlot of Features for Steps per Month

Distribution (box plot) of the weekly step count over a 4-month period.
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Figure 15: Distribution (box plot) of the monthly step count over a 4-month period.
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Figure 16: SwarmPlot of the steps per day comparing the total number of steps (navy colour), with steps
performed during the morning (lime colour), during the afternoon (tan colour) and during the evening
(teal colour).
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Figure 17: SwarmPlot of the steps per week comparing the total number of steps (navy colour), with steps
performed during the morning (lime colour), during the afternoon (tan colour) and during the evening
(teal colour).
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Number of Steps per Month
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Figure 18: SwarmPlot of the steps per month comparing the total number of steps (navy colour), with
steps performed during the morning (lime colour), during the afternoon (tan colour) and during the
evening (teal colour).
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Figure 19: SwarmPlot of the total duration of performed activities per day, comparing all the performed
activities (navy colour), with vigorous activities (lime colour) and sedentary activities (tan colour).
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Figure 20: SwarmPlot of the total duration of performed activities per week, comparing all the performed
activities (navy colour), with vigorous activities (lime colour) and sedentary activities (tan colour).

1400

1200

1000

800

600

400

Total Duratian (min)

200

Total Duration of Social Engagement per Day

:: '; . E . ': L
]
- - :
-
ool interackzn
- oyl jsolibon
-
- » .
[ ] - -
S 3 : 4 ' - '
-
Maonday Tuesday Wednesday Thursday Friday Saturday Sunday

Figure 21: SwarmPlot of the social engagement per day, comparing the total duration of being socially
interacted (navy colour), with being socially isolated (lime colour).
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Figure 22: SwarmPlot of the social engagement per week, comparing the total duration of being socially

interacted (navy colour), with being socially isolated (lime colour).
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Figure 23: Scatter plot comparing the social interaction with the vigorous & sedentary activities.
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Figure 24: Scatter plot comparing the social isolation with the vigorous & sedentary activities.
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