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Abstract

Poor diet and physical inactivity are two of the biggest healthcare challenges we are
facing, and are related to individuals lifestyle. In fact, a poor lifestyle is strongly cor-
related to chronic diseases, the leading causes for morbidity and mortality. Adhering
to a healthy diet and following an active lifestyle are thus necessary to promote the
overall health. However, maintaining a healthy diet and physically active lifestyle is
hard. This is due to poor health literacy, lack of awareness, motivation and effective
intervention support. Recent years have seen a blast of mHealth apps for health pro-
motion, targeting in particular dietary behavior change. However, reviews showed
difficulties in effective adoption and use of these applications in long-term health
promotion. Contemporary approaches have focused on tracking user condition and
few have analyzed aspects of user interaction with the system.

To promote individuals health, users can benefit from some form of tailored guidance
or coaching. That said, to ensure adequate users support, personalized care with
a human agent in the loop can enhance the care delivery. Due to the increasing
demand for continuous care by users and the shortage of caregiver resources, current
health services are inefficient relative to user support and decreasing caregivers
workload.

Digital health devices can act as a key player in providing interactive health activities
(via mobile and telemedicine systems), enhancing self-monitoring (through wearable
tracker) and tailored coaching (using either automated or manual coaching systems).
However, they’re ineffective in providing continuous health services and creating a
balance between users support and caregivers workload. In addition, even with the
technology existence, there is low motivation to maintain a healthy diet or exercise
routines.

Individuals use messaging applications as part of their regular daily routines. We
harness the power of messaging chatbot systems to provide behavior change in-

terventions for healthy lifestyle promotion. We particularly introduce the role of
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chatbot in task automation and adhering users to a health plan. Thus, in this thesis
we present the concept of "Conversational User Interface in Health Coaching Inter-
ventions" that consists of a just-in-time health services to users and caregivers. We
discuss ways to integrate the chatbot to assist caregivers with their tasks and support
users with their condition. We get users to cue themselves to action by attaching
the chatbot with users’ daily messaging routines. The service will eliminate the
technology barrier and impairment for the users i.e., elderly. The chatbot accesses
reliable user compliance data, sets adherence reminders by condition, and reports
daily individuals adherence. The chatbot alerts the coach through a web application
in critical cases. The approach facilitates adherence to health interventions by
investigating a human-virtual agent mediated coaching approach on user motivation
to adhere to the health promotion plan.

The approach was validated with different experimentation phases. Using multiple
research methods, this dissertation has made several contributions to the understand-
ing of user motivation and the role of a semi-automated system with a human and
virtual agent in tracking individuals with poor lifestyle. We will discuss the main

contributions and experimentation results throughout the thesis.

KEYWORDS: Conversational Agents, Health & Wellness, Behavior Change,
Persuasive Technologies, Health Coaching, Machine Learning, Adaptive Feedback.
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Chapter 1

Introduction

1.1 Health Promotion & Individual’s Lifestyle

Chronic non-communicable diseases (NCDs) are among the leading causes of mor-
bidity and mortality [1-3]. The disproportional impact of NCDs are evolving into a
staggering economic burden [4]. Most NCDs are the results of individual’s lifestyle,
such as poor diet and sedentary habits. These lifestyle patterns are key risk fac-
tors contributing to NCD development, such as type 2 diabetes [5, 6]. In addition,
more of the world population suffers from conditions related to eating disorder (e.g.,
binge eating disorder), rather than from problems related to lack of food [3]. In
fact, societies are facing a growing epidemic of overweight and obesity, due to the
frequent energetic imbalance between energy-dense food consumption and reduced
daily physical exercises. This health transition, favored by demographic changes
towards aging populations, is occurring at an increased pace in urban societies widely
exposed to lifestyle modernization and sedentary occupation [7].

The lifestyle related risk factors are modifiable and the same in both genders. These
risk factors are linked with the lifestyle that relies on modifiable behaviors which can
help prevent or delay a range of life-threatening NCDs [8]. However, the difficulty
of sustaining a behavior change is well defined in the literature [9, 10]. Individual
motivation represents the main obstacle to the adoption of healthy lifestyle, leading
to a relapses and inability to change unhealthy lifestyle. Moreover, depending on
their age, gender or ecosystem, individuals show different levels of interest towards

the same behavior change intervention. For example, the impact of healthy dietary



2 Introduction

determinants, such as disease concerns, is a significant motivator for healthy eating
attitudes among females, but not among males [11]. Moreover, the effect of social
networks on health is a topic of growing interest, particularly in an increasingly
connected world [12]. Many people are influenced by others and may change their
behavior based on what others think about them or follow advices provided by their
peers. For example, PatientsLikeMe! is a patient network through which patients
connect with others sharing the same disease or condition and track or share their own
experiences. Peer pressure or support have an important role to play on promoting
healthy diet and physical activity, however, limited research has examined the role
of peers in this context [13]. A study [13] examined the relationship between self-
efficacy for healthy eating, parent and peer support for healthy and unhealthy eating
patterns. Two patterns were identified labelled ‘healthy food intake’ and ‘unhealthy
food intake’. Lower self-efficacy for healthy eating and higher peer support for
unhealthy eating were associated with ‘unhealthy food intake’. Higher self-efficacy
was associated with “healthy food intake’. The study concluded that peer support for
unhealthy eating may be beneficial in improving dietary choices among adolescents.
A long-term follow-up can help individuals achieve a sustainable healthy behav-
ior change. Several approaches emerged to support sustainable behavior change.
Researchers have used mobile applications [14], wearables and trackers [15], and
other health tracking systems [16] as tools to promote healthy diet and physical
activity, to send users reminders about upcoming events and to provide users with
feedback on their daily logged data. However, adhering to a health plan is hard
to sustain, since it is specific and requires attentive planning and monitoring that
goes beyond the traditional approaches relying on automated algorithms or manual
tracking. Automated algorithms are unable to respond well to individuals need
and can’t accurately tailor the health activity to their preferences. On the other
hand, manual approaches put a burden on caregivers shoulders and are inefficient
in tracking many individual related health parameters, such as daily diet or steps.
Moreover, maintaining user motivation to engage in regular activity routine is hard.
On the contrary, structured health activities assigned by a virtual agent and tailored
by a human coach has been linked to positive health outcomes [17]. Hence, tackling
the issue of poor diet and physical inactivity requires a joint focus to promote novel
approaches in this direction [18, 19].

Uhttps://www.patientslikeme.com
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1.2 Challenges in Lifestyle Promotion

Although the perceived health awareness of healthy diet and physical activity, many
seem unable to reverse existing unhealthy habits. Several barriers influence healthy
diet and exercise promotion. For example, individuals lack of motivation, technology
barriers and easy access to health activities are barriers for health promotion [20].
Among the factors influencing individuals motivation, self-efficacy and individuals
perceived ability, which are a strong predictors of adherence to a healthy lifestyle.
Research found that self-efficacy is less exhibited in elderly than other demographics
[21]. Moreover, individuals find it hard to integrate mobile apps into their daily
routine behavior, and most apps require a steep learning curve [22]. Along with
these challenges, a lack of access to timely tailored health and emotional support
increases the odds of technology abandonment.

There is a link between the technical approaches, be it automatic or manual, and ad-
verse user reaction towards the technology (e.g., user acceptance of the technology)
[23-25]. Approaches used telemedicine systems to track user condition and provide
the necessary health intervention. Yet, such systems are cost ineffective to build
and still require continuous caregivers follow-up which is not always possible [26].
Oftentimes such systems double caregivers efforts to track individuals condition
[23]. Providing care support to individuals with a variety of conditions including
advanced age, dementia, and cancer is commonly perceived as a chronic stressor, and
caregivers often experience negative psychological, behavioral, and physiological
effects on their daily lives and health [27]. Hence, research studies [27, 28] suggest
that future interventions should focus on caregivers as well as patients, with particular
attention to caregivers’ perceptions of patient care, and seek to change both positive
and negative effects of caregiving.

The long-term effect of approaches relied on mobile apps to deliver health interven-
tion is still questionable [29]. Most mobile apps are either abandoned or uninstalled
after a few uses. This is often due to lack of desired functionalities or inability to
use an app [24]. For example, adopting mobile apps by elderly with low technology
literacy [30] is a burden associated with health technology abandonment.

Although the portability of wearable technologies, they also suffer from discon-
tinuation of use [25]. Research has also shown that existing health technologies
are still unable to completely substitute caregivers in handling complicated health

tasks [31]. Research showed that individuals view their caregivers as a role model,
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and perceive caregivers practice as more credible and motivating to achieve healthy
lifestyle choices [31].

The current rise in computing power revolutionized the way we establish a connec-
tion among individuals and software agents to deliver interactive content. Many
approaches exist which persuade individuals to promote their diet and physical
activity. For example, gamification and serious games [32, 33], and persuasive
mobile apps [34] are used to promote user health through engagement and increased
motivation. However, current applications are generic and are not customizable to
personalize them to fit individuals interest and ability.

Providing a health plan may vary from a caregiver to another and among individuals
[35]. Individuals may perceive the same health activity differently, due to their
heterogeneity, even though they might share the same health condition [36]. Hence,
we need a tailored health activity for the individuals that resonates with their needs
and ensures the intervention effectiveness.

Structured health activities have been linked to positive outcome in physical and
mental wellbeing [17]. Research also suggests that the more familiar a behavior,
the more likely the user is to do it [37]. This is an important aspect in inducing
user engagement and enhancing the health task delivery. The effectiveness of this
approach is well studied in the literature [37-39].

In summary, current solutions are unable to provide support beyond the defined
technical functionalities. These solutions can be grouped into health records to
track individuals, and personal self-management. Both approaches proved ineffec-
tive in promoting individuals lifestyle. The former increases caregivers workload,
whereas the later suffers from a steep learning curve. Moreover, human agents are
better than software agents in using the right voice tone and providing the right
emotional support to individuals throughout their health promotion journey [40].
In this context, human and virtual agent mediated health coaching can facilitate
long-term lifestyle management that requires the adoption of complex behavior

change recommendations.

1.3 Research Objectives

Given the aforementioned challenges, we introduce the concept of conversational

agents as a tool to track individuals in health promotion applications. This considers
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user demographics, input/output approaches that fit with user ability, motivation and
action. While for minor health issues, conversational agent can take the burden off the
caregivers shoulders, communicating such issues requires compassion and emotions
that remain in the exclusive domain of humanity. Hence, a human in the loop can
guarantee tailoring the activity and emotional support, while the conversational agent
can handle mundane tasks.

This dissertation presents the design and implementation of a semi-automated health
promotion tool that relies on a conversational agent to deliver health coaching tasks
and to simplify the user-coach interaction. The underlying assumptions on which
this research is based are: (1) goal-setting technique is effective in improving the
feedback and coaching support; (2) semi-automated approaches can overcome the
limitations of both fully automated and fully manual systems; (3) system scalability
will help adopt the tool into different domains where a coach-user relation exists;
finally, (4) building the tool inline with user daily routine (e.g., messaging habit) will

help users cue themselves to action.

1.3.1 Approach

We introduce structured health activity assignment and tracking by a human-virtual
agent mediated system. This allows the heterogeneous individual groups to partici-
pate in scheduled and supervised training programs by interacting with the chatbot.
We are interested in enabling individuals to participate in health activities and mo-
tivate them to follow the activities in the long-term. The activities are tailored to
each individual based on their personal profile created initially by the chatbot, and
presented to the human coach. We study and report the intervention design to un-
derstand the effect of human-virtual agent mediated coaching on user adherence to
exercise and promote healthy diet.

The main research question we tend to answer is: how can technology be effectively
integrated into the doctor-patient interaction to promote tailored healthy lifestyle?.

To achieve this, we try to answer the following research questions:

* What are the pros/cons of each medium when building the chatbot dialog?

* How, in which circumstances, the human in the loop provides better outcomes,

than the virtual agent alone?
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¢ How to decide task division between the human coach and the virtual chatbot,

which allows building/providing individual-appropriate micro-activities?

To answer the above questions it is fundamental to understand the relation between
users daily diet and physical activity habits, and their social routine of using mes-
saging applications. We aim to understand how technology can pair heterogeneous
users with different levels of motivation and ability with their caregiver. The health
coaching application provides individuals with structured diet and physical activ-
ity tasks, assigned and remotely monitored by a human agent and tracked by the
conversational agent. The human coach helps tailor the activities to fit with users
condition (via the web platform). The approach was validated with pilot and cohort
studies with diverse demographics. The results of the trial, along with secondary
intervention studies using our system, reveals the strong relation between individuals
daily activities and delivering them through a messaging application. The experiment
also validated the system design, such that it fits with individuals daily routine.

1.3.2 Hypotheses

There are different experimental hypothesis we could formulate for this study. From

the aforementioned challenges and our research questions, we hypothesize that:

H1: Building the technology in-line with users’ habit of using messaging applica-

tions will increase the efficacy of the system.

H2: A human-actor in the loop will help enhance the coaching effect and increase
the system credibility.

1.4 Research Rationale

1.4.1 Observations

Existing approaches suffer from limitations in increasing user engagement and pre-
venting health deterioration. We need a user familiar technology medium, regardless
of their demographics. Although the possibility to access high quality data with ex-

isting wearables and mobile apps, yet sustainable interaction with such technologies



1.4 Research Rationale 7

is a hassle [41]. Moreover, such technologies are unable to provide tailored health
activities to the user groups [42]. This research aims to facilitate the caregiver-users
interaction by means of conversation and request/response interaction. The long-term
goal is to engage users into health-related activities by delivering behavior change
health interventions through a conversational agent.

Research demonstrates that text-messaging interventions have positive effects on
health outcomes and behaviors [43, 44]. With the rise of messaging platforms indi-
viduals spend more time chatting, thus building the virtual coaching bot where they
spend their time is indeed relevant. Our platform assists the caregiver with initial
baseline user classification (profiling) and activity assignment. The chatbot acts as a
virtual coach interacting with the users and providing all the data to the human coach.
This provides access to timely user data through informed conversational interface.
Although the available self-service channels in the form of digital voice assistants
and chatbots (e.g., Siri, Alexa, and Google Assistant), they’re unable to provide
healthcare services, due to their general purpose and lack of specific domain knowl-
edge [45]. Various APIs and server-less platforms are available to engage users in
conversation with Al-based systems. Such interactions however represent a risk both
for the users and the caregiver, since it is scarcely predictable where the conversation
will lead and the health suggestions such systems might provide. Existing health
intervention tools and sensors lack the personal monitoring and most of the data are
released as anonymous diaries and there is no communication between the caregiver
and user.

Several psychological factors affect health promotion, and hence having a way to
handle these factors may help in user support. According to [46] users tend to be
more engaged to train when their activities are developed and remotely supervised by
a human coach. In a similar vein, [47] found individuals who believed to be coached
by a human judged the coaching to be more influential. Our research focuses on
user motivation, ability and action while involved in health tracking process. The
conversational agent is abstract to cover a vast number of domains in lifestyle pro-
motion. The approach focuses on physical activity and diet promotion. That said,
the platform can support other contexts in the health domain. The goal is to enhance
preventive healthcare through health promoting activities, hence the platform doesn’t
focus on managing or monitoring of any critical health conditions. Since CoachAl
is intended for lifestyle promotion, the research will focus on techniques for health

promotion for subjects with poor lifestyle.
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1.5 Key Findings

Building a health activity tracker has to consider the caregivers interaction, then
design for the user engagement. The literature review showed none of the existing
studies have considered caregivers workload to provide the necessary user support.
In addition, automating repetitive caregiver tasks by the chatbot is a novel approach
that we investigated and applied in this dissertation. This is preferred over the mobile
app or wearable trackers, due to its simplicity [S1]. We also learned from the research
reviews that social persuasive strategies, where a user interacts with a human-virtual
agent mediated system are effective in health promotion.

The research concluded that building the technology in user’s familiar environment
and inline with their daily routine of using messaging application can effectively
increase factors of technology sustainability. We conclude the important role of
human actor in the loop to provide tailored activities to users and support their
emotions. The presence of a human coach (trainer) is important for sensitive training
programs. Although automatic sensing is preferred over manual data collection, yet
such technology is not accurate for sensitive user interactions (e.g., user preferences).
The findings from Chapters 2 and 3 revealed the existing limitations with health
coaching approaches and the common persuasive coaching patterns and the behav-
ioral change techniques used by most studies. From the preliminary experimentation
with elderly (see Chapter 5), we found that utilizing a chatbot helped them familiarize
with the technology and feel more comfortable using it. We conclude that conversa-
tional agent helps provide the necessary follow up to users and assist caregivers.
We also concluded several findings from the two studies discussed in Chapter 6. The
chatbot dialog cohort study found that when participants had to score an interaction
with a chatbot that asks personal questions on their mental wellbeing, they rated
the interaction with high scores with respect to enjoyment, attitude and confidence.
Differently, participants rated with lower scores a chatbot that uses emojis when
asking information on their physical wellbeing compared to a dialogue with plain
text. Individuals who communicated with the bot on mental wellness + emojis were
perceived more confident than those communicated with a bot on physical activities
+ emojis. We concluded that individuals emojis had a positive effect on the dialog
when it was emotionally bound. Moreover, the dialog comparison study also in
Chapter 6 showed some dialog patterns emerged from the chatbot comparison and

concluded the study with UX design implications.
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The CoachAl initial testing discussed in Chapter 7 showed that reminders use in
health intervention delivery were positively perceived by the users. In addition,
using a mixed human-virtual coaching approach was preferred by all participants.
The prospective intervention study in Chapter 7 showed that users had different
experiences with the application when coached with a human agent, a virtual agent,
or a combination of the two. Users who performed exercise activities rated the virtual
agent coaching style higher, whereas those who performed health diet activities rated
the human agent coaching style higher, and finally those who performed mental
wellness activities rated the mixed human and virtual coaching style higher.
Overall, the dissertation validates the role of conversational agents as a persuasive
element in building a tailored lifestyle promotion plan which helps caregivers and
users have a common understanding and better respond to both sides needs. The
design, implementation and evaluation of the system along with other research activ-
ities have provided information on various aspects of conversational user interface.
Nonetheless, designing health agents that are emotionally aware is still poorly under-
stood. Furthermore, the feasibility of automating just-in-time mHealth interventions
delivery via a chatbot has not been fully studied.

The lessons learned from the aforementioned experiments validated the usability of
social, yet tailored health promoting application for individuals with poor diet or
physically inactive. The conceptual model and design guidelines along with our learn-
ing from the user studies provide information on various aspects of semi-automated
training applications. This research made key contributions to the literature on

techniques in user motivation and engagement.

Identifying habitual patterns to understand user preferences.

* The role of chatbot in delivering health promoting micro activities.

Building the technology while adhering to individuals daily routine.

* A socio-technical system that fits with the role of conversational agent as an

assistive component.

The role of human agent in the loop to tailor the health coaching task.

* Quantitative and qualitative results obtained from using our system with a

diverse population.
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The research is interdisciplinary involving behavior change, health promotion and
user engagement. The developed system investigated the ability of conversational
agent to establish and maintain social-emotional relationships with users, and to
determine if these reactions can increase health behavior change. The chatbot
should prove to be a complement to the human agent, but not a replacement. This
highlights the need for insights into the psychology of e-coaching, as well as the
dynamics of human-computer interactions. Situated at the crossroads of research on
health psychology, human-computer interaction, artificial intelligence, and ethics,
we believe this research area is of importance to understanding scientific issues of
behavior change through ICT systems.

1.6 Thesis Structure

This dissertation emphasizes our study, research, design, development and evaluation
over the course of the PhD research on socio-technical systems for promoting
individuals lifestyle. The rest of the thesis are organized in chapters explaining parts

of the research work. We summarize the contribution of each chapter below.

Chapter 2: Literature Review. Discusses the state of research on conversational
agents, health coaching and behavioral change theories. We shed the light
on different approaches in lifestyle promotion. We will discuss the role of
conversational agent as persuasive coaching strategy. Each section will be

concluded with a discussion of existing limitations.

Chapter 3: Patterns in eHealth Coaching. Presents a systematic review on stud-
ies focused on eHealth coaching, persuasive technology, behavioral change
theories, and identifies key Persuasive System Design (PSD) components in

different coaching context.

Chapter 4: CoachAl Platform. Discusses our human-virtual agent mediated coach-
ing platform to target diverse users and provide them with tailored activities.

Chapter 5: Initial Prototype and Preliminary Evaluation. Discusses the design,
development and preliminary evaluation of our chatbot supported e-coaching
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system. It summarizes the findings of our small scale experimentation with
elderly people at the ALMAC? association.

Chapter 6: Second Prototype and Feature Refinement. Discusses the findings from
two distinct experiments related to chatbot dialog study and the dialog state
comparison between CoachAl and two different conversational agent appli-
cations. We present the experiment settings and cohort studies together with

their findings and design implications.

Chapter 7: Experimentation and Assessment. Discusses two experimentation stud-
ies to evaluate CoachAl. First, the initial evaluation of CoachAl with adult
participants and the findings from the testing. Then the prospective interven-
tion settings and evaluation of CoachAl with diverse participant demographics.

We present the findings and limitations from each experiment.

Chapter 8: Conclusion and Future Work. Summarizes the dissertation, discusses
the conclusion of this research work and highlights the contribution, states

limitations and the future directions for this line of research.

Zhttp://www.almaconlus.it/



Chapter 2

Literature Review

2.1 Introduction

This chapter discusses the literature on health technologies to engage individuals in
healthy behavior change. We aim to cover recent research on motivating individuals
pursue a healthy lifestyle through ICT approaches. We evaluate existing body of
knowledge on various technical and social approaches in health and wellness pro-
motion. We will present health coaching approaches, behavioral change techniques,
and conversational agents in the context of lifestyle promotion. We conclude each
section by discussing advantages and shortcomings of existing approaches and the
limitations we tackle in this research.

2.2 Health Coaching Approaches

2.2.1 Health Coaching Types

Health coaching is defined as the practice of health education and promotion to
help individuals achieve a healthier lifestyle through coaching [52]. Existing health
coaching approaches are either fully-automated (the application implements a virtual
coach) [53]; fully-manual (a human coach tracks and assigns activities) [54], and
semi-automated (the application is partially supported by a virtual coach to carry out

repetitive human tasks, and notifies the human coach to intervene in critical cases)
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[55]. This system is a negotiation between the previous two and substitutes the task
between the algorithm and a human agent. A previous work by Fadhil et al., [20]
highlighted the important role of a human actor in the loop, when building health
coaching systems to track user’s condition. In addition, users are more engaged to
train when their activities are developed and tracked by a human supervisor [46],
and those who believed to be coached by a human judged the coaching to be more
influential [47].

Discussion: The literature review shows the different coaching systems used to
improve health behavior change. Each approach differs in the way it delivers the
intervention. The literature revealed that both manual and automated health coaching
systems have their own limitations. For example, manual systems put a lot of burden
on caregivers to deliver the intervention, whereas the automated systems totally rely
on an algorithm and misses out the emotional support that is essential in supporting
individuals disease journey and the role of human agent in tailoring the activity.
Fully automated type is more complicated to build and may involve various machine
learning algorithms and IoT devices to handle different tasks autonomously. Finally,
coaching systems that integrate a human agent in the loop were perceived positively

by the users.

2.2.2 Virtual Health Coaching

Addressing challenges in health promotion requires a long-term follow-up and
scalable intervention techniques. Many types of sensors, wearables and mobile appli-
cations exist to promote individuals overall health. However, to provide continuous
follow-up, we should look for autonomous solutions that handle humans repetitive
tasks efficiently. Virtual agents can be an alternative to wearables or mobile apps in
health activity tracking. For example, Watson et al., [56] recruited 70 participants
with a body mass index (BMI) between 25 and 35 kg/m? and had them meet with a
virtual coach, an animated computer agent that ran on their computer, set goals and
provide personalized feedbacks. The coach was beneficial in maintaining activity
level. However, the activities were tracked and assigned by a virtual agent, with
no human intervention. Other approaches [57] relied on a virtual coach to support
self-regulation of emotions, especially those related to emotional eaters. The study
validated persuasive coaching strategies based on behavior change techniques by
translating successful behavior change mechanisms, such as dialectical strategies,
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into personalized coaching strategies. However, such approaches rely totally on
a software agent to provide the emotional support to individuals, which is still a
complex task to achieve and unrealistic. Animated health agents are also used to
influence self-management. For example, [58] developed iCat agent which shows
different facial expressions and provides cooperative feedback following principles
from motivational interviewing (MI).

Discussion: The review stresses several aspects and further challenges to address.
Although the added value of software agents to track individuals, however individuals
are heterogeneous and have diverse interest and emotional needs. Existing software
agents are still unable to handle complex human needs and personalize the appli-
cation experience to their condition. Beside this, the long-term effect of software
systems to provide tailored emotional support requires further investigations. Finally,
a mixed human-virtual agent coaching have been found to be more effective than a
mere human or agent coaching for health activities [40].

2.2.3 Mobile Health Coaching

Although the large number of mHealth applications are designed with specific target
groups, such as elderly, many have been designed for a general audience. In addition,
many apps are not designed as a part of physicians practice, hence a distinct research
gap exists about technology that supports physician-patient relationship [59].

There is a strong relation between user personality type and the effect of persuasive
technologies in the context of mHealth. Research highlighted that mHealth technol-
ogy designers may achieve more success if they consider individual’s personality
type [34]. To consider user personality, the app should trigger users into the activities
offered by the application. Cueing strategies, such as real-time reminders, are among
the most effective methods of persuading individuals to perform healthy behaviors,
such as exercising or tracking daily diet [60]. However, according to Fogg’s behav-
ioral model [37] the application should pick the right moment to trigger the user with
reminders/notifications into an activity. In addition, these reminders often represent a
task interruption for users engaged in work activities. Therefore, custom notification
is important to provide personalized experiences. Bickmore et al., [61] concluded
that the degree of perceived interruption politeness is positively correlated with
predicted long-term adherence, but negatively correlated with short-term compliance.
Among several previously explored interruption coordination strategies empathic



2.2 Health Coaching Approaches 15

interruptions are superior overall in gaining both short-term and long-term adherence
[61].

Discussion: Most of the aforementioned literature studies were carried out in health
coaching settings. Some of the studies incorporated persuasive techniques and
gaming elements. Unlike apps integrating gamification techniques to engage users,
health coaching is more focused on individuals behavior change, rather than fun
and gratification, and hence more applicable for intensive health promotion. Studies
showed that reminders and notifications can improve the adherence to long-lasting
health activities. However, the majority relied on SMS notifications, which is cost-
ineffective and can be obtrusive. We address both findings in our research. Finally,
users download and use a marginal number of apps, and abandon them after a few
uses. Moreover, individuals find it hard to integrate mobile apps into their daily
routine behavior, and most apps require a steep learning curve [22]. We will further
consider these findings in our research study.

2.2.4 Wearable Health Coaching

Wearable health trackers are widely adopted to support individuals with daily health
tracking. They can assist in steps taken, measure sleeping pattern, and improve
healthy diet. Despite the wide adoption of such technology, their real life results
are still questionable. While some users derive long-term values from their trackers,
others face barriers to integrate the tracker into their daily routine. Studies [25, 62, 63]
have analyzed technical aspects of these barriers. Moreover, to motivate users keep up
with their personal activities, some wearables adapted motivational techniques, such
as gamification and social recognition [62, 63]. The design space to leverage tracking
data and persuade health-related behavior change involves issues and strategies to
capture information, monitor progress, notify feedback, and provide social support
[14, 64].

Most studies consider technical aspects of health tracking technologies and their
correlation with user adoption [65]. Little is known about user characteristics and
their relation to wearable adoption. Shih et al., [66] performed a six-weeks user
study with 30 users with physical activity tracker. The study described user pattern
implications, such as helping them be mindful of their physical activity tracker, to
further articulate gender differences in the wearable use and adoption.

Health trackers suffer from low adoption rate in the long-term [66]. Clawson et
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al., [25] performed an analysis on ads of secondary sales of wearables. The study
identified motives and rationale for wearable adoption and forsaking, and suggested
more work on behavioral theories to investigate psychological effects of health
behavior change techniques. A work by Lee et al., [67] presented experimental
results on 80 college students with fitness trackers. The study found that 50% of
students stopped wearing their tracker in less than three weeks, and 34% have
forsaken the device in nine weeks. Recent research has been focused on identifying
key components of health interventions that combines self-tracking and coaching,
referred to as persuasive e-coaching [68].

Discussion: The literature review identified the main challenges associated with
wearable health trackers, such as long-term adoption, user interaction with the
wearable Ul, and simplicity. Similar to mHealth apps, wearable health trackers
also suffer from user abandonment, in the short or long term [25]. Moreover, most
wearable trackers share the same tracking pattern and are intended for general
audience, which is not personalized and can’t fulfill user interest. Finally, trackers
alone are not enough to handle complex user behavior and preferences, instead they
act as a data tracking devices. We will further discuss these points throughout our

research.

2.3 Conversational Agents in Health Coaching

Conversational agents enable individuals to interact with a software via spoken or
text messages to access, create and process information. Conversational agents
run structurally repetitive tasks inside a messaging application [69]. Conversation
is a way to share knowledge, emotion and its part of our communication makeup.
However, designing conversational user interface (CUIs) dialog requires tailoring to
fit with application and context. There are particular requirements with designing
conversational applications. These requirements include user demographics, chatbot
domain, data interaction and dialog structure.

Several integrated care systems employ conversational agents in the context of
lifestyle promotion. For example, MOPET [70] is designed to support users through-
out exercise sessions by guiding them through fitness trails. It tracks user’s exercise
and motivates them through message feedbacks. While the system can form effective

and enjoyable exercise for users, it does not actually motivate them to start exercising.
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FitTrack system [71] is another example that provides daily monitoring of users and
motivates them to walk more. It determines user steps through the accelerometer and
provides them with feedback once the walk session is terminated. The system makes
users aware of their exercise level and rewards them with praise, but doesn’t form
suggestions or other explicit tactics to motivate user activity.

Existing conversational agents match user requests with a suitable answer extracted
from a trained model. For example, if a user asks feedback on his/her physical
activity, as in "What was my level of physical activity yesterday?", and "I have not
checked my activity level yesterday", they will be processed by the model as relevant
intents. Training the chatbot model is essential to connect both questions with correct
intents and provide the right answer. Conversational flow uses buttons, speech-to-text
or speech-to-speech, or a combination when designing chatbot conversations. With
these techniques, the conversational bot can negotiate for an enhanced mode of
interaction [72]. Recent research considered theories and methods in constructing
and evaluating conversational agent dialog systems [73]. Other studies focused
on emotional aspect of the conversation and building empathic accuracy as more
important than user expressivity [74].

User experience with chatbot is mainly about their interaction with the dialog. It is a
relationship connecting user emotion and chatbot empathic ability, user demograph-
ics and personalized experiences. Chatbots should analyze what users like/dislike, to
avoid building a technology that cannot trigger the right action. For example, using
online bots to call for volunteering action [75], or acceptance of embodied agent
designed to establish long-term relationships with older adults [76].

Finally, deep learning in chatbots is mainly used to generate responses from scratch
with no predefined structure. The Recurrent Neural Network (RNN) technique is
among the widely-applied techniques in this context [77]. To predict the next word in
a sentence, we should know which words came before it. RNNs are combined with
long-short term memory to remember past conversations up to that point. Nonethe-
less, existing advanced conversational agent still suffer from falling outside the
conversation context and not handling the dialog flow properly. RNN suffers from
the vanishing gradient problem, as the context length increases, layers in the unrolled
RNN also increase.

Discussion: Research suggests that instant text messaging could be a good solution
to tackle several health issues, such as medication non-adherence [78, 79]. Unlike

apps, messaging platforms, such as chatbots are easy to use and don’t require fa-
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miliarity with a specific tool. Since elderly are among the population with highest
medication consumption and they are as well more affected by low medication ad-
herence [80], a virtual coaching can be a perfect fit to provide an intuitive technology
at low cost. That said, designing conversational user interfaces requires tailoring the
dialog to fit with user demographics, bot domain and the dialog context. Moreover,
building rich vocabulary becomes necessary in health domain due to the sensitive
data and interaction involved [73, 81]. The literature showed that providing emo-
tional support is necessary to support individuals in their health journey. Existing
chatbot systems can extract some emotions from user conversation, however, they
are still unable to provide reactive emotional support that fits with user preferences.
Hence, tailoring with conversational agents is still limited to human agents and can’t
trigger individual preferences accurately.

The literature revealed that advanced chatbot systems using deep learning also suffer
from limitations related to dialog context and user intent. In addition, a fixed finite
state systems are used where the system has the initiative at each turn. Dialogue
management with finite states describes the flow inside a conversation. Finite states
transition can switch contexts and subjects more reliably than an advanced model. In
summery, complex systems fall outside context, whereas simple systems are unable
to handle complex human requests and behaviors, hence a human in the loop is

necessary to cover both gaps.

2.4 Behavior Change Theories

Behavioral interventions have been used to determine clinical utility of health coach-
ing to measure direct/indirect effects on health improvement [82]. For example,
e-coaching have been tested in cardiac rehabilitation programs supported by behavior
change support systems [83]. The system identifies causes of non-adherence by
reasoning over a computational model based on established psychological theories.
The results show that tailored interventions leads to positive behavior change.

Among the commonly used psychological models and theories of behavior change
in health coaching, we mention the Transtheoretical Model of Behavior Change [84],
Technology Acceptance Model [85], Health Belief Model [86] and Fogg’s Model
[87]. Each of these models focus on an aspect of user behavior and approach the

concept of behavior change from a different perspective. The Transtheoretical Model
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of behavior Change consists of dividing the behavior change process into stages,
namely pre-contemplation, contemplation, preparation, action, maintenance and
relapse prevention. Taking the example of following a healthy diet, it is argued that
in the pre-contemplation stage, the person is unaware of their poor dietary habit as a
problem and has no intention of changing. In the contemplation stage, the person
starts to think about changing their behavior, but does not commit to try to change.
The Technology Acceptance Model (TAM) [85] is an information theory that models
how users come to accept and use a specific technology. The TAM model is consid-
ered a behavior change model, dedicated to the acceptance of a technology. In the
context of mHealth, the TAM is used to analyze the health behavior change. This is
because user’s adoption of healthy behavior is reflected from the level of engagement
and interaction with the health application.

The Health Belief Model (HBM) [88] was spelled out in terms of four constructs
representing the perceived threat and benefits of a behavior, perceived susceptibility,
perceived severity, benefits, and barriers. The model is based on the understanding
that a person will take a health-related action (i.e., use condoms) if that person: (1)
feels that a negative health condition (i.e., HIV) can be avoided, (2) has a positive
expectation that by taking a recommended action he will avoid a negative health
condition (i.e., using condoms will be effective at preventing HIV), and (3) believes
that he can successfully take a recommended health action (i.e., he can use condoms
comfortably).

The Health action process approach (HAPA) [89] is an open framework of various
motivational and volitional constructs that are assumed to explain and predict indi-
vidual changes in health behaviors such as improving physical activity levels and
dietary behaviors. The model suggests that the adoption, initiation, and maintenance
of health behaviors should be conceived of as a structured process including a mo-
tivation phase and a volition phase. The former describes the intention formation
while the latter refers to planning, and action (initiative, maintenance, recovery).
Finally, Fogg’s behavior model [37] was proposed as a framework for understanding
human behavior. The FBM asserts that for a behavior to be performed, a person
must (1) be sufficiently motivated, (2) can perform the behavior, and (3) be triggered
to perform the behavior. These three factors must occur at the same moment, or else
the behavior will not execute.

Discussion: The literature review in adapting behavior change theories in health

coaching applications revealed that although these theories can be used when build-
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ing health coaching systems, few studies experimented with such theories to build
personalized coaching systems. Most applications are not tailored to individuals
skills and there is no human agent in the loop to personalize the health activity.
Hence, we invite more use of these frameworks as base when building health coach-
ing systems. We highlight in Chapter 3 the health coaching patterns and address the
main behavior change theories emerged in each pattern.

2.5 Conclusion

In this chapter we discussed the literature body on health coaching approaches, and
the role of virtual agents, mobile apps and wearable trackers in health coaching. We
then defined conversational agent and the recent rise in chatbots for health coaching.
Finally, we concluded the chapter with the research on behavioral theories used in
behavior change techniques.

The literature study revealed that current health coaching applications are mostly
automated and can not tailor the activity to fit with user preferences and emotions.
Moreover, most studies rely on the system to handle all user activities, and none
have considered the role of a human agent to track users and provide personalized
health activities. Systems that relied on a human agent were mainly manual, and
fully relied on the human to handle all the tasks. This is inefficient, since it increases
caregivers workload.

The use of chatbots in health coaching is novel and growing. Individuals with
cognitive impairments can benefit from the chatbot as a daily assistant. However,
to successfully interact with the system, we should consider the issue of user ac-
ceptance of the system and carefully sketch the dialogue conversation and the data
flow. Current chatbots have speech recognition, natural language processing, even
sentiment detection capabilities, however, they are still unable to provide tailored
support. Moreover, advanced chatbot systems still suffer from falling outside the
conversation context.

In Chapter 3 we present our study on patterns in health coaching from the theoretical
and technical perspectives. We identify the most prominent coaching techniques
used and the gap in the current approaches. The lessons learned from this chapter
and the following chapter drives our path on designing our health coaching system

with conversational agent.



Chapter 3

Patterns in eHealth Coaching

3.1 Introduction

The advent in technology have created enormous possibilities for health tracking
systems that are capable of supporting individuals at various stages in their health
journey. Individuals are heterogeneous, due to their lifestyle factors, habits, moti-
vation, and other demographic elements [90]. To build successful eHealth systems
that can fulfill individuals need, behavioral change theories and persuasive technolo-
gies should be considered to build the system in line with the health domain and
individuals’ preferences [60]. There exists many intervention techniques and health
tracking approaches. For example, studies have developed game-based systems [91],
mobile applications [92], sensors and IoT systems [93], and even telephone-based
interventions [94] to cope with and promote patients’ condition. These approaches
targeted diverse demographics and health domain to either promote health, prevent
escalation into at-risk or diseases, or delay progression into complications [95].

In this chapter, we present our systematic review on studies focused on eHealth
coaching, persuasive technology, behavioral change theories, and identify key Per-
suasive System Design (PSD) components used in different coaching context and
combined with behavioral change theories and techniques to deliver effective health
interventions. We classify the analyzed interventions into four distinct stages, namely
health promotion, prevent from escalation into at-risk, prevent escalation into disease
or delay progression into complications and re-admission. These stages are generally
referred to as: Stages of Disease Continuum (SDC) [48] which defines the stages of
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a disease and the associated health status of an individual (see Chapter 1 for details).
We will discuss the data source comparison and the studies distribution alongside
the SDC components.

The chapter identifies persuasive coaching approaches and the techniques used
by each approach, be it manual, automatic or semiautomatic approaches. Oinas-
Kukkonen and Harjumaa’s persuasive system design (PSD) model [96] describes
such persuasive system technologies that are increasingly used for positive health
behavior change. The PSD divides the persuasive components into 4 main categories,
namely: primary task support, dialogue support, system credibility support, and so-
cial support. The categories provide components, such as reminder and cooperation
to specifically describe each action a component is expected to produce. We build

our assumptions on the following hypothesis:

* Different coaching pattern will emerge based on various factors that we will

investigate in this study.

* A coaching technique may fit in only one health context and different tech-
niques may be needed to readopt to other contexts.

The research provides two contributions to the eHealth coaching, behavior change
techniques and persuasive technologies. (1) we present a pattern analysis on PSD
and behavior change techniques use in eHealth coaching; and (2) we analyze specific
health domains where either a PSD component, a behavior change technique, or a

combination of the two is present.

3.2 Aim

We perform a systematic review on health coaching approaches with persuasive
system design and behavioral theories and techniques. This is measured in relation
to the stages of disease continuum. To our knowledge, this is the first systematic
review of health coaching in relation to PSD, behavioral theories and techniques,
and SDC. We will review patterns in eHealth coaching that integrate either PSD,
behavioral theories and techniques or a combination and check their health focus
with the SDC. We will discuss the data coding, and the review process and results.
We then present the emerged patterns from the studies analysis. This research will

try to answer the following research questions.
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* What are the different patterns of eHealth coaching techniques that could

emerge from the PSD-behavioral theories and techniques mapping?

¢ What is the correlation between PSD, with/out behavioral theories and tech-

niques presence, and the intervention effectiveness criteria?

* How behavioral theories and PSD principles are cooperatively used?

Answering these questions will help understand if there is a correlation between
a specific PSD element, a behavior change technique, a behavioral theory and a

coaching technique in the context of persuasive eHealth coaching.

3.3 Methods

3.3.1 Data Source

The data collection was started between December 2017 and February 2018. We
searched for articles published between January 2015 — February 2018 using IEEE!,
ACM Digital Library?, Google Scholar®, and Scopus®. The terms and the term
combination strategy used to search targeted articles are listed in Table-3.1. The
resulting corpus consisted of 95 papers, with IEEE=4, ACM=45, Google Scholar=11,
and Scopus=35. The identified articles were manually searched for further relevant
publications.

3.3.2 Data Coding

The data coding was achieved by two researchers performing a parallel systematic
review of all the articles. The data coders achieved an agreement accuracy of 97%
on PSD and 88% on the behavior change theories/techniques and SDC. The conflicts
were later resolved by reaching an agreement on the rest of the data. All the selected

interventions were coded according to the PSD principles [96], shown in Table-3.2.

Thttps://www.ieee.org

Zhttps://dl.acm.org/dl.cfm

3https://scholar.google. it
“https://www.scopus.com/search/form.uri?display=basic
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Table 3.1 Articles searching terms and combination strategy.

3.4 Results

This section discusses the data coding and analysis, the common patterns in health
coaching approaches and behavioral change techniques from the persuasive technol-

ogy point.

3.4.1 Search and Selection

The total search returned 505 articles from all the four digital libraries. After
screening the results through the eligibility criteria, 440 articles met the inclusion
criteria. The next step was to review the title and abstract of those documents
to determine whether they fulfill our objectives based on the formulated research
questions. This step excluded 310 papers that were not about health coaching in
general or they were about other coaching related domains. The next step checked
whether the 130 papers fit our inclusion criteria and relevant to our study. A total
of 35 papers were excluded, either because they were not related to our study or
because of missing data. Finally, 95 articles were selected and included in the
systematic review. Figure-3.1 shows the flow diagram of this systematic review
process. For each article we collected the title, keywords, paper type, PSD and
behavior theories/techniques, their SDC focus and other information relevant to the
study. All the reviews were performed by two coders and later revised to check for

agreement accuracy.
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PSD principle

Definition

Primary Task Support

Reduction (1.1)

System should reduce steps users take when performing target behavior.

Tunneling (1.2)

System should guide users in attitude/ behavior change process by providing means for
action.

Tailoring (1.3)

System should provide tailored info for user groups.

Personalization (1.4)

System should offer personalized content and services for individual users.

Self-monitoring (1.5)

System should provide means for users to track their performance or status.

Simulation (1.6)

System should provide means for observing link between cause & effect with regard to
users’ behavior.

Rehearsal (1.7)

System should provide means for rehearsing target behavior.

Dialogue Support

Praise (2.1)

System should use praise to provide user feedback based on behaviors.

Rewards (2.2)

System should provide virtual rewards for users to give credit for performing target
behavior.

Reminders (2.3)

System should remind users of their target behavior while using the system.

Suggestion (2.4) System should suggest users carry out behaviors while using the system.
Similarity (2.5) System should imitate its users in some specific way.
Liking (2.6) System should have a look & feel that appeals to users.

Social role (2.7)

System should adopt a social role.

System Credibility Support

Trust-worthiness (3.1)

System should provide info that is truthful, fair & unbiased.

Expertise (3.2)

System should provide info showing knowledge, experience & competence.

Surface credibility (3.3)

System should have competent and truthful look & feel.

Real-world feel (3.4)

System should provide info of the organization/actual people behind it content & ser-
vices.

Authority (3.5)

System should refer to people in the role of authority.

Third-party endorsements (3.6)

System should provide endorsements from external sources.

Verifiability (3.7)

System should provide means to verify accuracy of site content via outside sources.

Social Support

Social learning (4.1)

System should provide means to observe others performing their target behaviors.

Social comparison (4.2)

System should provide means for comparing performance with the performance of
others.

Normative influence (4.3)

System should provide means for gathering people who have same goal & make them
feel norms.

Social facilitation (4.4)

System should provide means for discerning others who are performing the behavior.

Cooperation (4.5)

System should provide means for co- operation.

Competition (4.6)

System should provide means for competing with others.

Recognition (4.7)

System should provide public recognition for users who perform their target behavior.

Table 3.2 Persuasive System Design principles.
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Fig. 3.1 The study selection workflow.

3.4.2 Intervention Studies Description

The selected papers were all related to health coaching and relied on a PSD principles
directly or indirectly. Most of the studies were Randomized Controlled Trials (RCTs),
single group studies, and the rest were research studies, user centered design, A/B
test, focus group sessions, usability interviews and literature reviews. Most studies
were targeting adults (63%) and the rest were focused on elderly (19%) and young
(18%) as the targeted groups.

The interventions aimed to either promote health, prevent from risk, prevent from
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diseases, or prevent from escalation into complication and readmission through health
coaching targeting various health conditions (see Figure-3.2 for the intervention
health focus according to the SDC). The SDC distribution showed that most studies
either focused on health promotion (first stage) or prevent/delay progression to
complication and readmission (last stage). Most of the intervention studies were
aimed at physical activity promotion and obesity prevention, or targeting unhealthy

behavior change in general (see Figure-3.3 for the intervention aim distribution).

B Health promotion
BN Prevent shift to at-risk

B Prevent progression to disease

28%\

Prevent progress to complication

6%

Fig. 3.2 Interventions health focus, according to SDC.

Unhealthy behavior change

10% . cre, .
/ 7 Cardiac rehabilitation
Others

/ 5% Social support for elderly

8 Healthy diet management
0

Physical activity promotion
6% Anxiety disorder management
Diabetes T2 care

Obesity prevention

Mental wellness promotion

Wellness coping promotion

27%

Fig. 3.3 Intervention aim frequency.

Coaching techniques are the tools used by the human agent or the user to deliver
or receive health intervention at different stages of the disease. Studies used one or
more coaching techniques to deliver the coaching support, either before, during or
after the health intervention. The systematic review showed that most studies relied
on a mobile app (25%) to deliver the coaching intervention. Moreover, there were
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other studies that relied on a human agent to monitor the coaching intervention in-
person (16%). Finally, fewer studies used web applications to monitor and track the
coaching intervention (11%). Figure-3.4 shows the coaching technique distribution

as was present in the reviewed studies.

Interactive video system
Mobile application 25%
Virtual agent

Web application
Gamification
Chatbot

Wearable tracker
Computer-based
E-coaching system

Human agent

Homecare
Telephone-based intervention

Others

) 1
0% 100%
Technique frequency %

Fig. 3.4 Coaching technique frequency.

3.4.3 Persuasive Technology Analysis

The systematic review analyzed the interventions inclusion of any persuasive sys-
tem design elements as described in [96]. The analysis showed that Tunneling
(e.g., guiding participants to increase water intake by mobile app-based prompt),
Personalization (e.g., providing means to personalize users health activities) and
Self-monitoring (e.g., providing means to keep track of one’s own activity in real-
time) were the most frequently used PSD principles among the reviewed studies,
while Rewards, Competition, Recognition, Trust-worthiness, Surface credibility, and
Liking appeared in only 1% of the studies (see Figure-3.5). Reflecting to the four
function categories, Primary Task Support (i.e., tunneling, tailoring, personalization,
and self-monitoring) was frequently used, while Dialogue Support, system credibility
support, and social support appeared not as frequent.
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Fig. 3.5 PSD principles usage frequency.

3.4.4 Behavioral Theories/Techniques Analysis

The systematic review considered also the behavioral change theories/techniques
applied in the studies. Different behavioral theories appeared among the selected
papers. However, many studies did not base their intervention on behavioral change
theories/techniques. Since evidence has shown that behavior change interventions
based on theories of health behavior are more effective than the non-theory-based
ones [60, 97, 98], more theory-integrated sedentary behavior reduction studies are
expected. Based on our systematic review, the most frequently applied theories and
techniques of behavior change in health coaching included the Fogg’s behavior model
[37], the Transtheoretical model (TTM) [99] and the Motivational interviewing (MI)
[100]. We would encourage more research studies applying these theories into
the health coaching domain. Whereas, theories such as, installation theory [101],
behavior change support system [102], technology acceptance model (TAM) [26],
the nudge theory [103], and elaboration likelihood model [104] were among the
least used theories by most intervention studies (see Figure-3.6). We believe this
variation in using some behavioral change theories or models over others is related

to the nature of the interventions and the focus on persuasive technologies. Hence,
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Fig. 3.6 Behavioral theories/techniques frequency.

theories such as, Fogg’s behavior model are specifically focused on behavior change
by persuasive technologies.

3.4.5 Data Analysis and Mapping

Based on the analyzed data, we performed a mapping between the PSD principles
and the most frequent behavior theories, and the stages of disease continuum for the
interventions.

PSD-BT Mapping

This consisted of analyzing the studies and checking whether they integrated any PSD
principles or based their study on a behavior change theory, or used both. Although
the various PSD principles and behavioral theories used by the studies, we focus
on the most frequently used PSD principles and behavior change theories, as given
above. In Table-3.3 we show the behavior theories and PSD principles mapping.
The mapping revealed that studies based on the Transtheoretical model (TTM) most

Behavioral Theories/techniques PSD Principles
Transtheoretical model (TTM) Tunneling, Tailoring, Personalization, Self-monitoring, Suggestion
Fogg’s behavior model (b=mat) Tunneling, Personalization, Reminders, Social facilitation, Social learning, Norma-

tive influence, Self-monitoring

Motivational interviewing (MI) None

Table 3.3 Behavior theories and PSD principles mapping.
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frequently used the Tunneling, Tailoring, Personalization, Self-monitoring, and
Suggestion principles, while studies based on the Fogg’s behavior model (b=mat)
most frequently used the Tunneling, Personalization, Reminders, Social facilitation,
Social learning, Normative influence, and Self-monitoring. Interestingly, none of the
studies based on the Motivational interviewing (MI) used PSD principles. This could
be due to the study focus which was on health coaching, however, it did not consider
any persuasive techniques in its design or implementation. We invite researchers to

further investigate this point in the future.

PSD-SDC Mapping

This consisted of checking the stage focus for each study and then map the stage with
the PSD principles they used. Most studies focused on either the health promotion or
prevention from progression to complication, as mentioned earlier. The PSD-SDC
mapping confirmed that and showed the different PSD approaches in studies focused
on health promotion. Studies in the health promotion stage found to mostly use the
tunneling, tailoring, personalization and self-monitoring principles, whereas those
in the prevent shift to at-risk stage frequently used self-monitoring and suggestion.
Studies in the prevent progression to diseases stage mostly used Reminders, tailor-
ing, tunneling, and personalization. Finally, studies in the prevent progression to
complications & re-admission stage most frequently used the self-monitoring, Per-
sonalization, Tunneling and suggestion (see Table-3.4). Overall, studies in the health

Stages of Disease Continuum PSD Principles

Health promotion Tunneling=_8, Tailoring=>5, Personalization=11, Self-monitoring=11, Social
learning, Suggestion, Reminders =4, Social facilitation=3, Normative in-
fluence, Expertise, Social comparison =2, Cooperation, Surface credibility,
Social role, Reduction, Rewards, Liking, Reduction =1

Prevent shift to at-risk Self-monitoring, Suggestion=2, Personalization, Tunneling =1
Prevent progression to dis- Self-monitoring, Simulation, Social facilitation, Social role, Trust-
eases worthiness, Normative influence, Social comparison, Cooperation, Compe-

tition, Recognition, Social learning =1, Reminders, Tailoring, Tunneling,
Personalization=2

Prevent progression to compli- | Self-monitoring=5, Personalization, Tunneling =3, Reminders, Sugges-
cations & re-admission tion=2, Simulation, Expertise, Social role, Social learning, Social compari-
son, Social facilitation =1

Table 3.4 Stages of disease continuum and PSD principles mapping.

promotion and prevent progression to complications stages adopted PSD principles
more frequently than the other stages. In addition, Tunneling, Personalization and
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Self-monitoring were the most frequently used PSD principles among the reviewed
studies in the health promotion and prevent progression to complication stages. This

confirms our PSD principle analysis mentioned above.

Overall PSD-SDC-BT Mapping

After analyzing the PSD in relation to the SDC and BT and checking its frequency
in each of the two, we now discuss the overall mapping of the PSD, BT and SDC.
For this step we consider only the PSD principles most frequently used, and the
highly frequent behavior theories as emerged during the systematic review. We
then map these two with the stages of disease continuum. This step helps to clarify
the PSD principles usage pattern and their stage focus and the behavioral theories
they’re based on. The most frequently used PSD principles were the Tunneling
(f=8), Self-monitoring (f=11) and Personalization (f=11) and these were extensively
focused on the Health Promotion stage. Among the frequently used behavior theories
were the Fogg’s behavior model (b=mat), the Transtheoretical model (TTM) and
Motivational Interviewing (MI). The behavior theories were extensively focused on
the Health Promotion and Prevent progression to complications (see Figure 3.7 for

the mapping).

3.4.6 Health Coaching Interventions Effect

The intervention effectiveness was categorized based on Morrison [105] and Lent-
ferink [68]. This divides the intervention outcome into three, namely highly effective,
low effective, and ineffective interventions (see Table-3.5 for the effectiveness crite-
ria). We listed the interventions with a significant effect on individuals health aspect.
Twenty-five interventions (check the source for papers list®) reported a positive effect
on health outcome. Fifteen interventions led to statistically significant improvement
on at least one outcome (e.g., improved quality-of-life and promote fruit and veg-
etable consumption and decrease unhealthy snack intake), compared with control
groups. These interventions were either more effective or as effective as comparison
groups, or they were more effective than control groups without an intervention or
waiting lists. Other studies concluded some approaches as more effective or proven
effective when used in the context of health coaching for various health aspects (e.g.,

>Source: https://www.researchgate.net/profile/Ahmed_Fadhil4
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Fig. 3.7 Overall mapping of PSD — SDC - BT.

users are more engaged to train when their trainings are developed and remotely
supervised by a Human coach).

Effectiveness Criteria

The intervention led to statistically significant improvement on the majority of outcome measures.

High effective | The intervention was more effective or as effective as comparison groups.

The intervention was more effective than control groups without an intervention or waiting lists.

The intervention led to statistically significant improvement on the minority of outcome measures.

Low effective | The intervention was as effective or less effective than comparison groups.

The intervention was more effective than control groups without an intervention or waiting lists.

The intervention led to no statistically significant improvements on any of the outcome measures.

Ineffective
The intervention was no more effective than control groups without an intervention or waiting lists.

Table 3.5 Intervention effectiveness criteria measure.
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3.5 Discussion

Health coaching is a multidisciplinary concept and may integrate one or more
persuasive techniques or behavior theories to engage users into diverse health aspects.
We performed research analysis on the different PSD, BT and SDC patterns emerged
during our systematic analysis of interventions related to health coaching in different
health domains and for diverse demographics. More specifically, we study and report
on the design, technical and behavioral patterns that might emerge from checking
for PSD and BT in the systematic review. Our study confirms that different health
coaching patterns exist when analyzing the PSD principles, the SDC and the BT. The
findings showed that studies used some PSD principles more frequently than others
and focused on a specific SDC. In addition, the intervention studies mostly used few
behavior theories more frequently than others. The analysis revealed encouraging

results and motivates further research into the various health coaching patterns.

3.6 Persisting Challenges

Several limitations emerged during the systematic review. First, although the study
analyzed the most and least frequent PSD principles and BTs, we only focused on
the most frequently used once when performing the PSD-SDC-BT mapping. Second,
we focused on only studies that led to statistically significant improvement on at
least one outcome, compared with control groups. Other less significant studies
might provide interesting insights into health coaching patterns from the PSD and
BT perspectives. We acknowledge these as limitations for our study and invite future

researchers to further investigate these points.

3.7 Implications

Based on our review results, we provide the following implications:

* The majority of health coaching interventions with explicit involvement of per-
suasive technology are still lacking. Therefore, we encourage interdisciplinary
cooperation in this field.
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* When applying PSD principles in intervention studies, the underlying behavior
change theories/techniques should be reported explicitly. As system credibility
or social support in reviewed studies are rarely applied, it should be further

explored in future studies.

* Researchers of persuasive technology or PSD should further investigate the
health coaching patterns emerged from this study and investigate why certain

PSD principles are mostly used in a specific SDC stage.

3.8 Conclusion

In this chapter, we presented our systematic review on patterns in eHealth coaching
that involved PSD, SDC and BT applications and elements. This systematic review
is the first to examine the effective use of persuasive technology (namely, PSD
principles) in health coaching patterns. We showed the different PSD elements used
in a health intervention targeting a specific domain and demographics. In addition,
we checked the most frequently used behavior change theories/techniques in these
interventions and revealed the lack of theory-based intervention considerations
in the selected studies. The systematic review revealed that Tunneling (n=15%),
Personalization (n=16%), and Self-monitoring (n=18%) as the most frequently
used PSD elements, while the principles of system credibility support and social
support were seldom deployed. Most interventions targeted health promotion and
prevent progression to complications & re-admission stages. Finally, the TTM,
Fogg’s behavior model and MI were the most frequently used behavioral change
theories/techniques by most interventions.

More studies are expected to explicitly report the details following the PSD principles
to conclude powerful systematic review and meta-analysis. More theory-based
behavior change interventions using persuasive technology are required to enable
comprehensive meta-analysis. Longitudinal studies are also required to evaluate the
long-term effects of health coaching interventions using PSD principles. The key
findings identified in this study led us to the design of our health coaching platform.
In the following Chapter 4 we will discuss the design and implementation of our
coaching platform driven by the findings from this chapter and the literature review
in Chapter 2.



Chapter 4

CoachAl Platform

4.1 Introduction

We applied the lessons learned from the previous chapters on our health coaching
system. This chapter presents the design and implementation of CoachAl, a conver-
sational agent to assist the caregiver and provide follow up to users. We discuss the
approach to build the components of the platform. This consists of the coaching layer,
users classification, dialog engine, wearable data integration, and health intervention
delivery channel. This chapter makes the following contributions: (1) automate
repetitive tasks by predicting outcomes on data, (2) enhance human decision-making
by handling their tasks and providing insights about their users, and (3) present a
human-virtual agent mediated coaching approach. CoachAl is domain independent
and general in terms of architecture to integrate it into any domain falling into the
context of health promotion. We demonstrate how using human-virtual chatbot
mediated system to deliver health recommendations is a sound approach and can
provide tailored and social support to individuals.

4.2 Design Rationale

To answer the research questions posed in Chapter 1 and consider the findings from
the systematic review in Chapter 3, we defined the system design and architecture.
The application consisted of designing the Graphical User Interface (GUI) for the
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web application and the Conversational User Interface (CUI) for the chatbot. The
chatbot architecture design consists of the dialog engine which defines the interaction
between the user and the chatbot. This interaction consists of collecting user data,
tracking their activities and adherence. The chatbot provides notifications to users
whenever a plan is detected or a feedback is required. In addition, the bot provides
notifications about positive reinforcement wherever users reach a steps goal or a
distance. The data about user steps or distance are all aggregated from a wearable
tracker, if paired with CoachAl.

Several approaches are built betting users will do what they make them do, such
approaches fail to change user behaviors because they often ask users to learn new
routines and unfamiliar actions instead of making old routine easier. Our approach
leverages on familiar user routines and focuses on building the service inline with
their routine (e.g., daily messaging routine).

The dialog flow was initially structured as a decision tree including the necessary
topics the chatbot supports. This was achieved after the literature analysis on
building dialog models and existing approaches on designing for conversational user
interfaces. We then integrated the dialog structure into the Dialogflow platform!.
This was useful to test our conversation flow between the user and chatbot. However,
the Dialogflow suffered from falling outside the conversation context. Hence, we
switched to a finite state machine architecture and with the help of a healthcare
professional, we validated the dialog flow and the required user interactions to

provide them with tailored health activities.

4.2.1 Conceptual Model

The conceptual model was sketch after several iterations and rapid prototyping
and consists of more conversational features and automation in addition to user
monitoring and tracking. In Figure-4.1 we present the conceptual model of CoachAl
with all its components. The design process was agreed with a dietician who deals
with individuals with poor dietary conditions at a health ambulatory clinic. We
investigated various approaches applicable in the context of health promotion. Since
the platform performs specific tasks and expects certain results from the users, we

excluded defining a free style conversation and focused more on building specific

Thttps://dialogflow.com
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Fig. 4.1 CoachAl - Conceptual model.

context dialogs. Therefore, we focused on building the dialog-states and enriched it
with task-automation.

4.2.2 Coaching Layer

This refers to the two main layers forming the coaching layer in CoachAl, namely

coaching dashboard and the conversational agent.

Coaching Dashboard

This is the coaching panel to register and track users. It contains all users data about
their steps, activities performed, sleeping pattern, and their active and passive days
of the week. The dashboard allows the coach to assign initial tasks to the users
and check their adherence overtime. The tasks are formed by plans, with each plan
containing a set of activities. Moreover, the machine learning model helps the coach
to cluster new users into distinct groups. The assigned plans have an associated time,
performance validation, and adherence measure. The plan is assigned to the task
scheduler to perform the periodic plan assignment and feedback collection. User
data about steps, distances and sleeping pattern can optionally be aggregated from

a tracker wore by the user. This helps access more accurate data by the coach and
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ease the data logging by the user (see Figure-4.2 for the coaching portal). All the
data are aggregated by the chatbot operating inside the task scheduler. It is important
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Fig. 4.2 CoachAl - The coaching dashboard.

to consider the limitations of self-organized exercise training and diet management.
When individuals choose a health promotion plan, they often set high, unrealistic
goals due to inaccurate self-estimations and high motivation initially. Although they
tend to execute the plan, but later the probability of deviation from the plan in terms
of missed training units increases because it is difficult to keep up with the schedule.
At this point, a human coach might adapt the schedule according to observations and
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the feedback he/she receives from the subject. These adaptations might be in terms

of changing the difficulty of the training units, recommending different units or both.

Conversational Agent

The concept of conversational agents have already been applied to improve aspects
of user lifestyle, through face-to-face conversation, with an actual agent using speech
and hand gesture [106]. The conversational agent in CoachAl is based on text
conversation and simple graphical elements embedded into the conversation. Once
the user accesses the chatbot, they interact with the bot on specific topics defined
within the hierarchical finite state machine architecture. We gather data at this
step about user’s BMI, physical activity, diet and sleep. The chatbot performs two
separate phases, namely information gathering and feedback collection. All user
feedback are submitted to the coach, to notify them about user condition. The
chatbot tracks users adherence in general and categorizes them into three categories,
namely sedentary, mild or vigorous users. The coach is notified on the platform
in case of any user condition deteriorations. The user interacts with the chatbot
through a guided dialog structurally defined by the finite state machine. In Figure-

4.3 we provide an illustration of the user-chatbot interaction dialog. The chatbot
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Fig. 4.3 CoachAl - Chatbot agent interface.

handles tasks about activities assigned, user feedback to each activity, exercises,
coach messages, and health intervention questionnaires (see Figure-4.4 for excerpts
of coach-user interaction dialog). The dialog agent in CoachAl is based on a semi-
automated approach that divides the care delivery task between a human agent and
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a chatbot agent. More specifically, the platform assigns the activity definition and
assignment to the human agent, and handling activity notification and feedback
collection to the chatbot agent. This is important to ensure the activities are tailored
to individuals lifestyle and hence overcome the limitation of activity repetitiveness
that goes against user engagement. Finally, the research relied on conversational user
interface approach to solve user interaction problems from UX perspective. Instead
of relying on a natural language interaction, we focused with the current architecture

on a more dynamic user experience, driven by the dialog states structure.

4.2.3 User Classifier

We used a multi-class SVM classifier to separate new users into three distinct
groups based on their initial activity level. The dataset used to train the model was
anonymized user data provided by an ambulatory healthcare clinic. The dataset
consisted of real patients’ data (age range between 22-74, from both genders) and in
the form of health record. The data contained information about their demographics,
their dietary pattern, their health condition (if any), their health goal, to mention a few.
Based on the given data, we constructed a health questionnaire and collected data
from 375 participants. The overall dataset consisted of 25 features with dependent
(e.g., active or inactive individual) and independent variables (e.g., individuals’
age, work, daily sedentary time, how much physical activity they perform). The

independent variables cause a change in the dependent variables. The features used
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were mainly about user’s physical activity and sedentary lifestyle. We plot each data
item as a point in n-dimensional space (where n is the number of features) with the
value of each feature being the value of a particular coordinate. Then, we perform
classification by finding the hyper-plane that differentiates the three classes. Based
on users’ replies to the conversational agent questions they are categorized into three
distinct groups (namely, vigorous, mild, and sedentary users). The model considered
some significant features in the data to check for when classifying the users. We
used a category=3 and a response variable about the physical activity of a person.
The data randomly selected samples when split into train and test. The algorithm to
perform user clustering is highlighted in the Algorithm-1 code snippet below.

Algorithm 1: Initial user clustering.
1 userClustering (P,C)

inputs :P={p1,p2,...,pn}(set of users to be clustered)
2 K(number of clusters);
3 Maxlters(Limit of iteration);
output  :C={cy,c2,...,crJ(set of cluster centroids)
4 {L={l(p)| p=1,2,...,n} (set of cluster labels of P);
5 IH
6 foreach ¢; € C do
7 ‘ ci+ pi€EP;
8 end
9 foreach p; € P do
10 | U(pi) < argminDistance(p;,c;)j € {1,...k};
11 end
12 Changed < false;
13 Iter < O;
14 repeat;
15 foreach ¢; € C do
16 UpdateCluster (c;);
17 end
18 foreach p; € P do
19 minDist < argminDistance(pj,c;)j € 1,... k;
20 if minDist # [(p;) then
21 I(pi) < minDist;
22 Changed < true;
23 end
24 end
25 iter++;
26 Until Changed = true && iter Maxlters;

1. The algorithm defines initial user group centroids, which is achieved in differ-
ent strategies. A common approach is assigning random values for centroids
of all user groups. However, since lifestyle information provides a strong
predictor about users condition, before checking other features for the first
two clustering approaches, we rely on users adherence to assign user groups
centroid (heigh adherence and different adherence).
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2. This step assigns each user to a cluster with the closest centroid. To find
the cluster with similar centroid, the algorithm should calculate the distance

between all users and each centroid.

3. This step recalculates the values of the centroids. The value fields are updated,

by averaging the values of user’s attributes that are part of the cluster.

4. Repeat steps 2 and 3 iteratively until users groups are fixed and stable.

For a new user, we find the difference with the mean of the clusters and then the
closest cluster is chosen. To find the differences we use the lifestyle data and find
nearest Euclidean distance from each mean of previous clusters (see below Figure-

4.5 for an illustration of user classification). Other classification, such as classifying
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Fig. 4.5 CoachAlI - Initial user clustering.

users based on their dietary type and emotional state would be helpful for the coach
while building users plan. However, accessing users data was a limitation, and hence
we left this part for the future work. Finally, the motivation behind constructing
groups of participants based on their daily physical activity is twofold: First, we want
to explore identifying specific patterns in participants that could describe exercise
profiles of different individuals. Second, we aim to generalize to new participants and
tackle the issue of insufficient data to proceed. Profiling via clustering will facilitate
this goal, since assigning a new user to a group will allow providing feedback based
on their exercise profile. That said, the classifier can be a way to provide some

information about system users, but that is not enough to predict precisely their
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preferences. Collecting more user data will help the classifier provide pattern about

their preferences.

4.2.4 Tasks Scheduler

The scheduler is the mechanic that steers the dialog engine with all the tasks it
performs. The scheduler handles the state transition when the coach or the user are
interacting with the chatbot. This may include defining a plan with the duration and
duties and tracking the plan expiration date and user adherence to the plan. The task
scheduler also handles all sorts of notifications between the coaching platform and
the conversational agent. The scheduler notifies users when a plan has been assigned
and sends them the list with the duration. The scheduler provides the appropriate plan
and feedback notifications based on the time chosen for the notification. The periodic
tasks are handled with a time-based background job scheduler which handles all the
periodic events in the system.

4.2.5 Dialog Engine

The dialog is based on a structured finite state machine that offers the capabilities
to define the structure for a domain specific dialog model. Based on the defined
pattern, the state machine allows constructing conversation patterns about various
topics involved in the conversation (Figure-4.6 presents the skeleton of the finite
state machine). The finite state machine has unique states that guide the user through
a series of steps to achieve their daily goal. The states use the result of previous
states and its results are used by the next state. The choice of FSM or automata
over the similar approaches was because the number of user tasks are limited. We
followed a standard design pattern to structure the most relevant states for health
dialog models [107]. For instance, to exercise more or achieve healthy diet, there has
to be a finite set of steps a user has to fulfill to reach the end of the dialog. Hence,
the conversation is a composition of finite state machine based dialog that delivers
the services through a text based chatbot. The high-level dialog engine states are

defined as methods following the structure:

* request: the user text message request to the chatbot.

* reply: the chatbot message feedback to user.
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e go: trigger next state into the same machine, after fulfilling some conditions.
* return: close the dialog, returning to the caller dialog (main menu).

* call: call an external dialog or a sequence of dialogs. This includes switching
to another branch in the dialog.

The state transition happens when certain conditions are met. When the chatbot
is in the present state, the user is presented with the main functionalities the bot
can perform. The user has to select a button or type the functionality they wish to
perform to go to options. The option state provides users with information available
or asks them to provide their input. Based on user action, the state will take a certain
path, i.e., either feedback or suggest state. Unless the state condition is satisfied, the
chatbot will not allow the user to change the state. Once the conditions are satisfied,
the user can conclude the dialog and terminate the interaction.

4.2.6 Wearable Data Integration

Wearable integration provides automated data collection about steps, distances,
sleeping pattern, the active and passive days of the week and the days where the user
meets a steps or distance goal set by the coach. For example, if the coach sets 10,000
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steps a day for 3 days within a week, then the plan will be communicated to the user
through the bot. Whereas, the data about users steps per day will be automatically
aggregated from the wearable and presented on to the CoachAl platform. If the
user meets the goal set, the bot should trigger a notification and send a relevant
message to the user, and the opposite should also apply. Hence, the main purpose of
integrating the wearable is two folds: first aggregate steps and distance data without
asking users to manually log them. Second, collect other data about their active and
passive days and amount of sleep that deems relevant to the coach. In Figure-4.7 we
present pairing the wearable with CoachAl platform, where in #1 allows the coach
to pair the user with Fitbit tracker, in #2 the coach builds a health activity, in #3 the
coach decides the activity duration, type and amount, and in #4 the coach visualizes
user compliance to the activity as aggregated from their wearable tracker. Integrating
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Fig. 4.7 CoachAl - Tracker pairing, data tracking and visualization.

the wearable tracker is optional and should be treated as such. That said, if the user
has no tracker, then the chatbot should be able to handle assigning steps, distances
and other activities and later validate their application through feedback. In this
case, the user will get and communicate the activities through the chatbot channel by
conversing with the agent.

Whereas, in case of wearable integration, the CoachAl platform should allow the
coach to define steps and distance related activities directly and communicate them to
the user through the chatbot channel. The activity data are automatically aggregated
through the wearable device and later communicated to the coach. If the user meets
the daily or weekly goal, the data communicated to the platform will trigger a
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notification to the user that is communicated through the chatbot channel. This
notification consists of positive reinforcement and a summary of their steps data. In
the contrary, the platform will trigger a notification to notify the user through the
chatbot channel about their failure to adhere to the plan, then provide them with hints
on how to improve. The main topics the coach defines are related to diet and exercise,
which may consists of the steps and distance taken within a specified timeframe.
Therefore, we envisage the platform to behave as such in case of steps and distance
tracking with or without the wearable integration. In Figure-4.8 below we present
the graph data aggregated from the wearable tracker.

Once the integration and data flow is achieved, the next step is to work on the logical
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Fig. 4.8 CoachAl - Weekly report generated by Fitbit tracker.

layer of the application. The core tasks include presenting the Fitbit data on CoachAl
platform, defining the behavior of the system when a coach builds a steps or distance
related activity, then pushes it to the user and the mechanism to aggregate the data
from the wearable and check if the condition to achieve the goal has been fulfilled.
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The coaching platform should successfully trigger a notification and communicate it
to the user through the chatbot channel in either cases (when the user meets the goal
or when they fail to achieve the goal set). Finally, the coach can define the amount
of steps to be taken and the duration (e.g., daily or weekly). The Fitbit is the service
or data provider, whereas the CoachAl platform is the consumer of this data.

4.3 CoachAl High-level Architecture

Putting all components together we form the overall coaching platform that handles
physicians workload and provides tailored care to the user. In Figure-4.9 we show
the overall system architecture with all the components and actors highlighted. The
architecture consists of the coaching layer, the dialog engine, the user clustering
component, the conversational agent and wearable integration.

The current version of CoachAl supports only text and the bot would respond back
with either an appropriate message or provide some files to view. Hence this version
is not concerned with the aspects like ASR, speech recognition, speech to text, text
to speech etc. The chatbot maintains the conversation state and respond to the user
request by checking the FSM tasks and validating if the user has fulfilled them. Part
of this dialog state performs a supervised intent classification model that is trained
on varieties of user physical activity data. This classifier clusters users based on their

exercise level.
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4.3 CoachAl High-level Architecture
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4.3.1 Intervention Delivery

The platform classifies users into 3 distinct groups after the initial assessment. The
assessment also collects data about user dietary habits, physical activity, emotional
state, and more. These data help the coach build a plan and assign it to the user.
However, the coach can also deliver standard or customized interventions through
the platform. The intervention may consist of some follow-up dialogs with the user
or a structured questionnaire for the user to perform to evaluate their condition. The
questionnaire consists of a set of questions with their answers and a score for each
answer (see Figure-4.10 for a list of users with their overall health adherence). This
approach is based on the Kaiser Pyramid model of care (KP) [108]. The user answers
are scored and a total score is given for each user responses. The platform can deliver
any type of health and wellness interventions, such as cognitive behavioral therapy
(CBT) [109].
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Fig. 4.10 CoachAlI - Overall users adherence to health activities.

4.4 Conclusion

With rising costs of healthcare services, the current focus have shifted from health
treatment to health promotion. Healthcare chatbots currently seem to be a mix of

both patient-only (apps that help a patient track and make sense of health data) and
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patient-caregivers applications (apps that connect the two groups, for diagnosis or
treatment). This chapter discussed the refined approach of our coaching system that
mainly focuses on assessing the quality of the coaching delivered by a messaging
chatbot. We focused on the efficiency of intervention delivery by facilitating coaches
tasks and providing user follow up.

We presented the various components forming the CoachAl platform and their
integration to form a meaningful medium for the coach, the conversational agent,
and the user. In the same vein, we highlighted the value of a human-in-the-loop, that
helps avoid the shortcomings of pure agent-based control, affording an experience in
which the system responds appropriately to both technical and emotional needs (e.g.,
user preferences). We described one concrete instance of a text-based healthcare
chatbot (THCB) system that was designed to support the coach and provide users
with tailored activities. The results of the prototype preliminary evaluation (see
Chapter 5), the cohort and comparison studies (see Chapter 6), and the platform
testing and prospective intervention (see Chapter 7) will discuss the application

validation and the findings emerged from each experiment.



Chapter 5

Initial Prototype and Preliminary
Evaluation

5.1 Introduction

Several studies have tackled the issue of poor lifestyle and its health determinants
[110]. In this chapter we present the first prototype of our coaching application' [20]
for diet and physical activity promotion. We then discuss our findings from the three
weeks experimentation with elderly and highlight the lessons learned and persisting

challenges.

Initial Prototype

We test whether human and conversational agents mediated health coaching systems
are effective in maintaining user adherence to a healthy lifestyle. The main contri-
bution is introducing a conversational agent into the health coaching loop to handle
tasks and provide supports to both the caregiver and user. The developed bot follows
a rule-based reasoning and allows more than a user to interact with and provides

users activity to the coach on a web application.

Thttp://ict4g.org/coachme/
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5.2 Objectives

The application focuses on simple activities and follows "is able to do?" instead of
"have to do!" approach. We introduce a new interaction paradigm where caregiver-
user interact through the console. Based on common paradigm the coach provides
standard personalized model specific for each user. To achieve this, we introduce
the role of task-automation offered by the chatbot to fulfill specific users need, and

handle some tasks repeatedly carried by the coach.

5.3 Design Rationale

5.3.1 Chatbots and Users

Chatbots can be available around the clock to offer users access to all kinds of health
support including medication advice, test results, and tasks, such as scheduling an
appointment. Users could also experience a service similar to what an in-home
caregiver offers by using a post-discharge chatbot. By understanding users input the
bot can analyze and provide valuable insights to the coach.

Based on these rationales and the literature findings, we decided to build a simple
dialog interaction for the chatbot to make individuals interaction as smooth as
possible. Hence, the chatbot consisted of only two main functionalities, namely
"Daily Activity" & "Individual’s Feedback".

5.3.2 Chatbots and Caregiver

Caregiver refers to any person who is providing care and training to other individuals.
Although coaching in our context is targeting individuals health promotion, other
domains are also applicable, as long as a caregiver-user relation exists. The chatbot
can help deliver better care and the coach can interact with the bot to get the latest
information about users adherence. This includes details recollected before user’s
appointment. Ultimately, the chatbot aids the health coach in enhancing productivity
and enables them to respond to users quickly. For example, a coach can interact with
a diet chatbot to recommend the appropriate meal to their users. Users could also

engage with this chatbot to get instant information about their dietary choices.
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Based on the above assumption and the literature findings, we decided to develop
a dashboard for the coach to build plans and activities and order the bot to deliver

these plans and activities to the users.

5.3.3 User-Chatbot Interaction Design

The user-chatbot interaction was designed and structured based on the tasks assigned
by the coach and the dialog structure for the bot. The communication from/to the
chatbot is structured and follows a rule-based dialog. The users can interact with the
chatbot and all their performance is tracked and reported to the web application in
real-time. The dialog engine handles specific commands assigned by the coach or
collected from the users.

There are many hurdles to overcome when building dialog experience and flow
optimization. The challenge in building a bot is both technical and an issue of
user experience [111]. The chatbot interaction in the prototype was programmed to
perform repetitive tasks and hardly interact with the user in a free-style conversation.
In Figure-5.1 we provide an overview of the user interaction with the chatbot
agent. The figures: #1 provides the main dialog page, #2 introduces the user to
the bot functionalities, #3 presents the coach assigned health activities, and #4

reminds user about their compliance feedback. The chatbot enables a very targeted
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Fig. 5.1 CoachAlI - Chatbot application interface.

individual interaction and a very personal approach. The bot knows the user during
the interaction and on the other end the human agent can use this information and
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react dynamically. This offers personalized services to the user and proactively

approach them.

5.3.4 Coaching Dashboard

Having a human coach can enhance the personalization aspect in the health promo-
tion process. Unlike automated systems, real coaches can communicate the language
of the user. Existing automated coaching systems are still limited with respect to user
emotional states. Having a coach can provide more flexibility to better understand
users preferences and hence tailor the recommendation to their interest. The method-
ology focuses on positive reinforcement for future activities. The system feedback
is inserted via health expert who monitors users activities through a dashboard. In
Figure-5.2 we present the users profile on the coaching dashboard. This dashboard

contains users personal information and adherence to the activities. The compliance
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Fig. 5.2 CoachAl - Users profile.

can be visualized independently per user, as provided in Figure-5.3. The coach
inserts daily activities for the user and tracks their adherence through the chatbot.
Hence, with a human in the loop augmented with the chatbot, we aim to bring the

best of both approaches for the users.
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Fig. 5.3 CoachAlI - User adherence profile.
5.4 Conceptual Model

The design of CoachAl focused on building a sustainable user interaction with the
coaching application. The initial prototype was developed based on the findings from
Chapter 2 and Chapter 3 and our conceptual model both for the web and chatbot
framework. The conceptual model consisted of a coaching dashboard with users
profile, users activities, and their adherence data to a given activity. The coach-
user interaction is achieved through their interaction with the chat engine which
communicates with the Telegram Bot Platform?, where users personal data and
bot application are hosted. The user then interacts with the chatbot to access the
various activities assigned for them by the expert coach. In Figure-5.4 we show the
conceptual model of CoachAl platform with the web and chatbot application.

The conceptual model consists of the coaching portal, and the application architecture
that forms the CoachAl web application. This in turn communicates with the
Telegram bot platform to access and provide data to the users interacting with the
chatbot, hosted on their Telegram application.

Zhttps://core.telegram.org/bots
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5.4.1 Dialog Engine

The dialog consisted of building the services the platform is supposed to deliver
within the conversation. We had only three components in this prototype to em-
bed into the conversation, namely user activities, user feedbacks and the coach
recommendation. We mainly used rule-based reasoning to build the dialog for these
components and Telegram bot platform was used to handle the chatbot interaction.
The activities planned and assigned were later tuned by the coach to enhance their
personalization aspect. The chatbot is formed by a structured dialogue and design
elements. We used a chat scripting language to define the dialog engine structure?.
The dialog flow was simple and focused on defined rules to trigger the next conver-
sation.

All the possible responses of the bot are predefined and intended for a specific
purpose. The bot uses the message and context of conversation to select the respond
from a predefined list of messages. All the dialog data used to build the dialog
engine are based on research validated studies [73, 112, 113]. The output of this
research validated whether using bot for task management in user-coach interaction
as a substitute to an automated system will create a difference in adhering users to

follow a healthy lifestyle.

3https://github.com/bwilcox-1234/ChatScript
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5.4.2 Monitoring Layer

The majority of caregivers are already using messaging applications to communicate
with users. Integrating such system within a health application will provide quick
and timely follow-up with users. The coaching layer is intended to build a plan
formed by activities and forward it to users, then later notify users about the feedback
and collect their performance data. The process is monitored by a health coach to
effectively track all users condition. The functionalities in the coaching layer were
limited to providing activities, collecting user adherence data, and tracking their
performance. Being a prototype, the functionalities presented in this version focused
on achieving the minimum valuable product (MVP). This was decided to develop,
test and iterate quicker than focusing on building a more advanced system that might

take more time and will still require several iterations.

5.5 User Scenario

To better define the system architecture and components interaction, we illustrate a
use case scenario where the caregiver interacts with a patient: Sara is a caregiver
and works with many patients either by visiting them at home or at her clinical
ambulatory. Many of Sara’s patients are elderly and require regular care and
monitoring. Sara finds it hard to keep track of all the patients and perform similar
tasks repeatedly. In addition, most of her patients are with limited technical abilities,
although they use smartphone for simple operations, such as chatting or calling.
Since Sara deals with diverse user groups, understanding each individual needs is
another hurdle. For example, to provide daily physical exercise to elderly, Sara has
to check with each patient and define the activities to perform. However, she has
neither the time nor the resources to keep track of their adherence and progress. She
checks their performance by monthly appointments with each patient.

Sara starts using CoachAl tool to manage her care activities and enhance patient
tracking. She registers all the patients in the application and begins profiling them.
Sara is now more informed about her patients and can assign a set of activities to
more than a patient. The activities will be handled by the chatbot and Sara can
dedicate more time to patients in need. Meanwhile, the chatbot can handle the

activity assignment and patient adherence tracking, hence help Sara with her tasks.
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Preliminary Evaluation

We tested the prototype with real users at the ALMAC Association® for a duration of
3 weeks. The experiment consisted of 4 participants who used the chatbot application
and were provided with daily lifestyle promotion activities. The users were given
a notification by the bot at the end of the day to provide their compliance with the
activity. A researcher took the role of the coach, and provided clinically validated
diet and physical activity promotion plans to each of the participants [114, 1]. The
study tested whether introducing a human-virtual bot helps to adhere users to follow
a given activity. The outcome of the study was used to consider answering the
following research questions:

* Was bot inclusion effective in user-coach communication?

* Did the inclusion of bot promoted changes in user diet or increased their

exercise?

The questions were confirmed via a questionnaire with the users after the experimen-
tation was ended.

5.6 Hypothesis

This research aims to answer the most routine issues faced by users with low adher-
ence, including exercise, nutrition and sleeping pattern. With this experiment we
initially hypothesized that:

H1: Delivering health activities with the chatbot positively correlates with user

compliance.

H2: Assigning more tasks to the bot optimizes coaches task while providing efficient

services to the user

“http://www.almaconlus.it/
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5.7 Intervention Design

We followed the framework described by Laugwitz et al., [115] to evaluate user
experience through a questionnaire. The experiment evaluation was carried out by
two researchers and took place at the ALMAC Association for 3 weeks. All the
participants have had a previous cardiac conditions. The participants were given
instructions to familiarize them with the chatbot application and the purpose of the
experiment. They were then given access to the chatbot and each of the functionalities
were described by one of the experimenters. The experiment provided general
recommendations to promote lifestyle among the elderly familiar with smartphone.
The targeted group were above 55 years old with a sedentary lifestyle and low
adherence to healthy diet. Moreover, the activities were intended to measure the user
interaction with the bot and see if such approach outpaces mobile applications in

terms of user acceptance and ease of use.

5.7.1 Participants

The targeted group was formed by one female and three male with the age range
(=55 & <76) (see Table-5.1). No reimbursement was provided to the participants.
At the end of the instruction, participants were given a list to fill their information
and familiarity with the use of smartphone. The choice of elderly with previous
health condition was because we wanted to validate if chatbot system is effective to
adhere user with limited or no technology background. Moreover, participants had
access to smartphone that they used mostly to chat with or call their families. There
were however some associated limitations with the study. Since this was the initial
experiment and due to the difficulty to obtain a larger user base, we sticked to this
low user base to evaluate our prototype. Our primary target audience of the system
according to the Transtheoretical Model [116] would consist of people who are in
the action stage of change.

5.7.2 Experimental Design

The experiment measured user acceptance and the role of human coach powered
with the chatbot on adhering users to follow a healthy lifestyle. This is useful to
validate the features and improve them iteratively. Because the potential number
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Participants | Gender | Age Range
P1 Male > 65
P2 Male 65
P3 Male <65
P4 Female <65

Table 5.1 CoachAl experiment - Participants demographics.

of participants is low, we used a within-subjects design for the experiment. This
increases the chances of finding statistically significant results. The experiment
design focused on two phase survey questionnaires. The first phase tested users
technology awareness and familiarity with smartphone apps, specifically messaging
applications. Whereas, the second experiment measured and validated aspects of

participants interaction and the functionalities within the chatbot application.

5.7.3 Scale & Duration

The experiment scale was limited to the number of participants and the actual coach,
and the experiment duration. Participants had to have their smartphone to interact
with the chatbot and the coach had to have access to the web application to assign
plans and track performance. Overall, this allowed for a maximum of 4 participants
within a period of three weeks to describe the experiment, collect data and analyze
the UX findings. The experiment ran for 7 days of the week, so participants received

plans even during the weekend to follow and submit their adherence.

5.8 Activity Data

The coaching application records user’s dietary and physical activity data that is
received from the chatbot application. This data can be analyzed to possibly find
patterns or to corroborate or contradict answers given by the participants in the
interviews. A noticeable limitation with the system was the fully availability of
the physical coach for the initial experiment. Therefore, to convey with clinically
validated data, we used general health recommendation data provided by the world
health organization [114, 1]. We specifically referenced the Australian Dietary
Guidelines to achieve a healthy weight, be physically active and choose amounts
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of nutritious food and drinks (see Table-5.2 for a sample of the guidelines). The

A sample of the Australian Dietary Guidelines

Older people should eat nutritious foods and keep ex-
ercising to help maintain muscle strength and a healthy
weight.

Enjoy a wide variety of nutritious foods from the five
groups of food every day.

Plenty of vegetables, including different types and colors,
and legumes/beans.

Grain (cereal) foods, mostly wholegrain and/or high ce-
real fibre varieties, such as breads, noodles, polenta,
couscous, oats, quinoa and barley.

Lean meats and poultry, fish, eggs, tofu, nuts and seeds,
and legumes/beans.

Milk, yoghurt, cheese and/or their alternatives, mostly re-
duced fat (reduced fat milks are not suitable for children
under the age of 2 years).

Drink plenty of water.

Limit intake of foods high in saturated fat, such as
many biscuits, processed meats, crisps and other savory
snacks.

Limit intake of foods and drinks containing added salt.

Limit intake of foods and drinks containing added sugars
such as confectionary, sugar-sweetened soft drinks and
sports drinks.

Table 5.2 The guidelines to recommend activities [1].

activities are assigned by the coach and have a type (e.g., healthy diet or physical
activity), a duration (e.g., daily or weekly) and a description (e.g., activity task
description). The coach assigns the activities to the chatbot and an activity can be
reused to form different plans for diverse users. In Figure-5.5 we provide a sample

of the activities submitted to the participants
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Fig. 5.5 User performance on CoachAl web application.
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5.9 QOutcome Measures

5.9.1 Pre-Survey Results

The intake survey at the start of the experiment meant to collect some background
information about each participant. Participants were asked to fill in their age,
weight, height and gender. Additionally, they were asked to choose from a list of
options the situation regarding physical activity that most closely resembles their
own. This is to determine participant’s stage of change. Finally, participants are
asked to indicate how much experience they have in several categories relevant to the
experiment. These categories are: smartphones/PDAs, ECAs, human coaching, non-
interactive self-help products, digital coaching systems and activity measurement
systems. Participants were asked whether they are using smartphone and the purpose
of having a smartphone. The majority gave higher score for using the smartphone to
text messages (see Table-5.3 and Figure-5.6 for the pre-survey results).

Pre-Survey Results

(5 point scale, 1= not at all, 5= very much)

Questionnaires Pl | P2 | P3 | P4
1 use the phone to make calls 4 4 4 5
1 use the phone to make video calls 1 2 3 1
I use the phone to organize the calendar 5 3 3 1
1 use the phone to text messages (SMS) 4 3 3 1
L use the phone to text messages (whatsApp / Telegram) 4 4 5

Table 5.3 A sample of pre-survey results.

5.9.2 Post-Survey Results

This survey consisted of participants filling out about their experience with the appli-
cation. We used the User Experience Questionnaire (UEQ) model as described by
Laugwitz et al., [115] to evaluate user experience with the chatbot application and
measure aspects of their interaction with various functionalities and design elements.
Two researchers have distributed the questionnaires and defined the way to respond
by providing some example cases. One participant was not present the last day, and

we had to send him a digital copy of the questionnaire. The complete version of each
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Fig. 5.6 Pre-survey results.

of the surveys as presented to participants can be found in Appendix-A (in Italian).
Both questionnaires contain several standardized validated questions, to maximize re-
liability. Each questionnaire is directly related to one of the research questions posed
in Chapter 1. The UEQ contains 6 scales with 26 items. According to the framework,
among the scales, attractiveness is a pure valence dimension, whereas perspicuity,
efficiency and dependability are pragmatic quality aspects (goal-directed), while
stimulation and novelty are hedonic quality aspects (not goal-directed) [117]. This
usability questionnaire provides rough indicators for certain application features
[117]. The questionnaire uses a seven stage semantic differential to reduce the
well-known central tendency bias for such types of items. The final questionnaire
contains the scales attractiveness (six items), perspicuity, dependability, efficiency,
novelty and stimulation (four items each). We calculated the scale means from the

collected questionnaires.

5.9.3 Post-it Session Analysis

After the third week conclusion of the experiment, the two researchers performed a
post-it session and usability testing with the think aloud protocol. The post-it session
was to analyze aspects of the technology the participants liked/disliked and justify
their decision. Whereas, the think-aloud testing was to test the chatbot interface with
the users. The researchers asked the participants to think out loud, describe their
expectations and feelings about the experience. The two sessions analyzed users

experience and collected data about their experience through the post-it to check
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for evidence of usability issues and user preferences (see Table-5.4 for the users

response outcome from the post-it session).

Focus Group Analysis

What I Like What I don’t Like

Get in contact with the coach Sometimes the app did not respond

Good performance The task arrived late

The mobile is always with you | Messages not always clear

Speed (of interaction) Lack of notifications
Simple interaction Lack of communication between peers
Graphic More interaction between coach and the users

Table 5.4 Post-it session analysis.

User Experience

Participants were asked to indicate (on a scale 1 - 7) which of the two adjectives they
feel more appropriately describes the system, and how strongly they feel about it.
Where #1 stands for very strong association with the first adjective and #7 represents
feelings that are less strong, and whereas #4 meaning both adjectives are equally
applicable (middle score).

Because this test has a strong psychological characteristics, participants are asked
not to spend a lot of time thinking about their answers, but rather to choose to give
their responses based on their initial feelings and instincts. Participants are also
asked to give an answer on each of the adjective pairs, even if they intellectually
feel that neither of the adjectives apply to the system. In these cases their (possibly
subconscious) evaluations may still be valuable. A number of the adjective pairs
were reversed, so that there isn’t a "positive" and a "negative" column. This is to get
participants to interpret the concepts properly, and avoid acquiescence bias.

We distributed 15 questions to analyze usability, acceptability, and design scales of
the applications. The scales considered 15 dimensions within the data. Usability
considered the perceived efficacy, perceived efficiency, pleasantness of use, ease
of use, learnability, memorability dimensions of the app, whereas acceptability
considered the comprehension, fun, daily usage, social, similarity, future usage,
familiarity, and utility. Finally, the design scale considered the emoji dimension in
the application.

The user experience questionnaire scoring was used to estimate to which properties
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of the application are users particularly responsive. That said, the questionnaire helps
estimate which feelings or attitudes of users are caused by the application and what
are the typical reactions of users during or after usability studies. In Figure-5.7 we
show the UEQ Scales and participants scale ratings. The interview outline focused
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Fig. 5.7 The UEQ scales and participants scale ratings.

on analyzing habits and technology use in everyday engagement adherence. After
the first week of using the CoachAl application, we analyzed the use of notification
and reminders. The evaluation dimensions focused on the usability, acceptability,
ethics and unobtrusiveness aspects of the interaction. In Table-5.5 we highlight the

evaluation dimensions and users review relevant to each one. e

Evaluation dimensions
The coaching service allows me to improve my lifestyle
The commitment I am asked for by the coaching service seems proportionate to me

Usability I learned to use the app easily
I can easily remember how to use the app
e I am happy to use the coaching service
Acceptability I understand what is needed and how the coaching service works
Ethics I believe privacy and the protection of my private life are guaranteed by the app

I trust in the coaching service

I think the number of notifications is proportionate to the activity
Unobtrusiveness | Responding to notifications does not take me too long
Responding to notifications does not obstruct my daily activity

Table 5.5 Evaluation dimensions and users review.
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5.10 Results

The UEQ does not produce an overall score for the user experience. The values
for the single items are listed to allow detecting outliers in the evaluations. If an
item shows big deviations to the evaluations of the other items of the same scale
this can be a hint that the item is misinterpreted by a higher number of participants.
Values between -0.8 and 0.8 represent a neutral evaluation of the corresponding scale,
values > 0.8 represent a positive evaluation and values < -0.8 represent a negative
evaluation. The range of the scales is between -3 (horribly bad) and 43 (extremely
good). It is due to the calculation of means over a range of different persons with
different opinions and answer tendencies, for example the avoidance of extreme
answer categories, extremely unlikely to observe values above +2 or below -2 (see
Table-5.6 for the UEQ results).

The focus group analysis performed after the experimentation with the post-it session
helped us to analyze users review and extract meaningful insights about what they
liked/disliked about the interaction, design and functionalities within the application.
We summarized the participants percussiveness, the features and participants posts
result in Figure-5.8 obtained from the post-it session. This session provided useful
insights on how participants perceived a feature and design element of interaction
pattern in the chatbot application.

The users showed general impression with the system in contexts related coaching,
application portability, design and interaction. Most participants perceived the
availability of human coaching as positive in tracking their condition, as in: "It is
easy to contact the coach”. The application portability was also perceived as positive
by users. The portability referred mainly to having the chatbot in the messaging
application or smartphone, as in: "Having the chatbot in your messaging application
is comfortable”. The interaction feature referenced by users was mainly about the
performance and simplicity, as in: "It is simple to use and interact with". Finally, the
design aspect perceived positively was about the chatbot graphics, which includes
the buttons and emojis used throughout the interaction within the chatbot dialogue.
However, the practical problems experienced varied from technical to interaction
issues. For example, users highlighted connection problems, app not being accessible
throughout the interaction, as in: "Sometimes the bot did not respond!". Whereas, the
interaction issues were about the lack of a desired feature, such as users community,

as in: "Lack of communication between peers".
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The findings have shown that the usability and acceptability were the highly rated
scales among all the scales. The mean score for Usability=6.5 and Acceptability=5.7.
The scale and dimension(SD) for both were Usability=0.4, Acceptability=0.7. Table-
5.7 and Figure-5.9 show the usability and acceptability average for all participants.

Across the experiment, there was strong support for hypothesis H1; delivering

Mean Score | SD
Usability 6.5 0.4
Acceptability 57 0.7

Table 5.7 The usability and acceptability Mean and SD.
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Fig. 5.9 The usability and acceptability score.

health activities with the chatbot positively correlates with user compliance. The
research concluded that delivering the health activities with the chatbot was perceived
positively by the participants. However, there was little or no support for hypothesis
H2; assigning more tasks to the bot did not show any coach task optimization while

providing services to the user.

5.11 Persisting Challenges

The challenges obtained from the design and preliminary evaluation revealed limi-
tations in terms of robust dialogue system that can provide more flexibilities when

interacting with the user. This is still limited even with advanced systems where
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they use machine learning or neural network techniques, such as Recurrent Neural
Network (RNN) which suffers from falling outside the conversation context [118].

Existing chatbot platforms are still limited with respect to the rich CUI to build
interactive chatbots. The challenge associated with CoachAl prototype is creating a
sustainable interaction between the users and the coach. Another limitation is related
to data logging, which is often a tedious process for the user. In addition, triggering
users to reuse the tool is essential for the success of the bot. Therefore, we have
decided to implement the bot into a mobile device and enrich it with notifications,
and automate aspects of data logging while keeping the interaction minimum. Based
on the above results, some technical and design improvements needed to be taken

into consideration.

5.12 Conclusion

In this chapter, we discussed the general dietary and physical activity recommen-
dations used in CoachAl prototype experimentation with elderly participants who
had previous cardiac conditions. The chapter presented the prototype design and
implementation and the conclusions derived from the user experiment. We started by
discussing original research questions, then the execution of experimental process
from discussing the application, executing the experimentation, and analyzing the
findings. We performed a pre-experiment questionnaire with participants about
their general knowledge on technology and using messaging applications. We then
performed a post-it session and post-experiment questionnaire to analyze their expe-
rience with the chatbot and gather some data for the post-analysis. The suggestions
and recommendations regarding the experiment were used in the iterative refinement
of the application. Participants have revealed the features they liked and disliked
within the app, which was useful to readopt the current version for user’s needs.
We concluded that using a chatbot to provide general dietary and physical activity
recommendations to elderly is a sound approach. Future data analysis will validate
if such approach is effective in providing long-term coaching support to promote

individuals’ overall lifestyle and health condition.

This work was partially supported by the Associazione Per La Lotta Alle
Malattie Cardiovascolari. We thank all the participants and the caregivers

who supported this study.
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Chapter 6

Second Prototype and Feature
Refinement

6.1 Introduction

The renaissance in conversational user interfaces is evident in many domains to help
handle tasks, support users and accomplish goals. In this chapter we discuss two
distinct studies and experimentations related to CoachAl dialog comparison and flow.
We begin by discussing the domain specific chatbot dialog comparison with/out
emojis. We then discuss the CoachAl dialog state transition and task completion.
We describe the process along with relevant information about the experiments. We

conclude by presenting the results of and implications from each study.

Chatbot Dialog - Cohort Study

Dialog systems and conversational agents can bring a lot into healthcare to reduce
cost, increase efficiency and provide continuing care, albeit its infancy and com-
plexity with regard to building natural dialogs. However, the design guidelines to
design dialogs for conversational agents are usually based on common knowledge,
and less frequently on empirical evidence. For example, the use of emojis in con-
versational agent dialogs is still a debated issue, and the added value of including

such graphical elements is mainly anecdotal. In this work, we present an empirical
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study comparing users feedback when interacting with chatbot applications that use
different dialog styles, i.e., plain text or text with emojis, when asking different
health related questions. We believe this work can contribute to the research on
integrating conversational agents in the health and wellbeing context and can serve as

a guidance in the design and development of interfaces for text-based dialog systems.

6.2 Objectives

Our objective is to discuss the effect of communication style of a conversational
system architecture in the context of health and wellness. We particularly focus on
the role of emoji in textual conversational agents for physical activity and mental
wellness data gathering. For that, we will describe our system and the result of a
user study with 58 participants. The study consisted of two chatbot versions, namely
emoji based dialog and plain text dialog, to converse with users about their physical
activity and mental wellbeing. We hypothesized that using emojis will benefit the
most to conversational dialog where user emotion and empathy are relevant, such
as mental wellness. Whereas, it is less relevant to conversation dialog intended
for physical activity data collection. Regardless, emojis could make the generated
replies more anthropomorphic and interesting, which might enhance user experience

with the dialog system.

6.3 Study Design

This study compares interactions with chatbot conversational agents used to collect
information on two different types of personal health data: mental and physical well-
being. While mental wellbeing is usually evaluated with questions on the person’s
emotional, affective and cognitive status (e.g., "How are you feeling now?"), physical
activity is assessed through objective and factual information (e.g., "How many steps
did you take today?"). In order to recreate these two conditions in the experimental
study, we developed two different dialogs based on two widely used questionnaires
created to assess wellbeing in general population: the General Health Questionnaire
- GHQ [119] and the Global Physical Activity Questionnaire - GPAQ [120].

The GHQ is a screening questionnaire for identifying minor psychiatric disorders in
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the general population, including non-clinical population [119]. The GHQ comprises
12 items with a four-point Likert response scale. The GPAQ is a questionnaire devel-
oped by the World Health Organization for monitoring physical activity measuring
sedentary and active behavior in different contexts (daily routine, work and leisure
time) [120]. GPAQ originally includes 16 items, but only 12 of them were used in
this study in order to match the length of the two dialogs.

Both questionnaires were used as bases for creating two comparable chatbot dialogs,
and for each dialog a plain text and an emoji version were created (see Figure-6.1 for
a visual view of the different chatbot interfaces and Table 6.1 for excerpts from the
different dialogs). The plain text version displayed the questions in textual format.
For the emoji version, emojis were inserted at the end of each sentence as decorations
[121] . In assigning the emojis, we considered the main concept expressed in the
question and inserted a related emoji at the end of the sentence. Emojis were also
displayed on the response options, providing some variations (see Table 6.1 for the
two examples). The emojis did not replace any text and were only added at the end
of each question and answer option. The questions were indeed the same in the two

dialogs, the difference was in the presence/absence of the emojis. The Figure-6.1
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Fig. 6.1 An interface view of the four bot versions. From left to right (1) Physical wellbeing
with emojis (2) Physical wellbeing with plain text (3) Mental wellbeing with emojis (4)
Mental wellbeing with plain text.

provides a visual comparison for each of the four different chatbots. (1) Physical
wellbeing with emojis is asking the user whether their work requires intense effort or
mostly sitting, (2) Physical wellbeing with plain text performs the same dialog but
only with plain text, (3) Mental wellbeing with emojis is asking if the user is able to
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focus on their task while working, and (4) Mental wellbeing with plain text performs

the same dialog, but with plain text.

Source

Emoji example

Plain text example

Mental Wellbeing - GHQ

Have you recently lost much sleep
over worry? k=

* More than usual %

o Asusual &

« Less than usual %

* I prefer not to answer %

Have you recently felt constantly under
strain?

¢ More than usual

* Asusual

* Less than usual

* I prefer not to answer

Physical Wellbeing - GPAQ

Do you walk or use a bicycle to get to
and from places? &

Does your work involve vigorous-
intensity activity that causes large in-

creases in breathing or heart rate?

e Very often &
e Very often
« Sometimes 3%

* Rarely D

¢ Sometimes

* Rarely

« 1 prefer not to answer ©
* I prefer not to answer

Table 6.1 Examples from the two dialogs used in the study.

6.3.1 Participants and Experimental Design

The study involved 58 participants randomly assigned to one of the two conditions.
The two conditions are consistent with the 2x2 design, with topic of the dialog
domain (physical vs. mental wellbeing) and style of communication (with emoji
vs. text only) as independent variables. All participants interacted with both dialog
systems (physical and mental information), one was characterized by the use of
the emoji in the dialog and one with plain text. The order of the presentation was
counterbalanced across participants.

The overall sample consisted of 28 male and 30 female participants. Their age ranged
from 18 to 60 years old (M= 29.9, SD= 11.9). Half of the participants responded to
the mental wellbeing dialog enriched with emojis and the physical wellbeing dialog
in plain text (Group A), while for the other half the combination of type of dialog
and style of communication was inverted (Group B). The two groups did not differ
in terms of age, level of self-confidence, trust propensity and emoji familiarity (all

tested with the Mann-Whitney nonparametric test) (see Table-6.2).
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Group A Group B Comparison
Emoji enriched

Mental wellbeing (GHQ) Physical wellbeing (GPAQ)
dialog
Plain text

Physical wellbeing (GPAQ) Mental wellbeing (GHQ)
dialog
Gender F=15,M=14 F=15,M=14
Age 29.9 (12.8) 29.8 (11.1) Z=-0.6; p=.55
Self-confidence 3.9 (0.8) 3.9 (0.9) Z=-0.01; p=.93
Trust propensity 3.7(0.9) 3.4 (0.7) Z=-0.9; p=.33
Familiarity with

4.3 (1.3) 4.2 (1.5) Z=-1.2;p=.90
emojis

Table 6.2 Characteristics and descriptive statistics for the experimental groups. The Mann-
Whitney test was used to test for differences between the two groups.

6.3.2 Chatbot Dialog

The dialog architecture was structured using ChatScript dialog engine'. ChatScript
is a rule-based engine, where rules are created in program scripts through a process
called dialog flow scripting. It uses a scripting metalanguage as their source code.
We defined the bot’s dialog flows with a script stored as a normal text file. Topics
are contained in specific files. For example, the ~exercise topic code is contained
in exercises.top file. Writing the scripts as a text files gave us full control over the
dialog flows. The whole procedure took about 20 min, with an average time of 4

minutes of interaction per dialog. Here what a ChatScript scripting file looks like:
s: (1 like jugging )
Are you a fan of outdoor jugging?
a: (~yes)
Wow me too Ahmed. Did you try doing it this week?
& b: ( ~no ) Ok no problem. What about we organize a session?.
i b: ( ~yes ) You probably are already active...
a: ( ~no ) What exercises do you like?
& b: Yoga and meditation.
&3 b: None, I don’t exercise...

6.3.3 Procedure

After the welcoming and the instructions on how to perform the testing, participants
were asked to respond to the questionnaire for measuring individual self-confidence

and trust. After completing the questionnaire, participants started the first dialog

Thttps://github.com/bwilcox-1234/ChatScript
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with the chatbot using the Telegram desktop application. We chose the desktop
version of Telegram to make using the chatbot as easy as possible and display it on a
computer screen rather than a small smartphone screen. Conversational agents in
health domain can directly initiate the conversation (system-initiated) [122], let the
user to initiate the conversation (patient-initiated) [122, 123], or provide a mixture
of the two (mixed-initiative) [122]. All the chatbots dialog in our study followed a
user oriented dialogs (user-initiated): users triggered all the contents and the dialog
content changed based on their selected options. At the end of each interaction
participants completed a questionnaire for estimating engagement, attitude and
confidence in the conversational agent. After the last interaction, participants were

asked to answer the questions comparing the experience with the two dialogs.

6.3.4 Measures

The measures consisted in a questionnaire for assessing individual self-confidence
and trust, and for estimating engagement, attitude and confidence in the chatbot.
Finally, participants were asked to answer few questions comparing the experience
with the two dialogs.

Individual self-disclosure and trust propensity. Self-disclosure and trust propensity
measures were collected to control for differences between groups of participants in
revealing information about themselves to the conversational agent. Self-disclosure
has been defined as the propensity of an individual to communicate information
about him/herself to another one [124]. Self-disclosure was measured using three
dimensions of the Wheeless’s scale [125]. Specifically, the three dimensions of
self-disclosure were measured using a 6-point scale for each, namely: (i) amount of
disclosure, (ii) positive/negative nature of disclosure, and (iii) honesty of disclosure.
Moreover, four items from the Mayer and Davis’s Trust Propensity Scale [126] were
used to measure dispositional trust. For both self-confidence and trust propensity,
scale values were calculated as the average of the items.

Familiarity with emojis. Three items, rated on a 6-point scale, were used to assess
participants’ familiarity with the use of emojis. The items were: i) I like to read text
with emojis; i1) I use emoji in chatting apps such as Telegram and Whatsapp; iii1) [
think emojis enrich the communication. Also these items were used to control for
differences between the groups.

Interaction experience: enjoyment, attitude and confidence. The interaction was eval-
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uated using three scales, i.e. engagement, attitude and confidence, each composed
of four items with a 6-point Likert rating scale (from "strongly agree" to "strongly
disagree"). The items used in the scales were adapted from [127]. The enjoyment
scale comprises items related to the enjoyment and entertainment in the interaction.
The attitude scale measures user’s attitude towards the dialog and the interaction
with the agent. Lastly, the confidence scale evaluates user perception of the privacy
and intrusiveness of the questions in the dialog. Items and scale reliability scores are
reported in Table 6.3.

Dialog comparison. Three items, rated on a 6-point scale (from "strongly agree" to

Scale Item
Enjoyment I enjoyed chatting with the conversational agent during the inter-
a= .91 action

I felt comfortable answering the questions

The more I interacted with the agent, the more I liked the expe-
rience

I would like to chat again with this conversational agent in the

future
Attitude I found a kind of "emotional connection" between myself and
a=.87 the conversational agent

I found the dialog with the conversational agent to be realistic

I noticed a negative emotional change in myself during the inter-
action *

I found the dialog to be coherent. In other words, the sequence
of responses of the conversational partner made sense

Confidence The agent asked very personal
a=.77 questions *

I trust the conversational agent

I found the questions to be very intrusive *

I answered the questions with honesty
Table 6.3 Scales and items used in the questionnaire. Items followed by an asterisk were
inverted for the analysis. Cronbach’s alphas are reported for each scale.

"strongly disagree"), were asked immediately following the last questionnaire for
comparing participants’ experience with the two dialogs. The sentences were: i) The
two dialogs were identical; ii) I liked more the dialog with the emojis; iii) The dialog

without emojis was easier to read.
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6.4 Results

Data was analyzed through a mixed-design ANOVA model, with "communication
style" (emoji vs. plain-text) as within-subject factor and "experimental group" (group
A vs. group B) as between-subject factor. The difference between the two groups
was that in the former participants saw the mental wellbeing dialog with the emoji
and the physical wellbeing dialog in plain text, while in the latter the conditions
were inverted. Regarding the interaction experience, descriptive measures from the
three scales are reported in Table-6.4. The ANOVA found a significant effect of the

Dimension Mental wellbeing Physical wellbeing
Emoji Text Emoji Text
Enjoyment 4.7(1.1) 41(14) 42(1.3) 4.8 (1.0)
Attitude 4.0 (0.9) 3.4(1.3) 3.5(1.2) 4.0 (0.7)
Confidence 4.6 (0.8) 4.2 (1.0 4.7 (0.8) 5.0(0.8)

Table 6.4 Questionnaire results for the interaction experience. Average values (SDs in
parentheses)

between subject factor for all the three scales. When participants had to score the
mental wellbeing dialog with emoji and the physical wellbeing dialog with plain
text, they assigned higher scores for both enjoyment (F(1,56)= 4.4; p<.05), attitude
(F(1,56)=4.2; p<.05) and confidence (F(1,56)= 8.9; p<.01). Moreover, a significant
interaction between factors has been observed specifically for the confidence scales
(F(1,56)=21.44; p<.01). This effect indicates that the profile of confidence ratings
when the dialog had emojis or plain text where different depending on the type of
dialog. Post-hoc analysis revealed that the confidence for the dialog with emojis were
similar between physical and mental wellbeing, however, compared with the plain
text version, the scores increased for the physical wellbeing dialog and decreased for
the mental wellbeing (see Figure-6.2).

Regarding the items comparing the two dialogs, the ANOVA found a difference only
on the third item of the scale. Both groups noticed a difference in the two dialogs
and tended to prefer the dialog with emojis. However, group A found the dialog
without emojis easier to read compared to group B (F(1,56)= 4.36, p<.05).
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Confidence in the chatbot

527 Dialogue
O Mental wellbeing
O Physical wellbeing
Exp. Group
====-GroupA
Group B
4.0-
- 1
Emoji Text
© T

Communication style

Fig. 6.2 Scores for the "confidence" scale.

6.4.1 Interaction Time Analysis

In order to assess possible differences in the time taken to interact with the dialog
systems, we ran a mixed-design ANOVA on interaction time (time taken to complete
the two dialogs measured in seconds, see Table 6.5). The analysis suggested no
differences in interaction time between the two communication styles (F(1,56)=
1.68; p> .05). There was a significant effect of the between subject factor (F(1,56)=
13.57; p< .01), showing that group A required more time (M= 365 sec, SD=105) to
complete the two dialogs with respect to group B (M=206 sec, SD=102). A possible
explanation is that when users are engaged in the conversation, and have a positive
attitude and high confidence toward the chatbot, as in the group A, they spent more
time interacting with the agent.

Mental wellbeing Physical wellbeing
Emoji Text Emoji Text
Time 383 (217) 190 (71) 223 (134) 346 (134)

Table 6.5 Average time taken to complete the dialogs (in seconds)



6.5 Discussion 81

6.5 Discussion

The result of the study showed how the use of emoji can influence user experience
with chatbot applications for health information tracking. The findings point out
that emojis can benefit enjoyment, attitude and confidence with the conversational
agent when the dialog is around emotional and personal topics, such as mental
wellbeing, while it might hinder the conversation experience when the agent asks
questions about objectives and factual information, such as physical activity. This
effect is noticeable for the confidence scale: participants were confident in sharing
information with the agent about their mental wellbeing when the dialog included
emojis, while they were less confident when the dialog was in plain text only. The
effect was inverted for the dialog about physical wellbeing, with a decrease in
confidence when the emoji were used. Our findings suggest that the use of emojis in
some health context might be a promising strategy to influence user’s engagement,
as it was also observed in other studies on health text message intervention [128].
These findings might guide practitioners in designing chatbot dialogs and interfaces,
providing indications on whether to include emojis in the communication for health
intervention.

Chatbot services might benefit from having a nuanced understanding of emotional
content in text represented by emojis and it would be interesting to replicate this
research to test a chatbot integrating an Al-based emoji generator (e.g., using a deep
learning approach). Another interesting aspect for future research is to improve the
personalization within chatbots by creating a user model, before the user actually
interacts with the chatbot (e.g., the user could fill in a personality questionnaire, such
that the chatbot adapts to the user). This includes analyzing how users will perceive
the use of self-prepared sets of emojis that resembles their emotion. Moreover, there
are many health issues that could have their own emoji representation to graphically
express ideas and feelings about the context. We found several studies [129, 130]
analyzing the use of emojis to express feelings in e-health applications. However,
there were no empirical studies that provided a mapping of emojis to a specific
health domain, or particularly health dialogs. Future work will explore methods
to incorporate emojis into specific health oriented dialog models (e.g., for diet
management, and physical or mental wellness).
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6.6 Persisting Challenges

The study has also some limitations worth noting. The dialog with the conversational
agents was mainly based on questions and answers. We can hypothesize that different
effects of the use of emoji might emerge with different types of interactions (for
example, information retrieval or command execution). This work focused on a
specific application context, the health domain, that covers personal and private
aspects of a person’s life. We can expect that the effect of emojis might vary with
respect to different contexts and settings. The current work explored the use of emojis
with a decorative use, while different patterns of use (e.g., stand-in or reaction use of
emojis) might yield different results. Lastly, while there were no significant statistical
differences regarding the age of the two experimental groups, most of the participants
(76%) were less than 30 years and were young adults. These considerations may

constrain the generalization of the results to different user population.

CoachAlI - Dialog State Comparison

The purpose of this section is to compare the dialog structure and task processing of
CoachAI with two distinct chatbots, namely Woebot? and Lark®. Where the former
is a chatbot for mental wellness and cognitive therapy and the later is a chatbot to
track individuals overall health and lifestyle. We tested only the free version of the
applications. Each of CoachAl and the other two chatbots follow a distinct approach
to track aspects of individuals health and provide them with the feedback to help

improve their condition.

6.7 Methodology

We conducted a comprehensive review of quality attributes for each of the chatbots
and identified appropriate quality approaches. The comparison consisted of in-
person user testing to perform a conversation with each of the chatbots on the topic

they support. However, since CoachAl is general in terms of topic focus, the user

Zhttps://woebot.io/
3https://www.web.lark.com/
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performed both mental wellness and physical activity conversation in the chatbot.
The features extracted from each of the chatbots were listed and compared among
all the three chatbots (see Table-6.6 for the various features found in each of the
chatbots). The selected two chatbots were based on two criteria. First, their focus on
an aspect of health coaching and second their focus on lifestyle promotion, rather

than disease condition management.

Features

CoachAI Woebot Lark
NLP Task-oriented Slot-based Task-oriented
Initial Profiling v v -
Dialog Structure (Matching tech- Finite State Machine (FSM) Deep Learning Slot filling
nique)
Conversation Dead-ends - v -
Emotional Intelligence - v v
Conversation Flow Linear Non-linear Linear
Chatbot Personality v v v
User Content Personalisation v - -
User Condition Tracking v v v
Dialog Focus Lifestyle Coaching Virtual Therapist Lifestyle Coaching
Coaching Approach Semi-automated (Human + Bot) Automated (Bot) Automated (Bot)
Corpus(knowledge-base) Coach defined CBT related corpus Coach defined
Application Type Lifestyle Coach Health Assistance Lifestyle Coach
Conversation Type (Coach-User) 1-many 1-1 1-1
Dialog Model Retrieval-based model, Deep learning model | Pattern-based heuristics

Table 6.6 Chatbots feature comparison.

6.8 Evaluation

We compared the dialog output of CoachAl with the Woebot for cognitive behavioral
therapy (CBT) and Lark for physical activity and diet promotion. We discovered
each of the chatbots focus on providing health coaching at a different stage of either
the CBT (CoachAI and Woebot), and physical activity and diet promotion (CoachAl
and Lark) (see Figure-6.3). To measure various aspects of the chatbots dialog, the
participant had to converse with the bots about irrelevant context. However, this
was not possible with Lark since it is strictly button oriented dialog. The study
investigated the dialog initiation (by user or the bot), whether the dialog is linear or
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not, and whether it is text-based, button-based or both.

The evaluation consisted of the elements that form a chatbot dialog based on the
approach followed to develop it. Our study indicates that although all the chatbots are
focused on achieving the same goal, health and wellness promotion, the comparison
show that the chatbots vary in many points based on their design, the dialog engine,
the platform and the overall system architecture. From Table-6.6 and Figure-6.3

EEEEEE Coaching Intervention --.

1 -
Before During » after

CoachAl
Cognitive Behavioural Therapy with

Woebot

Woebot CoachAl

Before During After

CoachAl @ @
Physical Activity & Diet Tracking with

Lark
CoachAl

User interaction and data collection

Fig. 6.3 Coaching intervention focus of each chatbot.

we see the differences between the three chatbot applications. Some differences
are related to the approach, the design or the implementation and platform choice.
Although the pros and cons of each approach, however we can not conclude which
approach is better in terms of tasks handling and sustaining user engagement. This is
due to the short evaluation of each application and to provide conclusions on which
system is better in an aspect rather than an other, a long-term randomized clinical
trial (RCT) is needed. That said, we highlight some interesting distinctions found in
each application after we tracked the dialog flow for each one.

6.8.1 Initial User Profiling

Based on the dialog flow analysis, we found CoachAl and Woebot to perform initial
user profiling to either collecting information or perform initial analysis of their
condition. For example, CoachAl performs initial data collection to analyze each user
and perform clustering on them based on their physical activity level. In Figure-6.4
we show the three chatbots with their initial information gathering.

Lark
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Wi 3ITA = 15113 5 91% ()

CoachAl
< Chats bot @
/ Physical activity

Which questionnaire you
wanttodo fy

Mental Wellness 1.1,

How often did you feel stressed
in the last 30 days?
15:12

@ 9
Never Ver rare
Sometimes Most times

Always Reply later
(a) CoachAL

Fig. 6.4 Initial user profiling by each of the chatbots.

lI3ITA = 14:22 <7 100% (=)
Skip
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reducing
stress?
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Q Somewhat
O Not at all

(b) Woebot.

6.8.2 Interaction Feedback

Wl 31TA = 15:01 5 94% ()

@ Lark m

Would you like me to
include data from your iOS
Health app in my analysis?

The more you share, the
smarter I'll be.

Health

*

All three chatbot systems provide feedback on users interaction. This is either based

on their interaction with the application and the feedback they provide on aspects
of their health (e.g., Woebot), or it is about their adherence to the activity assigned

and their level of compliance to these activities (e.g., CoachAl), or it is to provide

various visualization on their level of physical activity, sleeping pattern and dietary
compliance, either gathered from the smartphone or provided by the user on daily
bases (e.g., Lark). Figure-6.5 illustrates the interaction feedback by the chatbots.

Wil 3ITA = 15:16 < 90% ()
CoachAl
< chats bot L 4

Ahmed, | am sending you
the document with all the
details about your activity..
.3

Piano di Fa...Ahmed.pdf
167 KB o

Talk to you later... () 56

@ ® 0

+/ Activities ) Feedback

~4 Messages @ Exercises

- Questionnaires

(a) CoachAl

WwiI3ITA T

@Woebot

There's not a lot of data to go on
yet, but hey, its great you're
checking in today. Keep it up, and
you'll have more to reflect on next
week. Got any reflections on how
last week went, anyway? %A I'd
love to hear what you think. Any
observations? €,

T |

(b) Woebot.

Start a new chat
(c) Lark.
Wl 3ITA & 15:05 7 93% (mm):
@ Lark m

) added to your total,

You're at 6 minutes of
. activity so far today.

Activity Today

[ It's missing activity

Start a new chat +

(c) Lark.

Fig. 6.5 Interaction feedback provided by each of the chatbots.
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6.8.3 Conversation-flow Dead-ends

This happens when the conversational agent falls into a state where it cannot proceed
or it provides irrelevant responses to user utterance. Based on the evaluation and
analysis of each dialog flow, we found that Woebot sometimes provided irrelevant
responses to the user. We believe this is because unlike the other two applications,
Woebot uses generative model conversation (deep learning) in their dialog structure,
whereas CoachAl uses Finite State Machine and Lark relies on task-orientation to

guide the conversation. In Figure-6.6 we show the three chatbots with their dialog

structure.
wlI3ITA =T 15:17 <+ 90% (mm) all 3ITA = 15:03 7 94% )
< chats Coschll @ ® Lark
at.

Which activity you would .

- N v,

like to check? | Would you like to see more

walking daily 1.1, And | don't mean clothing-wise... detailed insights about your
. activity?
Date:07.06.2018: What do you mean?

Did you perform the activity? More insights!

You're more active on
. weekdays than weekends.

So someone said the other day that
I'm a "bad robot"

@ \Q/ I don't think this was the context !
Average min active per day
I know! I'm programmed to have AEm
Yes feelings and their words hurt!
But it got me thinking...
No
> Weekdays Weekends
) Respond later
Start a new chat
(a) CoachAl. (b) Woebot. (c) Lark.

Fig. 6.6 Conversation-flow dead-ends compared to normal flow.

6.8.4 Task Conclusion

All the three chatbot systems provide task conclusion when interacting with the
users. This step refers to task accomplishment and end of conversation. Each of the
conversational agents found to use a different mechanism to conclude the dialog.
For example, CoachAl focuses on plan assignment and activity feedback tracking or
coach-user message communication. Once these tasks are fulfilled the bot takes the
user to the conclusion state and waits for new tasks to start over. However, Woebot
focuses on the user-bot interaction and slot filling, once the required user interaction
data are collected and the chatbot fulfills its tasks, the conversation is terminated. In

Figure-6.7 we provide an overview of the dialog conclusion for each of the chatbots.
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Catch you then, bye Ahmed

I'll try later

OK

. Enjoy your afternoon!

Start a new chat

(b) Woebot. (c) Lark.

Fig. 6.7 Task conclusion provided by each of the chatbots.

6.9 UX Design Implications

Our purpose was not to merely compare different chatbot applications in the health

context, but rather to extract meaningful insights from their design that will give

an indication on challenges to consider when defining or developing chatbots in

the health context, as well as similar context of use. The analyzed chatbots were

different in their capabilities and specific domain focus. While the study focused

on the three chatbot applications, the design implications provided are generic and

applicable for similar platforms and applications.

A combined text-based interface with buttons and media elements. The chatbots

used a mixture of text, and other graphical elements in their interaction. The

analysis found this natural and engaging by the user. The user expressed

dissatisfaction when the bot relied on only text or passed on the control to an

external interface, such as opening a browser window. Providing a way to

allow such a mixed text-graphic interaction and providing inline link view will

help enhance user experience with the chatbot [131].

Provide flexible user input. The chatbot should reduce the interaction effort by

users. It should allow editing of user last input or cancelling their request. This

is important when the edit changes a single parameter in a search query (such

as changing price in a shopping/travel chatbot). This feature was present in

CoachAl, which allows users to backtrack in the finite states.
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Provide persistent view on chatbot capabilities and context. To avoid mismatch-
ing chatbot efforts and user expectations, the chatbot should present a persistent
view of their capabilities to the user [131]. For example, Telegram restricts
bot developers to provide a description of the chatbots capabilities at the start
of the interaction. This will help the chatbot and the user to have the same
state-of-mind.

Give the chatbot a personality. Bot personality is relevant to build strong UX
bound with the user. Since bots feature a text-only interface, vocabulary,
syntax, formatting, and line spacing all take on a new relevance in crafting its
personality. This personality crafting is important in twofold. First, person-
ality sets the tone for the user experience. Second, chatbot personality is the
distinguishing feature amongst different chatbots.

Choose the right dialog approach. Each chatbot serves a specific purpose, hence
their dialog should be crafted accordingly. Chatbots can be either system
initiated or user initiated. System initiated dialogs are completely controlled
by the chatbot, called single initiate. The drawback of this approach is that
real human-human dialog involves give and take. Hence, single initiate dialog
will be limited in the natural dialog flow. On the other hand, neural net based
models provide both direction initiation, however they require a lot of data, and
are often less accurate in formatting their response. Hence, finding a common
ground where goal-based and chatbot-based dialogs can integrate to provide

the best UX in their interaction.

6.10 Persisting Challenges

This is the first study towards understanding the interaction style and usage expe-
rience among chatbots. There are several limitations worth mentioning. First, the
participant took part in the analysis was highly educated, and familiar with chatbots
and their use. This population is at one end of the spectrum, albeit those more likely
to be early-adopters, and enthusiastic to play with chatbots for extended durations.
Hence, there might be idiosyncrasies to this first-time chatbot users group that might

not extend to other groups. Second, the sample size was limited to one person. A
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larger number of participants is required to identify broader trends. Finally, the study

was limited to our curated list of only three chatbots in the health context.

6.11 Conclusions

Using conversational agents in various domains is increasing in popularity. One com-
plexity with conversation oriented systems is building the dialog. Empirical evidence
is needed to inform the design of such dialogs and to measure the effectiveness of
conversation technology. In this chapter, we highlighted the results of two distinct
experiments related to CoachAl dialog domain and flow.

The first study investigated the effect of chatbot applications that use different dialog
styles when collecting information on user wellness. The result of the study showed
that a simple task with question/answer might require using emojis to engage users
when the conversation covers personal aspects, such as mental wellness. When the
dialog focuses on physical activity and factual information, the use of plain text
would be preferable. These results provide an initial guidance in the design and
development of conversational interfaces that use emojis in their dialog model.

The second study compared the dialog state transition and task processing of CoachAl
with two similar conversational agents focused on mental wellness and lifestyle
promotion. All the three applications are focused on health coaching. However,
there were interesting distinctions to highlight in their design, implementation and
approach. We believe these findings can support the research on integrating con-
versational agents in the context of health and wellbeing and it can be harnessed to
contribute to the development of effective mobile health coaching systems for health
intervention delivery. We have considered the findings from these studies into our
CoachAl system refinement and applied them into the two experiments discussed in
Chapter 7.



Chapter 7

Experimentation and Assessment

7.1 Introduction

Assisting healthcare providers with their intervention may help in decreasing their
burnout and increasing the quality of care. It is of utmost interest to identify ways
to reallocate the limited resources of health professionals to only users that need
personal, face-to-face care and where the health application is likely to fail.

In this chapter, we present two experimental studies of CoachAl with users over
a different period of time. We first discuss the process of three weeks experiment
with 15 adult participants. The proposed approach leverages the chatbot agent to
assist the caregivers (e.g., data collection, reminders, user follow-up) by engaging
the users in pre-built scripts and conversations. Although CoachAl doesn’t offer
natural conversation, as in "Siri" or "OK Google" agents that rely on frame based
model, the dialog engine provides a structured conversational style that is domain
specific and can be tailored to specific demographics. We then discuss a one month
intervention study with 19 participants. We measure different functionalities and
features of CoachAl and conclude both studies by presenting the results and the

limitations.
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CoachALl - Platform Testing Study

7.2 Study Design

We tested the tailored activity recommendation and tracking by a conversational
agent to automate some caregiver’s tasks. While setting up the experiment, a re-
searcher referenced the general guidelines by the FITT (Frequency, Intensity, Time,
Type) guidelines from American College of Sports Medicine ACSM’s Guidelines for
Exercise Testing [132] and recommendations by WHO to build a set of demographic
specific activities. The activity listing and assignment was validated with a dietitian.
We used emojis as quasi-nonverbal cues throughout the conversation (while perform-
ing the questionnaire and activity recommendation and feedback) [133]. We enriched
the conversation with empathic feedback whenever user feedback was collected. All

the dialogue models were handled by a finite state machine architecture.

7.2.1 Participants & Experimental Design

The study involved 15 participants randomly selected (Male = 13, Female = 2,
Std. Deviation = 7.5, range = 27.00) (see Table-7.1) and asked to provide their
phone number and age for the registration. All subjects were healthy, with no
health condition and were motivated to participate in the experiment. There was
no reimbursement provided to participants to compensate their participation. All
participants interacted with the bot and performed the initial user profiling. This
step consists of answering to specific bot questions that are related to participant’s
diet, physical activity, mental wellness, and coping skills (see Table-7.2 for excerpts

from the different questionnaire topics and an example per topic). Based on par-

Descriptive Statistics

Participants Age

Valid 15 15

Missing 0 0
Mean 29.47

Std. Deviation 7.5
Range 27.00

Table 7.1 Participants descriptive statistics.
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ticipant’s demographic information and following the FITT and WHO guidelines
and recommendations for physical activities, we defined the activities to assign to
each participant. A researcher took the role of the coach and created then assigned
the activities to the participants. Participants then interacted with the conversational
agent for the duration of the assigned activities. Participants received an activity
reminder at the beginning of the day and a notification to provide their feedback in
the evening. At the end of each day, participants feedback per activity was collected
by the chatbot.

Topics Example
Coping How would you rate the amount of stress in your life?
Mental health How often did you feel nervous in the last 30 days?

Physical activity | Does your job require sitting or moving?

Diet How would you define your eating habits?

Table 7.2 Chatbot questionnaire topics & examples.

7.2.2 Procedure & Measures

After participant’s interaction with the chatbot and submission of the feedback,
they were asked to fill in the USE questionnaire [134] to evaluate the usefulness,
satisfaction, and ease of use and learning of their interaction with the chatbot. We
have also used the Working Alliance Inventory (WAI) questionnaire [135] to evaluate
participant’s enjoyment and attachment bond with the system. This is necessary to
evaluate their overall experience with the application. The measures also consisted of
a questionnaire for assessing individual self-confidence and trust, and for estimating

enjoyment, attitude and confidence in the chatbot.

Usefulness, satisfaction, and ease of use and learning: The USE questionnaire was
adopted to evaluate the usefulness, satisfaction, and ease of use and learning
of the chatbot as perceived by the participants. The interaction was evaluated
with a 5-point Likert rating scale (from "strongly agree" to "strongly disagree").
The items used in the scales were adapted from [134]. The Usefulness scale
comprises items related to the usefulness of the chatbot in the interaction.
The Satisfaction scale measures user’s satisfaction with the dialogue and the

interaction with the agent. Lastly, the ease of use and learning scale evaluates
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user experience and learning while interacting with the chatbot. The items are
reported in Table-7.3.

USE Questionnaire

Scale Item

It helps me be more effective.

Usefulness (p=0.2) It helps me be more productive.

It saves me time when I use it.

T am satisfied with it.

Satisfaction (p=0.4) I would recommend it to a friend.

I feel I need to have it

It is user friendly.

Ease of use (p<0.5) Using it is effortless.

It is simple to use.

I learned to use it quickly.

Ease of learning (p<0.5) | Ieasily remember how to use it.

It is easy to learn to use it.

Table 7.3 Scales and items used in the USE questionnaire.

Individual self-confidence and trust propensity: Self-disclosure has been defined
as any message about the self that an individual communicates to another [124].
Self-disclosure was measured using three dimensions of the Wheeless’s scale
[125]. Specifically, the three dimensions of self-disclosure were measured
using a 5-point scale for each, namely: (i) amount of disclosure, (ii) posi-
tive/negative nature of disclosure, and (iii) honesty of disclosure. Moreover,
four items from the Mayer and Davis’s Trust Propensity Scale [126] were used
to measure dispositional trust. For both self-confidence and trust propensity,

scale values were calculated as the average of the items.

Interaction experience (enjoyment, attitude and confidence): The interaction was
evaluated using three scales, i.e. enjoyment, attitude and confidence, each
composed of four items with a 6-point Likert rating scale (from "strongly
agree" to "strongly disagree"). The items used in the scales were adapted from
[136]. The enjoyment scale comprises items related to the enjoyment and
entertainment in the interaction. The attitude scale measures user’s attitude
towards the dialogue and the interaction with the agent. Lastly, the confidence
scale evaluates user perception of the privacy and intrusiveness of the questions
in the dialogue. The items are reported in Table-7.4.
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Scale Item

I enjoyed chatting with the conversational agent during the interaction

I felt comfortable answering the questions

Enjoyment a= .61
The more I interacted with the agent the more I liked the experience

I would like to chat again with this conversational agent in the future

I found a kind of "emotional connection" between myself and the conversational agent

I found the dialog with the conversational agent to be realistic

Attitude = .59
I noticed a negative emotional change in myself during the interaction *

I found the dialog to be coherent. In other words, the sequence of responses of the
conversational partner made sense

The agent asked very personal questions *

I trust the conversational agent

Confidence o= .70 - - -
I found the questions to be very intrusive *

I answered the questions with honesty

Table 7.4 Scales and items used in the questionnaire. Items followed by an asterisk were
inverted for the analysis. Cronbach’s alphas are reported for each scale.

Working Alliance Inventory (WAI): Alliance refers to the achievement of a col-

laborative relation between caregiver and user; meaning that there is a con-
sensus and willingness on the part of both parties to engage in and do the
work that leads to improvement [135]. There is a broad agreement that this
collaborative engagement involves consensus over the goals of treatment, a
sense of confidence and commitment to the kinds of activities that the helper
(coach) and helpee (user) engage in as part of the helping journey, and the
relationship or engagement is in a context of mutual trust and confidence.
The WAI questionnaire was evaluated with a 7-point Likert rating scale (from
"strongly agree" to "strongly disagree"). From the participant’s responses, the
WAL scores were statistically different from the middle value 4 throughout all

the questionnaire. The items are reported in Table-7.5.

7.3 Results and Implications

7.3.1 Experiment Results

The overall average values and standard deviations were measured for both the USE

dimensions and the WAIL. We have tested for differences to the scale middle values
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(3 for USE and 4 for WAI). The findings for the USE scale showed that scores for
the Ease of use and Ease of learning are different from the middle scale (they’re
higher). Whereas, the WAI score is statistically different from the middle value 4 (see
Table-7.5 for the mean, SD, t-test and p values for the USE and WAI questionnaires).

USE - WAI Mean | SD €]
USEFULNESS 3.43 1.13 | t(11)=1.33,p=0.2
EASE OF USE 3.70 0.88 | t(11)=2.93, p<0.5

EASE OF LEARNING 4.48 0.68 | t(11)=7.97, p<0.1
SATISFACTION 3.29 1.28 | t(11)=0.84, p=0.4
WAI 4.78 0.99 | t(11)=3.01, p<0.5

Table 7.5 CoachAl - USE and WAI Questionnaire (Scoring). ¢: One sample t-test (middle
scale value USE =3, WAI =4)

7.3.2 Interaction Time Analysis

We analyzed the log data for our user-chatbot interaction. Logging messages makes
it possible to know how many are sent everyday, as well as the average number of
messages per conversation per day, and the number of messages per conversation. For
our coaching bot, we analyzed three log data, namely the average users interaction
with the chatbot about daily activities and their feedbacks, and the overall users
interaction time with the chatbot. In general, we analyzed the average time took the
users to chat with the bot about a specific functionality. In Figure-7.1 we present
the log data analysis of all the users for over the three weeks experiment. Where

Avg. interaction time (minutes)

15

20
Periods (daily) logl

Fig. 7.1 CoachAl - Users log data analysis.

logl=average users interaction with the chatbot about daily activities, log2=average
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users interaction with the chatbot about their feedback, and log3=overall users
interaction time with the chatbot. The findings showed that users spent less time
to interact with the bot when providing their feedback on the activities, rather than

accessing health activities.

7.3.3 Implications

Several implications and insights emerged from leveraging this experiment:

 Of all the functions the chatbot provided, reminders were the functions appre-
ciated the most by the users. This is a useful guide for corresponding public

intervention designers and providers.

» Using mixed human-virtual coaching approach was perceived positively by all
participants. Across all the experiment, there was strong support for hypothesis
H1 and H2 as listed in Chapter 1.

7.4 Discussion

Using a chatbot tool to suggest and track various physical activity tasks, this study
examined (1) the use of a human-virtual agent mediated coaching approach for
physical activity promotion, (2) the classification of users into distinct groups based
on their adherence, and (3) the handling of some caregiver tasks by the chatbot, while
tailoring user activities. The result of this study showed how using conversational
agent can handle providing and tracking health information.

CoachAl provides a full control of personal health data and a generic framework
to manipulate the design and communication style of the conversational agent and
adopt it to different domain settings. The platform allows caregivers to tune the
health activity per user. To our knowledge, few studies have considered assisting
caregivers with the burden caused by user’s continuous need of care. This includes

handling repetitive tasks that consume a vast amount of caregiver’s time.
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7.5 Persisting Challenges

The findings of this study must be interpreted in view of its limitations. First, although
the activities were clinically validated and clearly guided, they were assigned by a
researcher and not a healthcare provider. Moreover, the participants were healthy
subjects, this was because of the study focus, which was on validating participants
experience with the conversational agent. Second, a long-term follow up is required
with a health professional to clinically validate the platform efficacy in assisting the

caregiver and supporting their users through tailored health activities.

CoachAl - Prospective Intervention Study

Studies [56, 137] compared the effect of a physical activity application with virtual
coaching vs applications without coaching, and concluded that trainees with a virtual
coach adhered longer to the training program. However, coaching in this form does
not provide the social support that a human coach can provide. In addition, virtual
coaching approaches are still unable to handle user preferences efficiently. Our
approach combines both virtual and human agent and leverages the chatbot agent to
levies the caregiver of menial works by engaging the individuals in pre-built script
conversations. Rather than relying on SMS services, we used a natural conversation
to interact with users, delivered by the conversational agent and handled the dialogue
with a state machine architecture to communicate with users about their daily health
tasks. In this section we highlight the outcome of our one-month intervention study
with users. We present the intervention settings and findings from the study. The
main research question we tend to answer is: how can technology be effectively
integrated into the doctor-patient interaction to promote tailored healthy lifestyle?.

To achieve this, we try to answer the following points:

P1 What is the overall user experience of using CoachAl system?
P2 Will user experience change over time when using CoachAl over 4 weeks?
P3 Will CoachAl change users’ intention or behavior?

P4 How much do users prefer a direct human agent support or to what extent does

the chatbot agent satisfy their needs?
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7.6 Methods

In this section, we define the study aim, the experiment settings, participants recruit-

ment and the intervention design.

7.6.1 Measurements

We aim to enhance user interaction with the system during all the stages of health
intervention. The study investigated the design and interaction aspects, listed below,
with the participants interaction. We used three models throughout the intervention to
validate the dimensions listed below. The Health Action Process Approach (HAPA)
[89] was used to validate the health behavior engagement. HAPA is a two-layer
model: The continuum version is used for analyses and predictions, the stage version
is used for interventions, hence we focused on the stage model during the experiment.
The technology acceptance model (TAM) [85] was used to model how participants
come to accept and use the system. Finally, the AttrakDiff model [138] was used
to evaluate how participants rate the usability and design of CoachAl (see Table-
7.6). We will further elaborate these points throughout the chapter and highlight the

emerging patterns from individual’s participation in the intervention.

Dimensions

Definition

Perceived usefulness (TAM)

This evaluates how useful the users perceived the application.

Perceived ease-of-use (TAM)

This evaluates how easy it was for the users to use the system.

Perceived fun (TAM)

This measures users’ engagement and entertaining aspects while interacting with the
system.

Attitude (TAM)

This measures users’ attitude towards the system.

Intentions (TAM)

This measures the future aspects of users to reuse the system.

Pragmatic Qualities (AttrakDIff)

Pragmatic factors are, for example, usefulness and usability.

Hedonic Qualities (AttrakDiff)

Hedonic factors include emotional needs, such as curiosity and identification. The
resulting attractiveness is based on the combination of pragmatic and hedonic factors.

Appeal (AttrakDiff)

This is to measure how appealing the system is to users.

Social Qualities (AttrakDiff)

This was added by us to check for the social qualities the system provides to the users.

The Motivation Phase (HAPA)

This phase is to measure user’s intention to either adopt a precaution measure or change
risk behaviors in favor of other behaviors.

The Volition Phase (HAPA)

This phase describes how hard users try and how long they persist to a behavior change.

Table 7.6 CoachAl - Study dimensions and their definition
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7.6.2 Study Design

The study initially gathered basic demographic information from participants through
a text conversation with the chatbot. The information contained participants personal
data and personality test about their daily exercise, dietary pattern and stress. The
intervention study lasted for one-month and participants interacted with the chatbot
daily.

Participants behavior was measured over the four weeks validation study. Partici-
pants were divided into two conditions, baseline (week 1) and intervention (weeks 2,
3, and 4). In the first week, participants were asked to chat with the bot and provide
their baseline physical activity and healthy diet intention, together with their stress
evaluation. The initial questionnaire and interaction with the chatbot provided an
estimated data about each individuals exercise, diet and stress level. These data were
considered when providing the individual plan per participant and later measured
with the intervention condition (the rest of the weeks).

The experimental design used between subjects (different subjects in each group) and
within subjects (same subjects exposed to different interventions/control) measure
to analyze the collected data with a multivariate testing (more than one dependent
variable and one or more independent variables). The study focused on qualitative
analysis to measure participants behavior change between the baseline and interven-
tion condition. The overall user experience with CoachAl was measured with the
validation questionnaires (TAM or AttrakDiff) which was targeting H1, whereas
their experience change with CoachAl was measured over their feedback provided
to the chatbot (3 weeks) which also targeted H1, and their adherence to the weekly
plans was used to measure the H2 (HAPA).

All the data collected from participants were anonymized for the whole study dura-
tion. Participants adherence was tracked to decide what plan or activities to suggest
and to communicate with the participants when necessary. The emphasis of this
study was on participants interaction with CoachAl and trying to follow the instruc-
tions asked by the chatbot. Moreover, participants received at least a questionnaire
to perform about their overall experience. There were also the private messages
communicated to the participants at least once a week to report their adherence and
provide them with motivational messages. The messages were fixed and tailored
to each participant based on their adherence to the physical activity, healthy diet,

and mental wellness activities. Assigned plans on healthy diet, physical activity
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and stress management were all validated and structured. All the activities assigned
were based on the ChooseMyPlate [139] general recommendations and guidelines.
A researcher structured the list of activities to be assigned to the participants. The
activities were validated with healthcare provider based on individuals baseline

information.

7.6.3 Eligibility Criteria

The eligibility criteria are a set of predefined characteristics to identify subjects who
will be included in the study. To respond to the study objective and optimize the
external and internal validity of the study, we tried to ensure homogeneity of the
sample population and increase the likelihood of finding a true association between
intervention and outcomes. Therefore, the inclusion criteria selected individuals
with sorting in common with each other. For example, the participants were all
individuals with sedentary lifestyle and had a poor dietary lifestyle. However, the
participants were motivated to pursue a healthy lifestyle. Most participants were

university students or have just obtained their degree.

7.6.4 Participants

The study involved 22 participants recruited from online social networks and selected
based on the above criteria. At the beginning 3 participants decided to drop out for
personal reasons. The total number of participants was 19 (Male = 11, Female = §,
aged 19-53, Std. Deviation = 9.371, range = 34.00) (see Table-7.7), and were asked
to provide their phone number and age for the registration. All subjects were healthy,
with no health condition and were motivated to participate in the experiment and
perform health promotion activities. Participants were either native Italian speakers
or spoke Italian fluently. This was important due to the language-based nature of the
study. A reimbursement of S5€was given to all participants in the form of Amazon
coupon. All participants interacted with the bot and performed the initial user
profiling. The participants were asked to indicate their familiarity with messaging
applications, social media, internet and other uses of their smartphone. The majority
of participants showed their familiarity with messaging apps and mentioned their
daily use of different types of messaging applications (see Figure-7.2). In the next

phase, participants were asked to wait for the activities to be assigned by the coach
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Descriptive Statistics

Participants | Age Gender

Valid 19 19 male=11, female=8
Missing 0 0 0
Mean 28.53

Std. Error of Mean 2.150

Median 25.00

Std. Deviation 9.371

Variance 87.82

Range 34.00

Minimum 19.00

Maximum 53.00

Table 7.7 Participants descriptive statistics.

B Telephone call
Messaging Applications (e.g., What-
App)

B Social Network (e.g., Facebook)

Internet Browsing

5%

26%\

.¥53%

Fig. 7.2 CoachAl - Participants familiarity with technology.

based on their initial interaction with the chatbot. Participants physical activity was
aggregated from their interaction with the chatbot and some were used as features to
evaluate their daily exercise level. The machine learning model was used to classify
users into three distinct groups (namely, vigorous, mild, and sedentary users), this
was compared with the users reply to the chatbot when asked about their sedentary
lifestyle (see Figure-7.3 for the result of the SVM classifier and users respond to the
chatbot).

7.6.5 Procedures

The procedure starts with the human agent registering the users, then the chatbot

asks them to perform the initial questionnaire to evaluate aspects of their diet,
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Fig. 7.3 CoachAl - Participants sedentary lifestyle classification by the SVM model vs the
chatbot.

physical activity and other health parameters (baseline). On concluding the initial
questionnaire by users, the human agent receives a notification indicating user profile
completion. The human coach can then either define a new health plan adherent
with user condition or assign a pre-built plan from the activity pool. All the plans
have a category, a description, periodic event triggering time and expiration time.
Upon plan submission, the chatbot notifies the users about the plan availability, and
collects their feedback. Overtime, the chatbot also tracks user’s adherence to the plan
by measuring the overall average adherence to the activities defined. For example,
in a weekly plan the chatbot measures user’s average adherence to all the activities.
The adherence is either collected manually by the chatbot or aggregated from user
wearable, in case paired with CoachAl.

By the end of each week the coach performs a follow-up with the users through the
private messaging channel. The follow-up consists of a message sent to the users
which contains motivational messages and a feedback on their overall compliance to
the plans. In addition, 3 weekly questionnaires (namely, the TAM, the HAPA and
the AttrakDiff) are sent to the users. These questionnaires measure aspects of user’s
experience, expectations, and other interaction related parameters with CoachAl.

This procedure lasted for 4 weeks and was terminated at the end of the fourth week.
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Figure-7.4 below shows the experiment setup we followed throughout CoachAl
experiment design process.
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Fig. 7.4 CoachAl - Experiment design process.

7.7 Results

7.7.1 Perceived Usefulness

To understand the added value of using the system, we asked the users to report
on their experience regarding the perceived usefulness of some CoachAl features.
The features that were experienced as useful by most participants included having
a human coach to assign and monitor the activities, the reminders to notify the
activities and ask for the feedback and the weekly private follow up messages by
the human coach. The private Coach-User messaging channel is considered a social
interaction feature allowing the participants to communicate with the coach. These
features were highly regarded by all participants.
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7.7.2 Perceived Ease-of-use

This dimension was above the middle score (t(17)=4.9; p<.01). Although the ease
of use and interaction with the chatbot, some features were deemed less friendly and
somehow difficult to use. Among the least user-friendly features was downloading
the activity pdf in the chatbot, which was perceived tedious by most users, instead
they suggested providing the activities directly via the dialog channel.

7.7.3 Perceived Fun

Although participants rated higher the aspects of personalization and tailoring the
activities, which avoids introducing repetitiveness in the system, most users rated
lower the fun aspect of using the system. This might be because of the nature
of the application, which is health promotion. This puts the application among
the most task-oriented and least entertainment-oriented applications. Future work
will investigate integrating aspects of persuasiveness, such as social interaction and

gamification into the application.

7.7.4 Attitude and Intention

Participants highly rated both attitude and intention towards using the system. Most
participants gave a rating above average to both dimensions. Considering the ques-
tionnaire on the dimensions of the Technology Acceptance Model (TAM) (see
Figure-7.5), one-sample t-test was used to compare the means for each scale to the
scale middle value (score =4). The scales "Ease of Use", "Attitude" and "Intention"
are significantly higher than the middle score (respectively: t(17)=4.9; p<.01, t(17)=
2.5; p<.05, t(17)=3.1; p<.01). A repeated measure ANOVA (with time as a within
factor) showed a difference only for the scale "Intention" between the three different
weeks. Post-hoc analyses reveal that the scores for this scale at week 1 were higher

than week 2 and week 3 (see Figure-7.6).
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Fig. 7.5 TAM dimensions (average score).
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Fig. 7.6 TAM Post-hoc analyses between weeks.

7.7.5 Pragmatic Qualities, Hedonic Qualities, Appeal and Social

Qualities

This was performed over four weeks. We analyzed these qualities based on users’
responses. The results of the AttrakDiff questionnaire are summarize in Figure-7.7
below: A one-sample t-test was used to compare the mean scores for each dimension
to the scale middle value corresponding to "Neutral" (score = 4). The test shows

that the average scores are statistically higher than 4 for each dimension: Pragmatic
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(t(17)=5.41, p<.01), Hedonic (t(17)= 3.4, p <.01), Appealing (t(17)= 4.2, p <.01),
Social (t(17)= 2.6, p <.05).

AttrakDiff questionnaire dimensions (average score)
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Fig. 7.7 AttrakDiff questionnaire dimensions (average score).

7.7.6 The Motivation and Volition Phase

Participants intention to change risky behavior or adopt a new measure was evaluated
through the motivation and volition phases of the HAPA model [140, 89]. The
HAPA Stage model was adopted to measure participants intention to change improve
self-efficacy, outcome expectancy and risk perception. This model divides users into
three distinct groups, namely non-intenders, intenders, and actors (see Figure-7.8).
Users in this model can either progress their behavioral intention to change or they
may also fall into relapses and recycle through the stages. We compared these stages
with individual’s overall adherence to the activities. A repeated measure ANOVA
(with time as a within factor) showed no different between the three weeks, the
scores remained unchanged. Participants were asked to provide their answers to the
HAPA questionnaire over the month. We analyzed individual’s data about physical
activity, healthy diet and overall health expectation and mapped these data with the
perceived self-efficacy, outcome expectancy and risk perception.

Physical activity intention Users data about their intention to pursue an active
lifestyle was collected at the end of each week. The longitudinal datasets were
collected through questionnaires at three points. We mapped individual’s ad-
herence and their data from the HAPA model to measure their risk perception,
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Users Adherence Non-adherent Low Adherent Highly Adherent

Progress Progress

HAPA Stage Model

Intenders
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Relapse

Relapse

Fig. 7.8 HAPA - Stage model and users adherence.

positive outcome expectancies, action self-efficacy, and behavioral intentions.
The analysis revealed no statistically significant results when analyzed within
subject and between subject effects. Figure-7.9a below presents the compari-

son between HAPA data and individuals physical activity adherence.

Healthy diet intention The study examined the role of self-efficacy and outcome
expectancy in the context of dietary behaviors. The model includes three
predictors of the intention to eat a healthy diet (action self-efficacy, outcome
expectancies and health risk). A longitudinal field study was designed to
examine the interrelationships of these factors with individual’s adherence to
healthy diet activities. The analysis revealed no statistically significant results
when analyzed within subject and between subject effects. Figure-7.9b below
presents the comparison between HAPA data and individuals adherence to
healthy dietary activities.

Mental wellness intention The study examined the role of self-efficacy and out-
come expectancy in the context of mental wellness. The model includes three
predictors of the intention to perform stress management skills (action self-
efficacy, outcome expectancies and health risk). A longitudinal field study was
designed to examine the interrelationships of these factors with individual’s
adherence to a coping skill. The analysis revealed no statistically significant
results when analyzed within subject and between subject effects. Figure-7.9¢
below presents the comparison between HAPA data and individuals adherence

to healthy dietary activities.

Overall health expectation Health expectancy data were collected with question-
naires at three points. We mapped individual’s health expectancy data with
their adherence to measure their risk perception, positive outcome expectan-
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cies, action self-efficacy, and behavioral intentions. The analysis revealed

no statistically significant results when analyzed within subject and between

subject effects. Figure-7.9d below presents the comparison between health

expectancy and individuals overall adherence.

The high and low variables refer to individual’s overall adherence to the

plans over the three weeks. We measured them by calculating the average of

user’s weekly activities and dividing them by the total number of activities

assigned. We compared these two variables against users’ responses to each

of the physical activity, healthy diet, mental wellness and health expectancy

measures.
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(a) Physical activity intention data.
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(c) Mental wellness intention data.
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Fig. 7.9 Top left (physical activity intention), Top right (Healthy diet intention), Bottom
left (Mental wellness intention), Bottom right (Health expectation intention) vs individual’s

adherence data.
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7.8 User Adherence Analysis

The system calculated participants overall adherence to the plan and reported their
total adherence at the end of each plan expiration. The adherence was categorized
into high and low adherence groups. The adherence measure is calculated by taking
the average of all the activities performed within a plan. Users performing above the
threshold were categorized as highly adherent, and vice versa.

Participants were categorized according to their adherence to the plan in two cate-
gories in high and low adherence, with respectively 10 and 9 participant each. The
TAM dimensions were analyzed with a Multivariate ANOVA (MANOVA) with "Ad-
herence level" as between subject factor. The MANOVA shows a significant effect
of the between subject factor for Usefulness (F(1,16)= 6.5, p<.01), Fun (F(1,16)=
4.5, p<.01) and Attitude (F(1,16)= 6.9, p<.01). No differences were found for the
Ease of Use and Intention. Figure-7.10 presents the result of the user adherence vs
the TAM dimensions.

6_
Ad_2classes
O High
@® Low
3_
| T I T |
E U F A |
Dimensions

Fig. 7.10 User adherence analysis and TAM dimensions.

7.9 User Familiarity with Chatbot Analysis

We ran a multivariate ANOVA test to measure this dimension against the AttrakDiff
and TAM dimensions. Based on self-rated scale, participants were categorized by

their familiarity with chatbots and the frequency of use of such technology. Partic-
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ipants were grouped in two categories: High familiarity (11 participants) and low
familiarity (7 participants). A multivariate ANOVA was used to test for differences
between these two categories with AttrakDiff and TAM dimensions. Regarding
AttrakDiff, the analysis shows a significant effect of the between factor for the Prag-
matic (F(1,16)=4.9, p<.01), Hedonic (F(1,16)=7.8, p<.01) and Appealing (F(1,16)=
4.8, p<.05) dimensions. Participants more familiar with chatbot applications scored
higher in all the dimensions. Considering the TAM dimensions, the analysis showed
an effect for the Usefulness (F(1,16)= 6.2, p<.05) and Fun (F(1,16)= 8.4, p<.05)
dimensions. Participants with high familiarity with chatbot technology reported
higher scores in these categories (see Figure-7.11a and Figure-7.11b for chatbot

familiarity dimension vs the TAM and AttrakDiff dimensions, respectively).

6 6
Chatbot familiarity_2 Chatbot familiarity_2
O High O High
@ Low ® Low
3- 4
f T T T 1 f T T 1
E U F A | Pregmatic Hedonic Appealing Social
Dimension AttrakDiff
(a) TAM dimensions. (b) AttrakDiff dimensions.

Fig. 7.11 Chatbot familiarity dimension vs TAM and AttrakDiff dimensions.

7.10 Log Data Analysis

We gathered the log data for all the participants interaction with the system over the
four weeks. The log data was analyzed to measure participants overall interaction
time with the chatbot and the human agent and the frequency with which participants
accessed activities, provided feedback, and accessed private messages provided by

the coach. This step is necessary to identify patterns of use among participants.
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7.10.1 Interaction Time Analysis

Participants interaction with the human coach and the chatbot was measured by
checking the time they accessed and spent on the system. The analysis showed
that participants spent more time interacting with the chatbot and relatively less
time interacting with the human coach. We believe this is due to the nature of the
experiment, which emphasized the chatbot role and let the human coach intervene
only on specific times. For example, during the experiment, the coach provided
private messages only during the weekend days, which included a feedback and
motivation messages to each participant based on their adherence (see Figure-7.12
for participants interaction time with the bot and the human coach).

20 |~ -

Avg. interaction time (minutes)

!
1 1.5 2 2.5 3 3.5 4
Weekly interaction

—e— Interact with human —m— Interact with chatbot

Fig. 7.12 Interaction time with the bot and human.

7.10.2 Chatbot Functionalities Use Analysis

We analyzed the log data with respect to participants average interaction time with
the chatbot to access activities, provide feedback and access private messages. The
analysis showed that participants mostly used the chatbot to access the activities and
provide their feedbacks. The data revealed very low access rate to private messages
given by the coach. As mentioned above, this might be due to the way the messages
were provided. While the health activities and feedbacks were performed daily,
even over the weekend, the private messages were provided once at the end of the
week by the human coach (see Figure-7.13). We also analyzed participants average

interaction frequency with respect to physical activity, diet and mental wellness.
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Fig. 7.13 Average interacting time with the chatbot.

Although the same amount of activities assigned to all participants, there were some
differences in the average interaction and feedback submission per activity. On
average, participants mostly accessed and interacted with the bot when the activities
were about exercise and diet, and there were few interactions with activities about
mental wellness (see Figure-7.14).
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Fig. 7.14 Avg. participants activity interaction over the month.

Interaction frequency (%)
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7.11 Topic Specific Interaction Preferences

We performed a self-evaluation at the end of users feedback to validate their interac-
tion with the chatbot and measured their experience with the system when performed
a topic specific activity. For example, if the user performed a physical activity plan,
they’re asked to indicate their preferences to be coached by a human agent, a virtual
agent, or a combination of the two. A fixed set of validation questionnaires were
asked to participants through the chatbot channel.

Interestingly, participants following a physical activity plan indicated their prefer-
ences to a virtual coach to track their physical activities. Whereas, those in the
healthy diet group preferred having a human agent to provide them with daily dietary
activities and monitor their progress. Finally, participants in the mental wellness
group chose a combination of a human agent and a virtual agent to monitor and
assist their anxiety and stress coping (see Figure-7.15 below for the differences).
We believe this result is due to the nature of each topic which may defer in terms of
needs and user expectations. In addition, some topics are more emotional bound than
others and vary in the level of health complexity. For example, users in the mental
wellness group may need support beyond the technological capabilities, hence having
a human in the loop will provide them with the emotional support and can change

the communication tone which is crucial in such domains [20].

11%. 11%

Physical activity coaching style Healthy diet coaching style Mental wellness coaching style
[ A human agent @ A combination of the two
W A chatbot agent O Unknown

Fig. 7.15 Participants — Health tracking preferences by topic. Left (physical activity group).
Middle (healthy diet group). Right (mental wellness group).
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7.12 Participants — Aspects of CoachAl

7.12.1 Positive Aspects

At the end of the experiment, participants were asked to provide at least three
features they found motivating, useful and fun. Participants highly rated the "ease
of use" stating that the chatbot was very easy to use. There were other features
perceived as positive by most participants, such as "activity reminder" and "on-
time feedback". In addition, participants positively rated the coach motivational
and feedback messages sent through the private communication channel. These
messages were sent to encourage participants to follow the plan. Figure-7.16 below

provides a representation of the features perceived as positive.

Private messaging

/ 12% Easy to use
Others

Human agent

6%

9%

6%\

Tailored activities
Activity reminder

cui hi
— graphics
Diverse domain coverage
Timely feedback

Punctuality

L3%

Fig. 7.16 Participants — Coaching style preferences.

7.12.2 Poor Aspects

We asked participants to report their negative experiences with the application. Some
design, technical and user experience related issues emerged by the participants
feedback. Participants complained that the chatbot dialog was not very clear when
they communicated with the bot. Some participants complained that the activities
were not arriving with the message, but rather were listed in the pdf file which they
were expected to download to access the activities. This was considered laborious
and they suggested providing the activities directly in the chatbot dialog. Participants
complained that notifications are annoying sometimes, especially when provided in

an inappropriate timing. This led us to investigate this issue and future work will
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consider studying the fingerprint for each individual through their smartphone to
tailor the notification delivery time based on their most optimum time. Finally, a
participant mentioned it was difficult to track his progress and suggested adding

more features into the system to enable progress tracking.

7.13 Discussion

Text-messaging based mobile application is a powerful tool for behavior change
interventions, due to its widely availability, inexpensive, and ease of use [141, 142].
A substantial body of evidence spanning several years of research demonstrates that
text-messaging interventions have positive effects on health outcomes and behaviors
[141]. CoachAl is a messaging-based conversational agent built to support the
development, classification and delivery of both individual and group-based health
interventions. The health activities were sent recurrently (e.g. daily, weekly, on
weekends or weekdays) or at a scheduled date and time decided by the coach.

The results validated our hypothesis and provided interesting insights when using
conversational agents in health coaching systems. Across the experiment there
was strong support for some of the research questions. Overall, the experiment
results clearly led to a positive answer to the P1. There was some noticeable user
experience emerged from using CoachAl. Users experience changed and varied
while performing their activities, which confirmed our P2. However, there was little
or no support for P3, user’s intention towards physical activity, healthy diet, or mental
wellness activities remained unchanged over the three weeks experiment. Finally,
there was a strong support for P4, individuals performing different health activities
revealed their preferences to a direct human agent support, or the chatbot agent, or
a combination of the two. The research concluded that building the technology in
a user familiar environment is an effective way to increase factors of technology
sustainability. The users positively perceived the activity sessions when they are
planned by a human coach. Hence, the support of a human agent is clearly more
motivating and engaging with respect to the virtual trainer that reveals itself alone

insufficient to fulfill user’s needs.



116 Experimentation and Assessment

7.14 Persisting Challenges

Several limitations worth mentioning emerged from the intervention study. Although
the activities were clinically validated, they were assigned by a researcher and not a
caregiver. A long-term follow up is required with a health professional to clinically
validate the efficacy of the platform in assisting the caregiver and supporting their
users.

The other limitation was with the finite variability within the system which becomes
less engaging because they eventually become predictable. The set of coaching
activities, coaching messages and chatbot follow ups with users are renewed in every
time and iteration, which minimizes the repetition involved, hence decreases the
finite variability in the system. Nonetheless, since the state machine steering the
dialog and tasks is determined and finite, this might impact user’s engagement in the
long-term. Future work will investigate whether there is any difference between a

coaching system with and without a human coach.

7.15 Conclusion

In this chapter we highlighted the results of two experimental studies to validate
our health coaching platform. The first experiment was conducted with real users
over three weeks. The experiment focused on assessing the quality of the coaching
delivered by a chatbot. Using conversational agents as a tool to facilitate caregiver’s
tasks and perform user follow-up can significantly improve tailoring the activity to
fit user preferences. The user evaluation revealed participant’s positive enjoyment,
attitude, and confidence towards the use of chatbot. Participants also positively
perceived the usefulness, ease of use, and satisfaction from the chatbot interaction.

The second experiment was conducted with real users over one month. The users
interacted with the chatbot where they received activities and provided their feedback.
The chatbot forwarded to and later on collected the activities from each of the users,
the chatbot also performed intervention questionnaires periodically. The findings
revealed users who were highly engaged were also more adherent to chatbot activities.
Future improvements will consider building the activity recommender based on user’s
interaction data and integrating user’s dietary pattern and emotional wellbeing into

the initial user clustering by leveraging ICT techniques (e.g., machine learning).



Chapter 8

Conclusion and Future Work

8.1 Overview

Chronic non-communicable diseases are the result of poor diet and physical inac-
tivity, which are related to modifiable behaviors. Although existing approaches
induce healthy behavior change, user engagement in such activities is still poor
and it is evident that existing approaches lack the elements to achieve a sustainable
user engagement. This dissertation have addressed the problem domain of healthy
lifestyle promotion, through diet and physical activity adherence from the technology
perspective. We leveraged upon an interdisciplinary approach to research, design and
development to combine research in HCI, behavior change techniques and health
informatics in a single endeavor towards extending the research on socio-technical
systems to manage health and wellness promotion. This chapter summarizes the
contributions of our dissertation by presenting the findings, acknowledging the limi-
tations and highlighting the future directions we envision for this line of research.

We investigated conversational agents role in health promotion systems to track user
daily diet and physical activity and provide follow-up to promote these aspects in the
long-term. Conversational agents can persuade individuals to change their attitude
or behavior through conversation. In the context of health, persuasive conversational
agents converse with users to track their condition, assist with their care, provide
them with instant supports and reminders, and also assist caregivers throughout the
care process. Chatbots have shown a significant positive effect on user experience

and interaction with health support systems [71, 70].
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In this thesis, we explicitly implemented tactics into the chatbot that supports the
CoachAl platform with the process of providing coaching tailored activities and
tracking user adherence overtime. Although the study didn’t target specific demo-
graphics, we consider elderly people as potential demographic fit for CoachAl. This
is based on the results of our study described in Chapter 5. In addition, it enables
users to overcome the confusing interfaces found in the GUI for mobile and web

applications.

8.2 Contribution

Taking into account what we discussed in previous chapters, the contribution of this

dissertation can be summarized as follows:

Identifying habitual patterns to understand user preferences.

* The role of chatbot in delivering health promoting micro activities.

Building the technology while adhering to individuals daily routine.

* A socio-technical system that fits with the role of conversational agent as an

assistive component to caregiver, rather than a substitute.

The role of human agent in the loop to tailor the health coaching task.

8.3 Research Findings

Across all the experiments discussed in previous chapters, there was strong sup-
port for hypothesis H1; building the technology inline with individual’s routine of
using messaging application did result in significant increase in the quality of the
relationship between subjects and the conversational agent. The research concluded
that building the technology in a user familiar environment and goes with their
routine is an effective way to increase factors of sustainability of the technology.
There was indeed a strong correlation between the inclusion of human agent in the
coaching loop and individuals perceiving the system as credible, as was listed in
hypothesis H2. This was concluded in the findings from both the CoachAl testing
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and prospective intervention studies discussed in Chapter 7. Involving the human
agent with individuals to set tailored exercise and follow-up on their progress has a

significant impact on individuals behavior towards the system.

8.3.1 Conversational Agent

The design, implementation and evaluation of our system along with relevant research
activities have provided us information on various aspects of conversational user
interface as a persuasive element applied in health coaching. However, designing
health dialog agent that is emotionally aware is still poorly studied. We found that
different chatbot agent design and implementation pattern may fit well in some
context rather than others. For example, a chatbot for health information tracking
(as in CoachAl) should be task oriented and provide empathic support whenever

relevant.

8.3.2 Overall Coaching Effect

Since we’re testing a coaching system, another relevant measure we considered is the
coaching quality. Although homogeneous participants received identical coaching
activities and feedback, quality of coaching pertains to the entirety of the coaching
experience received by the participants. There were some differences between the
feedback version pretended to be sent by the bot and those sent by the human coach.
This could be because participants expected a more personal connection with the
human coach and hence judge certain aspects of the coaching differently. To measure
the coaching effect we prepared questionnaires and asked participants to indicate,
using a seven-point scale, how often the coach exhibits some behaviors. We omitted
several points in the survey, because they pertained to qualities we can not reasonably
assume our software to convey.

Although the tool was not used directly by a health coach, however, the design,
implementation and evaluation parts were all supervised by a dietitian. The human
coach reviewed the initial design and gave hints on how to improve the design to fit
with their daily routine. The routine tasks were all given priority to be assigned to

the chatbot agent.
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8.3.3 Perceived Credibility & Acceptance

To measure perceived credibility, a combination of 3 questionnaires were distributed
to the participants. We distributed the AttrakDiff (a seven-point scale) to participants
to choose between them. One of the research questions concerns the potential
beneficial effect of a chatbot on the long-term use of the system. We used Technology
Acceptance Model (TAM) for this purpose. The TAM model presents a questionnaire
for determining several aspects relevant to the expected acceptance and use of
technologies. It is divided into a number of different constructs dealing with these
aspects. Each construct consists of a small number of statements. The participant is
asked to indicate his or her level of agreement with these statements on a seven-point
scale.

8.3.4 Task Automation

Delivering activities related to individuals health and tracking their performance
by the chatbot is among the goals of this research. Task automation is responsible
for handling the main communications between the coach-chatbot-users. We found
the activity definition and delivery to be effective in engaging users in the health
activity. However, there was no clear indication on the effect of task automation on

perceiving the activity as effective.

8.3.5 Individual-Chatbot Relationship

Hypothesis H1 was among the important goals of this dissertation. Demonstrating
that building the approach inline with individuals routine of messaging application
use is a prerequisite to demonstrate an agent can maintain a relationship with the user.
We hypothesized this to impact the task outcome, and our research has accomplished
that. Analyzing all subjects interaction with the system and their replies to the
questionnaires where shown to have significant impact on the bond dimension-liking
of CoachAl.

The fact that we didn’t find significant changes in individuals interaction measure
over time indicates that the conversational agent was able to maintain the sense of
relationship with subjects over the entire month of the intervention. CoachAl focused
on the goal represented by the activities to be achieved for a predefined period of
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time. Having the agent track and remember things about subjects also allowed the
dialog to be more tailored to the users. For example, suggesting that individuals
reward themselves for a period of time and by doing things they love, when they

perform well in the activities.

8.3.6 Coaching Effect on Activities

Even though few significants between-group differences found, all groups increased
their level of interaction with the system (on several measures) during the intervention
period. However, there was a decrease in their activity level following removal of
the intervention. Some plausible reasons for the increased activity may be because
of being in a study or having to report in everyday on behavior are motivating in and
of themselves. We used several intervention techniques throughout the experiment,
including self-monitoring, goal-setting, and education, thus the increase in activity
(as well as self-efficacy) for all groups during the intervention period most likely

reflects the effectiveness of these proven techniques.

8.4 Persisting Challenges

By applying multiple methods, naturally there are several limitations to consider for
this research, some of them have already been introduced. One is the multiple coding
stages performed during the study. It originated mainly due to the nature of this work,
which was that most of the coding process was conducted by a single researcher,
only with direct assistance of a second coder for a test of the codebook. Another
limitation of this dissertation is that the initial experiment lacked the participation of
young people, instead they participated at the later experimentation. Perhaps setting
an experiment with mixed participants would have resulted in substantially more
interesting results.

A second limitation has to do with an unbalance between the effort devoted to
the design, preparation and execution of the field studies; and the effort devoted
to the analysis of its outcomes. Moreover, the delay to do initial or long-term
experimentation was also a limitation. The former was substantially more limiting
than the later and the former was also the cause for the later limitation. Therefore,

the study duration was between 3 weeks - 1 month, which was mainly due to the
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difficulties to recruit participants and obtain the legal confirmation to setup the
experiment. Although the results obtained are interesting to provide hints on the
effectiveness of the approach, however a long -term pilot study is needed to validate
the effectiveness of the approach in the long-term [143, 144].

A third limitation has to do with the non-implemented features of CoachAl, which
we believe would have had an important impact in the sessions development. For
example, adding a layer of emotional intelligence into the CoachAl bot could make
the bot very powerful to detect various users’ emotional states from the conversation.
The support for clinical NLP and NLU in the chatbot for Italian language could
have transformed the tool in a much more effective instrument for supporting the
interventions. These features will be considered for the future work and once we

have the data to accomplish them.

8.5 Future Directions

Although the future suggestions we provided previously, this section describes future
directions for this research. To overcome some of the aforementioned limitations,
one future improvement is involving multiple researchers in data coding process,
thus increase the consistency with the research questions, and consequently increase
results reliability. Moving on to the discussion on persuasiveness, focused research
should be conducted to widely identify specifications to incorporate persuasive
principles into the system. Further research is needed to help characterize the
requirements to develop a robust system. For example, the activity scheduler may
remind the users about upcoming sessions. Some future CoachAl improvements may
include: integrating a knowledge-base in the platform on specific coaching topics,
customizable with questions/answers provided by the users in addition to automatic
learning ability from previous conversations. Therefore, on model we consider for
the future improvement is building the chatbot dialog using the RASA Core! dialog
engine to build contexts and add Al assistant into the chatbot dialog. Employing
CoachAl in the health context should reduce caregivers calls, provide timely help
and quick responses, and decrease users need for in-person visits. Integrating a
medical knowledge-base into CoachAl will have a significant impact on reducing the
burden on caregiver. Users can also seek any general advices and maintain a healthy

Uhttps://rasa.com/docs/core/
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lifestyle. This was not considered in the current study, since it falls outside the scope
of this research and requires a research study of its own. Other promising future
directions for CoachAl are detecting user intents from their inputs and providing
them with timely information.

There are still open and promising spaces for research and innovation in integrating
virtual agents in different health contexts. We have thoroughly explored one of
such experiences, but there is still room for other contributions. For example,
building a dialog model to tackle mental diseases. We envision a future were more
health coaching systems will integrate virtual agents to support tracking users and
collaborating with the coach to tailor the activity. A new algorithm could leverage
real time activity suggestion to the coach based on users activities and adherence
level. Finally, research studies could investigate other motivational techniques, such
as using gamification to induce user engagement with the application and integrating
this into the dialog model to enhance long-term user engagement.
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Appendix A

Experiments Resources

A.1 CoachMe Questionnaire

Questionario Progetto Coach me

Istruzioni per la compilazione

Nel questionario ti verranno chieste delle domande sull’applicazione
CoachMe.

Per rispondere basta fare una crocetta (x) sulla risposta che piu si avvicina
alla tua opinione. Se non trovi, tra le risposte possibili, proprio quella che
vorresti dare, dovrai indicare quella che corrisponde di piu al tuo punto di
vista. Tieni presente che non esistono risposte giuste o sbagliate.

Nella maggior parte delle domande ti sara chiesto di indicare quanto sei
d’accordo con una data affermazione. In questi casi le opzioni di scelta
vanno dal livello piu basso, che significa che sei € “del tutto in
disaccordo’, fino al livello piu alto, che significa che sei “del tutto
d’accordo” con I'affermazione riportata.

L'immagine qui sotto mostra tutte le opzioni di scelta possibili

O ) m} O [} O [}
Del tutto in In Parzialmente  Indeciso Parzialmente D’accordo Del tutto
disaccordo disaccordo  in disaccordo d’accordo d’accordo

Buona compilazione!
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Esprimi il tuo livello di accordo o disaccordo con le affermazioni riportate.

1. Con I'applicazione CoachMe posso migliorare il mio stile di vita

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

2. L'impegno che mi é stato chiesto nell’'usare CoachMe &
proporzionato rispetto ai vantaggi offerti

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

3. Ho usato volentieri CoachMe

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

4. CoachMe é un’applicazione molto facile da usare

O O O O O O O

Del tutto in Indeciso Del tutto
disaccordo d’accordo
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5. Ho imparato facilmente ad usare CoachMe

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

6. Mi ricordo perfettamente come usare CoachMe e i suoi comandi

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

7. Ho compreso a cosa serve CoachMe

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

8. Mi sono divertito nell’'usare CoachMe

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

9. Mi sono ricordato ogni giorno di accedere CoachMe

O O O O O O O
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Del tutto in Indeciso Del tutto
disaccordo d’accordo

10.Ho mostrato CoachMe ad amici e parenti

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

11. L’uso dei simboli grafici (come questo éﬁ ) rendevano
I'interazione con CoachMe piu piacevole

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

12.Usare CoachMe é come usare Whatsapp

O O O O O O O
Del tutto in Indeciso Del tutto
disaccordo d’accordo

13.Continuerei ad usare CoachMe anche in futuro

O O O O O O O
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Indica il tuo giudizio

Per valutare I'applicazione ti chiediamo di compilare il seguente
questionario. Si tratta di coppie di caratteristiche, in antitesi tra
loro, che il prodotto puo avere.

In questa valutazione di esempio si dichiara di stimare il prodotto
piu attraente che non attraente.

Esempio:

attraente o VYV o o o o o non attraente

Scegli in modo spontaneo senza troppi ragionamenti e ricorda che
non esiste una risposta “giusta” o “sbagliata”, ma & importante la
tua opinione personale
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Ora inserisci la tua valutazione del prodotto. Per ogni coppia di
aggettivi & possibile dare una sola risposta.

sgradito
incomprensibile
creativo

facile da capire
di grande valore
noioso

non interessante
imprevedibile
veloce

originale
ostruttivo

bene
complicato
repellente
usuale
sgradevole
sicuro

attivante

rispetta le
aspettative

inefficiente
chiaro

non pragmatico
ordinato
attrattivo
simpatico
conservativo

gradito
comprensibile
privo di fantasia
difficile da capire
di poco valore
appassionante
interessante
prevedibile
lento
convenzionale
di supporto
male

facile

attraente
moderno
piacevole
insicuro
soporifero

non rispetta le
aspettative

efficiente
confuso
pragmatico
sovraccarico
non attrattivo
antipatico

innovativo

20

21

22

23

25

26
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A.2 Finite State Machine (FSM) Architecture
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A.3 CoachAl Entity Relational Diagram (ERD)
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