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Abstract— This paper outlines the results evidenced by
WellCo (GA n°: 769765), an European project funded by the
European Commission within its H2020 programme under the
personalised medicine call. The aim of this project was to
develop and validate how ICT technologies may engage people
to adopt healthier behaviour choices that improve their
wellbeing status for as long as possible.

Using data from wearable devices and Al-based algorithms,
WellCo assesses the status of the user in terms of wellbeing and
the risk of CVD. Using this information, WellCo develops an
affective-aware coach that empowers users in the process of
change of behaviour through the provision of interventions
tailored to their current mood and life context. These
motivational activities ranged from recommendations, goals to
achieve, interactions with people in the social network, tips
from experts and supporting groups suggested by the platform
and adapted to their needs.

The project has been validated with ageing people in Italy,
Denmark and Spain. Despite the COVID-19 situation, results
are very promising in terms of the possibilities that ICT
technologies have for health promotion and set the basis for
further research in this direction.
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1. INTRODUCTION

Europe and the rest of the world is living a period of
volatility and uncertainty with several underlying trends
conditioning the action of the economical, societal and
political agents: pandemics, ageing society, inequality,
climate change, etc. These trends pose important challenges
and highlight the importance of postulating societal shifts
that constitute a deep break with the past.

One of the main challenges is related to public spending
on healthcare and how to ensure long-term sustainability of
social welfare and healthcare systems, especially in a
scenario of ageing population. In this context, the
digitalization and health promotion policies play a key role
and constitute one of the greatest challenges of healthcare
environment, with important challenges at structural and
cultural level [1].

The digital transformation of health care can be
disruptive; technologies such as the Internet of Things,
virtual care, remote monitoring, artificial intelligence, big
data and smart wearables have proven potential to create
continuum of care and reducing the gap between the demand
and the quantity and quality of the supply of healthcare. In
this sense, the COVID-19 pandemic seems to have
demonstrated the main challenges and needs in the health
system and have accelerated the changes that will enable to
reach this digital transformation and, therefore, the complete
incorporation of personalized and accurate medicine [2].
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Secondly, a sustainable, efficient and cost-effective
future for health also requires a shift from the culture of
disease to the culture of prevention and health promotion.
This is quite challenging and involves changes in all areas of
society, both at educational, political, cultural and economic
level. In the coming years, it is expected that public policies
tax unhealthy behaviours, that companies award to those
employees that have healthier habits (e.g. paying if cycling
instead of using the car) [3] and that there is a huge demand
of applications for digital health promotion and literacy [4].

In this sense, several new ICT based concepts and
initiatives aimed at empowering, coaching and training
people to change behaviours through the design of tailored
motivational interventions have arisen in the latest years.

To determine the type of intervention that fits the best for
each type of user, most of these initiatives leverage in
recommender systems. These systems are used to provide
feedback and recommendations on health status and health
behaviours, such as lifestyle [5], nutrition [6], obesity [7],
diabetes [8][9], drug side effects [10] and smoking cessation
[11][12]. They leverage contextual data about users
(location, profile information, data from smart wearables,
electronic health records, etc.) to predict the type of
intervention needed. Thus, in order to allow recommender
systems to be effective, precise and accurate Al algorithms to
assess the status, capabilities and motivation of the user are
needed.

Emerging wearable devices, intended to monitor the
physiological parameters of users, and the growth of
machine learning technologies, applied to predict the risk of
disease, have enable the development of great variety of
algorithms aimed at assessing the general status of patients,
the risk of developing a given disease condition and the main
factors affecting this risk - key elements for the provision of
recommendations that support health promotion. The set of
non-communicable disease covered by these algorithms
range from stroke risk prediction [13], CVD risk [14], type 2
diabetes risk[15] and cancer [16].

However, being able to extract risk patterns and the
probability of suffering from a certain condition, is not
enough to empower people to change behaviours and to
foster health promotion. Recommendation systems have also
to address the capability and motivation of the user to change
a certain behaviour and being able to guide and follow-up
people during the whole behaviour change process.

Because of that, WellCo is not just about the provision of
tailored recommendations, but it centres the provision of
behaviour interventions on the behaviour change wheel [17],
a method for characterising and designing behaviour change
actions that addresses essential conditions such as capability,
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opportunity and motivation (what it is termed the “COM-B”
system) when providing recommendations.

In addition, to keep users motivated, WellCo offers an
affective-aware virtual coach that continuously advice, train
and guide the user in the process of adoption of healthier
daily life habits that could reduce the risk of onset of disease
in the long term.

WellCo system is based on the behaviour change wheel
[17], a new method for characterising and designing
behaviour change actions around three essential conditions:
capability, opportunity and motivation (termed the “COM-
B” system). Taking this into consideration, the flow for
behaviour change in WellCo is divided into three phases:

e  Understanding the behaviour and context of
people;

e Personalize interventions in such a way that they
fit the capabilities and opportunities of people;

e Motivate people towards behaviour change
through social incentives, immediate rewards,
progress monitoring and continuous support.

Along this paper, the behaviour change process proposed
by WellCo will be analyzed. WellCo consists of three
applications:

e the main app for elderly people that identifies the
context of the wuser and provides the
recommendations towards behaviour change,

o the app for friends and informal caregivers that
enable them to motivate elderly users by
participating in the social network that WellCo
provides,

o the web app for clinicians that enable experts to
check the status of users, share valuable content
related to wellbeing and validate recommendations.

The paper is structured as follows:

Section II WellCo Methodology tries to describe the
architecture and main elements driving the behaviour change
model proposed. Section III analyses the main results derived
from the qualitative and quantitative evaluation carried out
after the validation of WellCo with 93 users from Italy,
Denmark and Spain in trials with a duration of 4 months.
Section IV offers a reflexion over the implementation of
WellCo, the results obtained and the impact that COVID had
on the project.

II. WELLCO METHODOLOGY

A. Understanding the behaviour of people

The emergence of wearable devices of the latest years
has presented an exciting opportunity to monitor human
physiological parameters in a continuous, real-time and
nonintrusive manner [18]. These devices are relevant as they
enable to extract patterns of behaviour but also other
contextual data, such as weather, that could be relevant when
understanding these behaviours. WellCo have used three
types of commercial wearable devices to monitor the

E-ISSN: 2074-1308

69

Volume 15, 2021

behaviour of users: Withings Steel HR!, Mobvoi Ticwatch
E2 and Motorola E6 Play. The two first ones are
smartwatches while the latest is the smartphone over which
WellCo application was installed.

From the smartwatches the following information was
extracted: steps, heart rate, calories, physical activity and
sleep patterns. In the case of the Ticwatch, raw data from
accelerometers was also considered. For the case of the
smartphone, the former data was accessed: accelerometers,
gyroscope, magnetometer, Wifi access points nearby and
categories of apps in the foreground.

Also, in order to get more insights about the patterns of
behaviour of users, WellCo also leverages scientifically
validated questionnaires to get trends of users in relation to
physical activity[19], nutrition, sleep[20], general health[21],
mental status[22][23], etc.

Finally, the front camera of the smartphone and the
microphone are used to monitor the emotional status of the
user. When the user interacts with the smartphone, the
speech emotion classifier[24] analyses the emotions of the
user based on his/her voice while, simultaneously, the
emotion classifier based on visual features, processes the
emotional status of the user by using face movements when
interacting with the coach. Both classifiers are part of a
metamodel for emotion classifier that learns to weight the
outputs of every single classifier. To train this metamodel, a
dataset with 4 users from Italy and 4 for Spain was created.
The dataset showed 39 scenarios per user where they
pretended emotions, both using voice and facial expression
[25]. When training the model, Random-Forest machine
learning and the leave-one-subject-out approach was used,
meaning that the features for three users were taken for
training, and the last user was used to test the performance of
the meta-model. This process was repeated for four times.
The features that were used for training the meta-model were
the probabilities that each of the individual models returned
of a sample containing anger, sadness, happiness and neutral
emotion. Thus, a total of eight features were provided as
input to the meta-model (four probabilities from the speech
single classifier, and four probabilities from the visual one).

el COy

SURVEY

Ticwatch E2 Smartphone Questionnaire

Steel HR

Fig. 1. Devices used in WellCo

After defining the main inputs considered in WellCo, the
next step was defining how these inputs are processed in
order to understand the behaviour of users and the areas
where they need to improve to promote their health status.

! https://www.withings.com/es/en/
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There are different modules in WellCo aimed at
analysing this input data. Concretely, there are:

e Mental: based on an ML model that detects
episodes of stress, anxiety and depression[26] using
as input wearable devices and the scores from the
Patient Health Questionnaire (PHQ-4) and the
Perceived Stress Scale 4 (PSS-4).

e Nutrition: that determines the type of meal (small,
medium or big meal) based on the bite counting
algorithm developed wusing raw data from
Ticwatch[29][30] as well as the nutrition habits of
the user based on the validated questionnaires
[31][32].

e Physical Activity and Sleep: that analyses data
coming from sleep, physical activity and energy
expenditure to get insights about the pattern of
activity of the user[33][34].

Now that WellCo has an assessment of the status of the
user and the main variables where improvement or action is
needed, the next step is to provide the recommendations to
user and to personalize these interventions so they meet the
capability and opportunity of the user to adopt them.

B. Personalize interventions

Along this section, the main focus will be on the way in
which WellCo provides recommendations to users and how
these recommendations are personalized so they properly
address the capabilities of users.

WellCo counts on different recommenders covering the
main areas around healthcare where the user could need
support: nutritional recommender, wellbeing recommender,
mental recommender, social recommender, emotional
recommender and general recommender. Each of these
recommenders is activated or not based on the variables
impacting the wellbeing of the user. The output are basic
recommendations that are later personalized and provided to
users through the WellCo coach. Recommendations are
always supervised by experts who will be the ones
deactivating those recommendations that according to their
criteria are not useful or could be harmful for the user.
Following, a detailed description of the main recommenders
included in WellCo is provided.

In the first place, the wellbeing recommender has been
developed over a Rule Management Ontology that supports
the representation of event-based rules that trigger specific
actions based on the impact factors related to physical
activity and sleep. The ontology that constitutes the base of
this recommender has been implemented in Protégé v5.0, a
free, open-source ontology editor and framework for
building intelligent systems. This ontology has been built on
the bases of the UniversAAL ontologies that were edited by
PM-15 Nestore Project[36] and that are accessible in the
Nestore Gitlab repository?. For the case of the wellbeing
recommender, the ontology has been built on the bases of the
sleep quality and physical activity behaviour ontology. Rules
in the form of sleep and physical activity have been defined
on the basis of scientific literature and research. To perform
reasoning and infer new knowledge that enable the
recommender to generate more information, a Pellet reasoner

2 https://git.nestore-coach.eu/uaal/ontology/wikis/home
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have been defined on the bases of the predefined SWRL
rules.

Secondly, the social recommender has been implemented
as a neighbourhood-based recommendation system using
graphs. These recommender systems are characterized
because they are able to capture local associations in the
data, consequently, it is possible to recommend to a user an
item that it is very different from his/her usual taste or an
item that it is not well known, if one of his closest
neighbours has given it a strong rating. Although this
recommendation may not be a guaranteed success, it may
help the user to discover a whole new item. If we define an
“item” as a WellCo user that could potentially be a friend of
a certain user, it can be extracted that this type of
recommenders are the most suitable for the social network in
WellCo. Thus, it will allow the user to receive suggestions of
friendship with users that are very different from the user’s
usual profile of friends and, in this way, expand his/her level
of social interaction. To assess the similarity between users,
every user node in the graph is represented according to the
country, profession and kind of pet (in case the user has).

In order to avoid overwhelming the user with suggestions
of friendship and also because of the limited number of users
that WellCo already has, the Social Recommender is
triggered once a week (more specifically on Sundays) and
only 2 users are suggested per interaction.

The emotional recommender is fed with the emotion of
the user extracted by the metamodel for emotional analysis
when the user interacts with the coach. In case emotions with
a negative polarity are detected, e.g. “Angry” or “Sad”, a set
of recommendations are immediately provided by the coach
in order to change the mood of the senior.

Finally, the general recommender provides daily
recommendations and tips to users with the purpose of
reminding them the importance of staying healthy. These
recommendations do not consider the results from the
assessment of the user but they consist on daily preventive
activities that are beneficial for the wellbeing of the user.

Thus, at this point, the main outputs of provision of
healthier interventions to users have been described.
However, these interventions will be not effective unless
they are framed in the context and capability of the user. In
this sense, one of the main factors making that the proposed
behaviour change actions are successful is the
personalization.

In relation to personalization, it is important to highlight
that the recommendations are provided based on the
assessment of the user and the main factors impacting their
health. Moreover, the recommendations are customized to
the user so they are aligned with the context surrounding
him/her: name, if rural/urban, if pet, if children, etc. For
example, if we want the user to take more steps and we know
that the wuser has a dog, instead of providing a
recommendation of taking 5,000 steps, the recommendation
includes something like: “Walk with your dog every day for
30 minutes”. Also, all the recommendations have the name
of the user so he/she feels that this recommendation has been
created just for him/herself.
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Fig. 2.Recommenders in WellCo

Emotional Recommender
General Recommender

Finally, all the recommendations are provided to the user
through the effective-aware coach. The coach uses data from
the emotion detection to understand the emotional status of
the user and show empathy when providing these
recommendations. In addition, the information exchanged
with the coach when the user interacts with it, is used to get
more knowledge about the user and being able to provide
more personalized recommendations. All these features are
explained in further detail in the section below related to
motivation of the user.

C. Motivation of people

Along the previous sections, it has been reviewed the
process that WellCo follows in order to understand the status
of the user and provide personalized interventions that fit the
capability and opportunity/context surrounding the user.
However, all this effort is meaningless, if the necessary tools
are not available to motivate the user and ensure the adoption
of these interventions by him/her in the medium and long
term. Thus, motivation is the core of the behaviour change
process that WellCo proposes.

The main motivational element of WellCo is the
affective-aware virtual coach. This Embodied Conversation
Agent (ECA) named as “virtual coach” aims to serve as
novel modality for the delivery of behaviour change
interventions. The coach  delivers  personalized
recommendations to users with the purpose of guiding and
motivating them in the process of behaviour change. These
interventions focus on all areas affecting the wellbeing status
of a certain user (nutrition, physical activity, mental status,
etc) and take into consideration both the preferences of the
user and prioritization of actions. See section B for more
details.

This coach implemented in WellCo has anthropomorphic
features corresponding to humans and based on this, three
representations, man, woman and cartoon, are available. So
the user is able to select the representation with which he/she
feels most identified. The coach representation in WellCo
has been designed and implemented according to the features
provided by the SitePal library®, a framework for creating
and customizing web avatars.

2

>

Fig. 3. Appearances of WellCo coach

The coach delivers verbal communication via speech and
text to the user, the former with lips synchronization so the
user perceives the coach with human features, interacting

3 https://www.sitepal.com/
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with it in a more natural way. However, in addition to verbal
communication, nonverbal communication also plays an
important role in the coach implemented in WellCo. On the
basis of the metamodel for emotion analysis mentioned
above, the user’s facial expressions and features of speech
are captured and processed in an attempt to assess the user’s
most probable emotional status and thus, convey an ongoing
sense of empathy via the coach-based interface. The set of
emotions to be shown by the coach as well as their intensity
have been adapted based on the possibilities that the own
SitePal library provides.

In order to motivate the user on the path towards
behaviour change the virtual coach, in addition to the
provision of recommendations, is also able to keep
conversations with the user. This conversation is created in
such a way that allows the user to perceive the coach as a
colleague and to build trust with it.

In order to achieve this, every time that the user starts a
conversation with the coach, all the information about the
user that is stored in the database is charged. Thus, when the
user interacts with the coach, it seems that the coach knows
the user (children name, hobbies, if married, pet name, daily
activities, etc). In fact, during the conversation, the coach
also extracts information from the user that is stored in the
database at the end of the conversation and used to
personalize recommendations. For example, during the
conversation the coach could ask the user about the name of
your pet and update the database with this information. In
this way, when there is a recommendation, there is the
possibility to know that the user has a pet and the name of
this pet so it is possible to provide a fully personalized
recommendation.

The coach has been implemented as a rule based chatbot
using AIML language. These chatbots are characterized
because they use rules pattern-template, where pattern
defines the pattern to match what a user may input to the
coach and template defines the response of the chatbot to
user’s input. The pattern is associated with one or more
keywords that could happen in the sentence of the user input.
In the speaking time of the coach, the coach answers with the
template associated to the keywords that has the highest
score in relation to the declaration made by the user. In the
case that the chatbot does not have any template that match
the input of the user, it could provide something like “It is
very interesting” or even to propose a conversation about
something that the coach knows about the user: “Do you
have any plan with your grandchildren Alfred?”.

However, despite the previously mentioned, it was clear
that not all the burden of motivation could be on the coach.
Because of that, it was understood that other elements aimed
at encouraging the user in the adoption of healthier
behaviours were considered in WellCo. Doctor Tali Sharot,
neuroscientist at University Colleage London, states that to
induce behaviour change actions is not enough with
providing recommendations about healthier activities or to
warn people about the consequences that maintaining
behaviours in the long term could have. To ensure successful
behaviour change actions, motivation has to be built on the
basis of three pillars: social incentives, immediate rewards
and progress monitoring and continuous support[38].

Thus, following these guidelines, the whole motivational
flow of behaviour change in WellCo was completed.
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In terms of social incentives, Goals and the Social
Network play a relevant role. On the one hand,
recommendations can be set as goals for the user to achieve.
Every time that a user in the Social Network achieves a goal,
friends of this user are notified about the goal and they can
make comments, send likes, etc. Thus, notifications are a
way to incentive friends of this user to also achieve their
goals. Also, the reaction of friends to these goal notifications
can be seen as immediate rewards for users.

MY GOALS ACHIEVEMENTS

. Take 5000 steps a day
Objective: 5000
| N

. Do some exercise 4 days a week
Q' Objective: 4

Friend goal achieved

. Marga has just achieved their goal:
- Take 5000 steps a day
21.11.12:15

Fig. 4. Goals visualization and goals notification in WellCo

Following in the wake of motivation, WellCo also
provides users with tools for progress monitoring and
continuous support.

In terms of progress monitoring, users can access
historical data about steps, sleep, heart rate and weight to see
their progress around wellbeing and keep improving.

= Activities & Steps
TODAY HISTORY
A A
80 o500 |\, |
[ N ] " JAV.NAVN < 24.10. - 03.11. 2020 »

Average: 9888

Zz 09:03, -~

W os..

n 35

24 25 26 27 28 29 30 31 01 02 03

Fig.5. Activities Section Fig. 6. Steps Overview

For continuous support, there are different elements to
help the user to feel motivated and guided.

On the one hand, the virtual coach is continuously
available with the provision of recommendations and with
special support about certain wellbeing areas if needed.

E-ISSN: 2074-1308

Volume 15, 2021

On the other hand, the platform of the expert catches the
most common profiles of users (men, living in rural area,
with children, risk factors, etc) and automatically suggests
the expert the creation of video-groups where inviting people
with such profile to discuss about it. This video-groups act as
supporting groups so users can know people with the same
circumstances they have and join effort to overcome this
situation and keep healthy.

Finally, experts can create videos, documents, etc
addressing different areas around wellbeing: nutrition,
physical activity, mental health, etc and sharing this material
with all or certain users in the WellCo platform so there is
sufficient material available for users to keep moving
forward on the path towards wellbeing.

III. EVALUATION AND RESULTS

This section aims at presenting the process and results
derived from the validation of the WellCo from October to
January 2021.

The sample was composed by 93 users aged among 55
and more from rural and urban areas of the three European
countries participating in the project (Italy, Denmark and
Spain). The characteristics of participants from every country
are the following:

In Spain, users for the trial were recruited in a rural
environment aged over 65, mainly living alone or with
informal caregivers in some cases. In addition, most of them
had multiple pathologies and a certain level of fragility. A
total of 40 users were involved.

In Denmark and Italy, users came from urban
environment and they were between 55 and 65 years in the
case of Denmark and over 65 in Italy. They were healthy
albeit with health-risk issues. A total of 40 users were
involved in Italy and 13 users in Denmark. The reason why
the sample of users was more reduced in Denmark was that
the recruitment process was made online (without face-to-
face meetings) and most users were reluctant to participate.

Besides, some exclusion criteria were applied, such as
people with cognitive difficulties and/or mental or
personality disorders diagnosed because they were unable to
decide for themselves if they liked to participate; blind or
deaf people were not included due to this condition
determine the inability and/or unfeasibility of following the
WellCo recommendations. Besides, minimum skills of
handling new technologies and daily access to wi-fi
connection were preferable.

Each of these participants received a smartphone (where
they had the WellCo app installed) and a smartwatch
(Withings Steel HR) for validation purposes.

Informal caregivers and professionals (like social
workers or general practitioners) participated in the project
as element to motivate users. In the case of informal
caregivers, this motivation came from the Social Network
while in the case of professionals was derived from the
validation of recommendations, the creation of supporting
groups and the provision of material related to health and
wellbeing.

The main outcome of this validation was to show how the
process towards behavior change proposed by WellCo was
able to induce trends to improvement of health in at least one
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aspect of the life of users. For this purpose, both qualitative
and quantitative factors were considered.

In terms of qualitative data, questionnaires were made to
users at the end of the trials to get their feedback about how
they perceived WellCo and if it motivated them to change.

In terms of quantitative data, statistics techniques were
applied over the data available in the database with the
purpose of getting objective data that supported the
testimonies collected by qualitative questionnaires. Some of
the elements assessed by this quantitative analysis were:
steps taken, hours slept, quality of the nutrition consumed,
mental health trends and interaction with WellCo app.

Along the following sections, the description and main
conclusions derived from the qualitative and quantitative
analysis of WellCo are collected. However, before
disaggregating this information is important to clarify that,
despite the promising results expected, lockdown and
consecutive COVID waves made that the results of the
project were not as good as initially expected.

A. Qualitative Analysis

The qualitative analysis aimed at assessing the
experience of users with the model proposed by WellCo. The
idea was being able to merge this information with the data
coming from the quantitative analysis with the purpose of
having relevant material to evaluate the results derived from
the validation of the final prototype of WellCo for 4 months.

Due to the heterogeneity of users in every trial site (age,
IT skills, area of population, etc), different qualitative
questionnaires were created for users in Italy, Denmark and
Spain. Although these questionnaires addressed the same
topics, the idea was that they were adapted as much as
possible to the context that surrounded each of these
participants. Some of these topics were:

e User-friendliness and intuitiveness of the WellCo
App;

General functionality relevance;

Health awareness/monitoring functionality;

Specific WellCo app functionality;

Virtual WellCo coach functionality and interaction;
WellCo app questionnaires frequency and content;
Overall expectations of the WellCo app pre- and
post-participation;

e Overall assessment of the WellCo app.

Questions about each topic were defined by each pilot
coordinators, adapting them to the context and characteristics
of their population.

The questionnaires were carried out in different ways in
the three countries: 1) in-deep interviews by phone; 2) on-
line questionnaires (via email or WellCo app), 3) a mixture
of both techniques, interviews and on-line questionnaires®.
The organization of face-to-face interviews was discarded by
all pilot’s coordinators because of the health situation
derived from Covid.

The results derived from the qualitative evaluation of the
different countries shows the following:

4 Online questionnaires were provided through
https:/www.limesurvey.org , a professional survey platform.
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e Danish users were the youngest and less motivated
about WellCo. They were used to wear
smartwatches to monitor their wellbeing and
understand their own lifestyle. In addition, these
users usually consumed Apple so the fact of
providing WellCo as a native Android app was an
important barrier to get these users motivated along
the whole trial. Although they were sometimes
sceptical about WellCo, they praised some aspects
of WellCo such as the capability of WellCo to
understand where they should improve as well as
the information provided about sleep and physical
activity.

e Spanish users were the keenest of WellCo solution,
in fact, around 26% of them expressed their interest
in continue using WellCo after the end of the
project. This is a relevant percentage since these
participants were the oldest and the one who had
more limited ICT skills so the fact that more than a
quarter of them showed motivation to continue
using WellCo, even with the support of a trial
coordinator, is very representative.

These users indicated that, in general terms, WellCo
supposed a motivation to improve their wellbeing.
They feel that recommendations meet their
capability and opportunity to achieve goals and they
assessed positively the fact of having supporting
video-calls and the figure of an expert. Although
they indicated that they feel motivated to achieve
their goals, mainly because of the visualizations for
progress monitoring, they did not show much
enthusiasm for the Social Network. The reason is
that most of these users lived in rural areas where
everyone knows each other and they were reluctant
to share their private life.

e [talian users expressed interest in the motivational
approach followed by WellCo for daily lifestyle-
related activities. They considered that the data
about their activity served as stimulus to take
measures and set improvement challenges. They
also pointed out that the enthusiasm and satisfaction
they felt when a goal was achieved, motivated them
to keep improving and positively impacting on their
lifestyle.

Thus, from the qualitative analysis is extracted that most
users showed a positive attitude towards WellCo and the
process for behaviour change. They recognized that WellCo
impacted their lifestyle although this level of impact varied
depending on variables such as age, type of living area
(rural/urban) or other socio-economic factors such as the
level of ICT skills or their current expenditure of technology.

Other important issue to remark is that during the trials,
lockdown and repetitive COVID waves forced people to stay
at home. This had an important effect in the WellCo results;
aspects such as physical activity or sleep were considerably
altered and special attention had to be put to other aspects
such as mental status or nutrition. In addition,
discouragement and fear to disease reduced the motivational
level of people that relegated their concern for wellbeing to
background. In this sense, strong emphasis was put to
motivate people. To see in more detail, the impact COVID
had on the wellbeing of people and the effort in motivation


https://www.limesurvey.org/

INTERNATIONAL JOURNAL OF SYSTEMS APPLICATIONS, ENGINEERING & DEVELOPMENT

DOI: 10.46300/91015.2021.15.9

made by WellCo, in the following section information about
the quantitative evaluation in WellCo is provided.

B. Quantitative Analysis

The quantitative analysis phase aimed at supporting or
explaining with objective data, the statements made by
participants during the quantitative assessment part. The
quantitative process leveraged data about sleep, physical
activity, nutrition, mental status and usage of WellCo data
that was accessed via an API created for this purpose. This
quantitative process compared this data in October, when the
trials started and January, when the trials ended. The idea
was to detect the percentage of users that showed
improvement in one or several aspects of their wellbeing so
the capacity of WellCo to impact the lifestyle of user was
demonstrated.

Along the following section, a review of the main results
extracted from the quantitative evaluation of each area
affecting the wellbeing of users are provided.

B.1. Physical Activity and Sleep Duration

For the physical activity and sleep, two metrics were
considered: physical activity in form of daily steps and sleep
duration metric. Both metrics were acquired by the wearable
devices worn by participants. The motivation for these
metrics was as follows:

Physical inactivity factor is known to be one of the main
causes, if not the major one, of chronic illness. Additionally,
the focus on walking and overall activity in daily life -
reflected in daily steps, as opposite to focus on time-bound
exercises like running or biking, has been established as a
measure of physical activity in older populations. It is
recommended for older adults to reach 7000-8000 steps a
day to achieve their recommended daily activity levels.

Sleep, and especially sleep duration, is also an
established factor contributing to the risk of chronic illness.
It is recommended for adults to sleep 7-8 h (i.e., 420-480
minutes) per a day, to achieve their recommended daily sleep
duration. It is recommended not to exceed 9h of sleep (540
min) on daily basis for best long term health results.

The results after the trials showed that a total of 41 users
of 93 improved their steps from the beginning of trials till the
end although not always achieving the recommendation (this
could be because of the current mobility restrictions posed by
COVID-19). Thus, a 44% of the total sample achieved an
improvement in the number of steps. However, just a 32%
of those who improved (13 of 41) achieved the
recommendation of steps.

In relation to sleep, a total of 36 users improved their
sleep from the beginning till the end of trials, although just
11 of them achieved their sleep recommendation. Then, it
can be determined that around 39% of users (36 of 93)
improved their sleep along the trials, although just a 31%
(11 of 36) of them, met the sleep recommendation.

B.2. Nutrition

Related to nutrition, users’ diet quality was assessed by
assigning diet quality scores for nine goals - fruit intake,
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vegetables intake, fish intake, sugar intake, fat intake, protein
intake, fibre intake, salt intake and water intake. To get the
scores, users answered a food frequency questionnaire
developed as part of the project[32]. This questionnaire had a
frequency of two weeks.

The results indicate that more than 60% of the users in
the sample improved their nutrition scores from the
beginning till the end of the trials. The improvement
happened in every nutrition category but salt intake.

B.3. Mental Health

For the assessment of the mental health, four states were
considered: stress, anxiety, depression and general health.
With mental health, WellCo aimed to cover episodes related
to any of the above mentioned states with the purpose of
providing recommendations that help to reduce or limited
their frequency and impact.

To assess the effect of WellCo in mental health, the
number of episodes and their severity determined by the
mental health module at the beginning and at the end of the
trials was determined.

500
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200

100

mld
overall_mh

moderate
Fig. 7. Episodes of general mental health at trials beginning

As can be extracted from figure 7 and 8, the number of
“None” episodes have almost doubled from the beginning till
the end of trials. Also, it can see how the number of mild
episodes has passed from 90 at the beginning to around 40 in
the case. For the case of moderate episodes have passed from
30 to 20 in M4, so the number of moderate mental health
cases were reduced a 40%.
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Fig. 8.  Episodes of general mental health at trials end

B.4. WellCo App Interaction

Finally, to assess the impact of WellCo and the level of
relation it had with the improvements described along the
sections above, some measures aimed at evaluating the
interaction of participants with WellCo along the duration of
the trials were considered. These measures covered:

e Average number of milliseconds spent in the app
per week along the duration of the trials. For the
purpose of the analysis, this data was converted to
minutes;

e Number of interactions with the coach per week
along the duration of the trials. These interactions
could be either to receive recommendations and
goals or to ask something to the coach;

e Number of accesses to the activity section in the
WellCo app per week along the whole duration of
the trials;

e Number of goals the user achieved per week along
the whole trial duration;

e Number of recommendations the user checked per
week along the duration of the trials.

And the results showed that:

e A total of 91 users, 98%, improved the time they
spent in the app from the beginning of trials till
the end. The time spent in the app per month was
calculated as the sum of the minutes spent per week
along the whole month.

e A total of 92 users, 99%, increased the number
of interactions with the coach since the beginning
of the trials till the end, being the lowest value 10
interactions with the coach per month and the
maximum, 38 interactions. The number of coach
interactions per user per month has been calculated
as the sum of interactions per week along the whole
month.

e The number of accesses to the activity views
(where users can see information about steps, sleep,
heart rate and weight) also increased from the
beginning to the end of the trials for all users.
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The minimum of accessed corresponded to 16 and
the maximum to 57 connections per month.

e Regarding the number of goals complete per month,
along the whole duration of the trials, it was
concluded than more than 89% of the users
increased the number of goals complete from the
beginning of the trials till the end. The maximum
value corresponded to users with 7 goals achieved
along the month (around 2 goals per week) and the
minimum to 2 goals along the whole month.

e Finally, in relation to the number of
recommendations monthly accessed by users, 92%
of users showed an increase in the number of
recommendations accessed per month from the
beginning to the end of the trials. The maximum
value of access to recommendations is 70, more
than two recommendations per day, and the
minimum is 16.

Thus, from these results it can be concluded that there
was an improvement in the interaction of the users with the
WellCo app from the beginning till the end of the trials for
every single feature measured although with some
differences.

IV. CONCLUSIONS

Along the whole paper, the method for behaviour change
proposed by WellCo has been addressed as well as the main
results derived from the validation with real users.

In terms of the model, WellCo leverages the main areas
included in the behaviour change wheel model: capability,
opportunity and motivation. It provides different
functionalities and intelligence to detect the main areas
where the user needs to improve as well as to ensure that
behaviour change interventions meet these areas. In fact, one
of the lessons learned from the project has been that
motivation is the main area over which behaviour change
interventions have to be built.

WellCo designed motivation over three main pillars:
social incentives, immediate rewards and progress
monitoring and continuous support; however, there are other
aspects that have to be considered when offering an
application for behaviour change. In the first place, is the
type of population to address. If the population does not have
IT skills, the application becomes a barrier that increase the
fear of users about technology so motivation disappears and
it becomes in rejection. Other important issue to consider is
the kind of device that users currently wear - if in Denmark,
where users mostly were Apple device, the project had
provided WellCo in iOS format instead of Android, the
motivation of user would have been different since the
beginning.

In terms of validation, very promising results were
obtained despite the lockdown and the COVID waves that
took place during the project.

In areas such as physical activity or sleep, where the
restrictions could have impacted more, almost 44% of the
sample achieved an improvement in the number of steps and
around 40% of users also improved their sleep during the
trials. Even, the number of episodes related to mental health
was reduced to halve since the beginning of the trials to the
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end. This was in fact, because of the special attention to
motivation posed by WellCo that made that 98% increased
the time they spent in the app from the beginning of trials to
the end. Thus, instead of feeling demotivated as the trials
evolved, users felt encouraged to continue using WellCo
with more enthusiasm.

In this way, although some aspects have to be considered
in future versions of WellCo to maximize its behaviour
change potential, the results and lesson learned from the
project are very promising and set the basis for higher
research on this topic or future evaluations of the tool when
the pandemic situation is calmed or disappeared.
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