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ABSTRACT

AT personalisation presents a promising source of innovation for improving the
quality of behaviour change technologies. Current approaches are limited in their
success, and a proposed solution is the inclusion of intelligent tailoring to best
align users with their interventions. This thesis presents three key contributions
that explore this promise: A classification system and accompanying survey to
examine the current research landscape of intelligent personalisation; The Effect-
Led Design process which combines high-efficacy, limitless expert design concepts
with focused user discussion and refinement to best explore how to implement high
efficacy Al that is acceptable to users; and a conceptual framework, the principles
of which are tested in real-world situations to examine whether the intelligent
algorithms are able to learn human behaviour and whether proposed systems of
personalisation encourage motivation in users. The survey paper identified current
trends in the contemporary personalised technology space and explored where
the scope for innovation sits. Effect-Led Design showed promise in developing
significantly different design concepts to those seen in contemporary applications,
and both experts and users commented positively on the process. The studies
testing the principles of the experimental platform showed the approaches were
positively received by users in terms of motivation and engagement. However,
initial implementation issues meant that algorithms did not return any significant
evidence of learning. Further explorations into the algorithm through simulated
studies using real-world data uncovered alterations that enabled learning. These
combined outcomes provided a means to better explore the inclusion of Al in the
digital intervention space, with a dedicated design process and investigation of
the feasibility of a conceptual framework in this domain showing both the current
potential of such a system and where future work can push these ideas to provoke
effective behaviour change.
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CHAPTER 1
INTRODUCTION

This research aims to provoke designs for artificial-intelligence-enabled person-
alised digital health and behaviour interventions that are grounded in scientific
evidence and based on established behavioural change techniques. In this thesis,
we use ‘personalised’ to mean a system or elements of a system which are cus-
tomised based on user characteristics. This characteristic may not be completely
unique to the user (such as age or medical condition), but the needs of the user
are still personal and as such are what the system addresses.

The hope is that these designs will have the ability to promote greater levels
of behaviour change, keeping users engaged throughout their process of changing
behaviour. This work explores the use of reinforcement learning to tailor inter-
ventions, moving beyond altering elements of single behaviour change techniques
to intelligently selecting active motivational ingredients based on user response.
The outcomes of these experiments also provide some insight into how machine
learning algorithms must be aligned with users and behaviour change techniques
to optimise algorithmic learning and effectively adapt intervention content. The
impact of these designs is also analysed in two contexts: the impact on the specific
design ‘space’ of digital health and behaviour interventions, and the impact on the
overall research ‘landscape’ of interventions and behaviour change. The research
within this thesis focuses solely on the use of these technologies to address phys-
ical inactivity and sedentary behaviour and does not endeavour to explore their
impact on mental well-being or other areas of the health and behaviour space.

As the world embraces digital revolution in ever-changing forms, the ‘typical
lifestyle’ becomes increasingly sedentary. An individual can now have everything
from basic groceries to luxury cars delivered to their doorstep, and the widespread
adoption of social media and video consulting software means that human inter-
action can be a remote, digital action. With such services pushed further into the
public eye by events such as the COVID-19 pandemic, this sedentary lifestyle can
create a problematic outlook for the health of those entrenched within it.

With individuals becoming ever more sedentary, can the same digital world
that promotes this lifestyle take steps to mitigate its effects? Digital platforms
possess the power to alleviate negative behaviours and encourage healthy lifestyle
choices. This idea is not new: In 2019, the global fitness application market was
valued at an estimated $3.15 million [291] and was estimated to grow each year.
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However, so far this interest has not translated into effective design - optimised,
sustained behaviour change is often challenged by “low usage, high attrition and
small effect sizes" |262]. Additionally, the number of people using these applica-
tions is not increasing either, tracking fitness application usage over six months
in 2016 found little to no growth across even the most popular applications, and
observed that “fitness tracking apps are generally losing users just as fast as they
can add them" [339]. There is a clear and necessary need to address the design of
contemporary digital interventions such that the desired impact can be delivered.

1.1 Research Questions & Aims

One way to address the ineffectiveness of digital health systems is the inclusion of
artificial intelligence (AI) or machine learning (ML) to bolster or outright replace
existing methods. The rapid advancement of Al has led to confidence in their
ability to improve many facets of health and wellbeing, such as service delivery of
health care and patient outcomes [61]. Despite these significant advancements, es-
pecially in secondary care settings, the implementation of Al in behaviour change
contexts such as within wearable personal activity trackers is only recently emerg-
ing, and the outcomes of such systems are not clear. There are several challenges
surrounding the design and development of artificial intelligence and health tech-
nology which must be addressed to allow these technologies to enhance behaviour
effectively.
The core, overarching research question of this thesis is as follows:

How can Al be designed and utilised in the personalised physical activity
intervention landscape, and what alternative approaches to designing such
systems best harness the potential of intelligent algorithms?

In an endeavour to resolve this central research question, the thesis breaks the
question down into three smaller sub-questions, or S@s, each of which establishes
a core pillar of the eventual answer:

1. 8Q1: What AI implementations exist currently in the landscape of health
and behaviour change, and where exists scope for Al innovation?

2. SQ2: How can current intervention approaches be redesigned to best harness
the potential for innovation afforded by machine learning?

3. SQ3: Do these intelligent interventions have a significant impact on those
using them compared to standard approaches?

The first of these questions, SQI, is addressed in Chapter [, exploring the
overall space of personalised interventions for influencing health and behaviour
change. By establishing a method for exploring what approaches these systems
take and what approaches may not be as adequately explored, we can find where
potential gaps exist and whether approaches possibly utilising Al and similar
intelligent algorithms may help to more effectively drive positive behaviours. The
second and third questions presented here have been revised and expanded upon
based on the findings of Chapter |3| and the development of the overall research
methodology. These refined research questions, or R(@s, are as follows:
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1. RQ1: Will the approach of pre-design in the focus space of behaviour change
theory result in more effective technique designs, and will these present pat-
terns in desired techniques and approaches to using these techniques that
work within the scope of the system?

2. RQ2: Can a machine learning algorithm function on a mobile device in
real-world situations and learn user patterns?

3. RQ3: Will the two experimental approaches - technique and parameter
switching - influence motivation and engagement?

RQ1 is a refinement of SQ2, which is more closely linked to the work presented
in Chapter [] on the design process of Effect-Led Design. As such, RQ1 is an-
swered in Chapter [4] by the research studies into the Effect-Led Design process
and how both designers and users responded to the process and its resulting de-
signs. RQ2 and RQ3 both expand upon SQ3, focusing on the two main elements
of the experimental system described in Chapter [5|- RQ)2 focuses on the quanti-
tative outcomes in terms of how effectively the on-board AI algorithm works and
to what extent it is able to learn user behaviour and drive improvement, while
R@Q)3 focuses on the qualitative elements of how the system engages with user mo-
tivation and interest in the system and its approaches to encouraging behaviour
change. Both RQ2 and RQ3 and answered through the main experimental study
as described in Chapter 5]

1.2 Thesis Methodology

The thesis ahead endeavours to answer both the initial sub-questions and further
research questions by exploring the space of intelligent behaviour change systems
and developing new approaches to both the design and implementation of intelli-
gent algorithms in such systems.

Chapter |3| answers SQ)1 through a survey of the research landscape, exploring
existing literature through the lens of a novel classification typology developed
as part of this research. The literature in the space is examined and placed into
multiple classification dimensions, and these dimensions are then used to com-
pare the literature within the space to find where potential dimensions may be
underutilised. This classification typology also includes dimensions relating to
the outcomes of systems both in terms of absolute efficacy (change in behaviour)
and user experience (motivation, engagement, etc.), which can be cross-referenced
against the approaches to personalisation to find any emerging trends correlating
approaches to personalisation with positive efficacy and experience.

Chapter (4] resolves S@Q2 and by extension R@)! through the development and
subsequent testing of a novel design process structured around a focus on theory
linked to high-efficacy outcomes. This focus on theory, as well as the encourage-
ment of extreme approaches to behaviour and inclusion of intelligent algorithms
where possible, serves to answer these questions by removing possible blockers to
finding whether this new approach is able to best harness the potential for inno-
vation and produce more effective technique designs. The core design method of
Effect-Led Design is defined following an exploratory design workshop which
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utilises the core philosophies of theory-driven design and inclusion of extreme
methods and intelligent approaches as additive elements to a more generalised
participatory design approach. The development of the design process, which
posits itself as an inversion of typical participatory design by using user feedback
to guide systems which strive for outcomes, is evaluated by designing systems us-
ing both the new process and an existing process using the typical approach in
Value Sensitive Design.

Chapter [5] resolves SQ3 and the two refined follow-up questions in RQ2 and
RQ3 by developing a system which utilises intelligent algorithms to drive be-
haviour change, and examining it regarding both the performance of the algo-
rithm and the explicit change in activity within each user, as well as user feedback
regarding their engagement and motivation resulting from the actions of such al-
gorithms. The testing of the intelligent actions of the system is split into two
separate experimental conditions; a set of techniques to test the selection of in-
dividual approaches based on user response, and a single technique with a set of
parameters to test the tuning of behaviour change strategies to the needs of a given
user. In the true realisation of the conceptual blueprint, these features would be
implemented alongside each other and work in tandem, but for the purposes of
the experimental platform, keeping these separate allows us to ascertain whether
each condition is individually effective and whether one of the two approaches to
adaptive intervention content is more effective in encouraging increased motivation
and behavioural outcomes. These are tested over multiple weeks with continuous
data capture to ensure outcomes reflect real-life use rather than single isolated
data capture sessions which could impact the ability to align outcomes with the
performance of the system in a day-to-day context.

1.3 Key Contributions

The work contained in Chapters and 5| forms the key contributions of this
thesis and answers the research questions presented in Section [I.1}

What AI implementations exist currently in the landscape of health
and behaviour change, and where exists scope for Al innovation?: This
thesis presents three contributions from this question: a personalisation typology
positioned within a wider classification structure for digital personalised health
and behaviour change systems; the identification and discussion of gaps within the
research landscape that may drive greater behaviour change outcomes if explored;
and a conceptual blueprint to challenge the current perception of personalised
digital intervention design. As personalised and digital interventions both increase
in prominence, this typology allows for personalisation to be broken down into its
mechanical components and allows these personalised systems to be compared and
contrasted to find future gaps for innovation. The conceptual blueprint encourages
the inclusion of AT and urges designers to focus on all forms of personalisation in
future designs, challenging them to push the design space further and uncover
effective solutions for health and behaviour change.
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How can current intervention approaches be redesigned to best harness
the potential for innovation afforded by machine learning?: This work
presents the methodological contribution of Effect-Led Design, a three-phase
process for developing intervention concepts that effectively consider both high-
efficacy approaches and the core values of users. This process encourages both
sides to drive the elements that are key to them - Designers are encouraged to
explore designs with the best chance of promoting behaviour, while users are
encouraged to identify and reclaim their core values within these high-efficacy
designs. The current space of intervention design is often constrained by either
users or designers overstepping the lines: Designers may limit their systems to
respect what they believe to be user values, and users may overestimate their own
values if they hold concerns about the intervention approach. These limitations
are especially pronounced where Al is involved, and Effect-Led Design allows for
these limitations to be discussed openly, letting both sides see the true limitations
required which may leave solutions more chance to operate effectively. The studies
on Effect-Led Design found that the process generated significantly different
results, designers expressed surprise at what users accepted in the pursuit of better
behaviour change, and the process was seen to reflect its key tenets in a validation
study against another participatory design method. Both the method of Effect-
Led Design, as well as the findings of these initial design studies, are treated as
key contributions of the thesis.

Do these intelligent interventions have a significant impact on those
using them compared to standard approaches?: This thesis presents an
empirical study to investigate the core principles of the experimental platform,
itself a single instance of the conceptual blueprint presented to guide intervention
thinking. The study presented qualitative evidence of positive outcomes on mo-
tivation and engagement resulting from the technique and parameter switching
systems. This work also outlines how intelligent algorithms struggle to learn effec-
tively in messy real-world environments. Further simulated studies on real-world
data show that redesigning the learning objective and reward structure of the Al
to combine physical (active behaviour) and mental (explicit motivation) demon-
strates that in this instance, the Al is capable of learning despite the real-world
noise by including both data types in the process of learning.

Advances in personal technology mean that personal interventions now have
the potential for more complex approaches, which are demonstrated by the con-
ceptual blueprint and accompanying experimental platform. Identifying how these
systems function, both in terms of their physical performance of learning human
behaviours and their mental performance of encouraging increased motivation,
helps show the potential afforded by these systems and serves to reinforce the
concepts outlined in the conceptual blueprint as a legitimate standard of interven-
tion thinking for the wider research community.

1.4 Thesis Outline

This thesis will expand upon the field of intelligent personalisation, and the poten-
tial integration of machine learning approaches into the behaviour change land-
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Thesis Overview
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Background
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Survey Blueprint

Experimental
Design &
Study

Figure 1: A high-level overview of the thesis chapters and how they relate to each
other

scape. This chapter, Chapter [ has established the core of this thesis - a set of
research questions which structure the overall investigation into intelligent physical
activity and behaviour change interventions.

Chapter [2| presents the digital intervention space and the issues these interven-
tions aim to resolve. This chapter covers health concerns stemming from physical
inactivity and sedentary behaviour, existing digital health systems and how they
influence behaviours, as well as why current approaches may prove ineffective.
The current uses of Al, mainly in secondary health, will then be examined along
with the many concerns and questions that currently surround the use of Al in a
field that interacts directly with people’s health and well-being.

Chapter [3] conducts an in-depth survey, examining a wide range of digital
personalised health and behaviour interventions. This examination is conducted
through the lens of a typology developed to better analyse personalised interven-
tions. This typology is used to explore the landscape, finding where gaps with the
greatest potential for innovation sit. Current ideas around intelligent personali-
sation are discussed following the survey outcomes. This chapter finishes with a
conceptual blueprint built upon key components established at the beginning of
the chapter, which stands as a lens through which to view and challenge the field
of personalised intervention design.

At this point, as illustrated in Figure [I the thesis splits its investigations
into two isolated arms. This is a potential source of confusion, as the conceptual
blueprint and experimental platform diagrams which will be presented in Chapters
[B] and [f] suggest both research arms are part of the same continuous workflow.
This difference is due to these two elements - the investigative thesis and the
structured conceptual blueprint - representing different stages in designing within
this space. We position the conceptual blueprint as a suggestion for how the
systems being explored should be approached and designed going forward from
this thesis, but before we can make that claim in earnest, it is necessary to explore
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whether these elements are beneficial in their own right. The work presented
in Chapter [] covers an innovative approach to design that would theoretically
form a key element of the conceptual blueprint going forward by ensuring future
platforms utilising intelligent approaches are built with theory and effect at their
forefront, but to position it as only a supportive element within the thesis risks
undermining its potential importance and impact in isolation as an approach to
design. Additionally, the work in Chapter 4] was not considered at the time to be
supportive to the work in Chapter [ so presenting it as such would risk confusion
as to why elements from the design process do not translate to the eventual design.
As such, while future implementations would utilise the work seen in Chapter
to enhance the eventual system design, an example of which is seen in Chapter [f]
the thesis treats them as separate elements to allow for the research into each to
be presented independently.

Chapter ¢] presents Effect-Led Design, an innovative design process that uses
participatory design to meld outcome-driven Al algorithms with acceptable be-
haviour change methods. The process is tested through two experiments: a design
study on the theoretical idea of efficacy-driven Al system design that forms the
basis for Effect-Led Design, and a validation study against Value Sensitive Design.

Chapter [5| covers the development of the behaviour change implementations
and Al algorithm. This chapter describes the two approaches of Parameter Switch-
ing and Technique Switching to tailor intervention content and discusses selected
techniques and their implementations. The AI algorithm is also outlined, both
in its operation and its connection to the wider system. Four experimental con-
ditions are then established, and compared across several weeks. These systems
are examined in terms of their impact on step counts, the performance of their
machine-learning algorithms, and qualitative responses surrounding motivation
and overall interest in the system. Chapter [0] follows this by exploring potential
changes to the machine learning algorithm to drive better learning outcomes.

Chapter[7] considers the outcomes of Effect-Led Design and the intervention ex-
periments in relation to the experimental platform and conceptual blueprint. The
questions established here in ChapterfI] are examined. This chapter then expands
upon the impact of this work on the research landscape of digital personalised
health and behaviour systems. Finally, this chapter explores where future work
should progress.

1.5 Chapter Summary

In this chapter, the general outline of the thesis has been discussed: The overall
research questions and aims of the research described; the methodology through
which the thesis will address these questions and aims; the key contributions that
will be discussed in chapters [3| 4 and 5 and a general outline of the thesis. The
following chapter, Chapter 2] will outline literature that is necessary to understand
the work ahead, with a focus on physical activity research, behaviour change meth-
ods with a focus on motivation, current digital approaches to improving behaviour,
and the current applications of Al in this space and related spaces.



CHAPTER 2

BACKGROUND - HEALTH, DIGITAL
INTERVENTIONS & Al

2.1 Active & Sedentary Behaviours

Human genetics, shaped over 40,000 years ago, are tailored for movement - our
ancestors would routinely travel up to 20 kilometres a day [352]. In contrast,
modern sedentary lifestyles have led to a sharp decrease in physical activity in our
professional and personal lives. Globally, 25% of adults do not meet recommended
physical activity targets [393| and the problem is not limited to adults - 81% of 11-
to 17-year-old’s do not meet physical activity guidelines [141]. The cause for this
sedentary crisis is, in part, employment changes. In the United States of America,
the number of people in sedentary professions grew by 20% between 1960 and
2008 [65] and working adults in France now spend 10 hours per day seated [316].
The COVID-19 pandemic severely impacted activity levels, with a decrease of self-
reported physical activity by 41% for moderate-to-vigorous physical activity, and
42.2% for vigorous physical activity [383].

Examining the landscape of physical activity and sedentary behaviour is es-
sential to determine how to best combat negative behaviours. Behaviours like
inactivity and sedentary behaviours have seen past response of guidelines and
interventions, which have seen numerous updates and variations as new under-
standing emerges. The terminology that will be used around physical activity and
sedentary behaviour is presented in Table By examining the current defi-
nitions and guidelines on these behaviours, as well as the health risks they may
influence, we can better understand the need to combat these behaviours, and
identify whether there are specific denominations of behaviour that need to be
focused upon.

2.1.1 Physical Activity & Sedentary Behaviour Definitions

Physical activity is any movement produced by muscles that requires energy ex-
penditure [393]. This energy expenditure is measured in 'metabolic equivalent
task’ units (METs). METs are the measure of the amount of oxygen used by
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Physical activity Any movement produced by muscles that requires energy expendi-
ture
Physical inactivity A situation where an individual is not meeting the recommended

guidelines for physical activity

Metabolic  Equivalent of | A measure of energy expenditure in activity, specifically the amount

Task of oxygen used by the body at rest

LPA Light-intensity physical activity (1.5 to 3 METs)

MPA Moderate-intensity physical activity (3 to 6 METS)

VPA Vigorous physical activity (>6 METs)

MVPA Moderate-to-vigorous physical activity, the type of activity com-
monly used in health guidelines

Sedentary Behaviour Periods of time expending less than 1.5 METs

Stationary Behaviour A behaviour that, while close to sedentary in nature, falls within

the boundaries of light-intensity physical activity

Table 2.1: Definitions for Physical Activity and Sedentary Behaviour

the body at rest, providing a practical measure for the energy expenditure of
activities as a quantity of 'resting metabolic rates’ [179]. METs can be used to
divide physical activity with light, moderate and vigorous physical activity de-
nominations for different actions. All levels of activity still expend energy, but
there are questions of whether all METs are equal in terms of the associated ac-
tivity [165]. Most recommendations use moderate-to-vigorous physical activity
(MVPA) in their guidelines.

Sedentary behaviour is classified as long periods without moving, specifically
expending less than 1.5 METSs, such as sitting or lying down [355|. Lifestyles can
be both physically active and highly sedentary |78| - someone who spends three
hours each day walking and 10 hours each day sitting in front of a workstation or
TV would be both highly physically active and sedentary. Some behaviours require
additional distinctions, such as separating sedentary behaviours and ‘stationary
behaviours’ like standing, which possess a low energy expenditure but do not fall
within the bounds of sedentary actions. Sedentary behaviours are further divided
into passive and active sedentary behaviours, separating watching TV (passive)
from computer use or reading (active), which may impact mental health differently
[147]. The level of granularity in these terms can create difficulties in establishing
guidelines, as these may have to account for multiple behaviours equally. Experts
may have to recommend adjusted guidelines such as increasing from moderate to
vigorous activity for the advised times to counteract high sedentary time [43].

2.1.2 Health Risks of Physical Inactivity & Sedentary Be-
haviour

Despite an incomplete knowledge of all dangers [54], there are known health risks
associated with both physical inactivity and sedentary behaviour. Reducing phys-
ical inactivity by 10% could avoid over 533,000 deaths each year [214]. These risks
cover both physical and mental ailments.

Many prevalent chronic diseases and health conditions are negatively associ-
ated with inactivity [92]. There are clear links between physical inactivity and
conditions such as coronary heart disease, type-II diabetes and cancer, as well as
a general 'risk of death’ [214]. There are also many psychological complications
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associated with inactivity [389], with Tremblay et al. finding connections between
physical inactivity and depression [356]. Depression and inactivity were also no-
tably linked for some during the COVID-19 lockdown - Silva et al. found those
who were regularly inactive during lockdown presented higher levels of anxiety,
depression and overall stress [327].

Sedentary behaviours have emerged as a significant health risk in recent years
- King compared the risks of sedentary behaviour to regular tobacco smoking, for
which the risks are well known [193|. Sedentary behaviour has been linked to
cancer [81}404], cardiovascular disease [233| and overall risk of death [97]. There
have also been links between sedentary time, anxiety [10,350] and depression
[147.|169], with stronger associations seen with passive sedentary behaviours |10}
147|169} 350]. Sedentary time is connected to negative mood [101], with this
connection even present when sedentary time is artificially increased [102].

There were specific notable improvements in cancer-related biomarkers when
individuals increased their physical activity [142229], and Paivarinne et al. identi-
fied higher health-related quality of life with high amounts of leisure-time physical
activity [276]. In some instances, physical activity is seen to improve health in in-
stances where said health has been affected by sedentary activity - Katzmarzyk et
al. found that reducing risk of cardiovascular disease requires increasing MVPA,
as well as reducing sedentary behaviours [190] and Kandola et al. presented a
reduction in the odds of depression when sedentary behaviours were replaced with
MVPA |185]. While physical activity may only be one small part of a solution to
improving mental health, Bell et al. suggest that increasing activity may mitigate
factors which lead to such problems [30].

These findings illustrate the need to address these problematic behaviours,
but also indicate the need for a specific type of intervention. As the most prob-
lematic sedentary behaviours are passive and some risks can be at least partially
addressed by increasing MVPA, an intervention must be timely and able to ad-
dress behaviours at the perfect point to provide the individual with the push they
need, and perhaps present an activity that may drive them from passive sedentary
behaviours (reclining or watching TV) to active behaviours (increasing physical
activity).

2.1.3 Physical Activity Benefits & Current Guidelines

Systematic research on the importance of physical activity has been visible since
the late 1950s. Despite this, guidelines instructing the general public on necessary
levels of activity only began to emerge in the late 20" century [34]. The American
College of Sports Medicine (ACSM) released the Guidelines for Graded Ezercise
Testing and Ezxercise Prescription in 1980 |13|, which presented recommendations
for frequency, duration and intensity of sessions of aerobic physical activity. The
latest edition, released in early 2021 [14], recommends 30 minutes of moderate-
intensity aerobic physical activity five days of the week, or 20 minutes of vigorous-
intensity aerobic activity three days of the week [14]. National Health Service
(NHS) guidelines recommend 150 minutes of moderate-intensity activity or 75
minutes of vigorous-intensity activity per week, with reductions in time seated or
lying down to break up long periods of non-movement [271].

Sedentary behaviour is distinct as it focuses on general movement rather

10
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than intensity of activity. Both absolute sedentary time and sedentary bouts and
breaks are important factors, attention to which can be seen in the NHS guide-
lines instructing breaking up long periods of non-movement as well as reducing
time overall [271]. Sedentary behaviour guidelines are “less available, compre-
hensive, implemented and effective than PA policies” [199], an issue stemming
from the nature of sedentary behaviour itself. Physical activity has moderate and
vigorous activity levels with desirable frequencies and timings, but as sedentary
behaviour represents the general absence of energy expenditure, time requirements
are difficult to quantify. This is exacerbated by the need for longitudinal targets
- sedentary behaviour presents most of its issues through extended periods of
non-movement - which are harder to set and maintain.

Chaput et al. argue that guidelines for sedentary behaviours are overdue and
necessary [54]. In contrast, Stamatakis et al. present a more cautious outlook,
advising advancements in sedentary research to “prevent enthusiastic but prema-
ture guideline development" [335]. Quantifiable targets for sedentary behaviour do
exist in some countries, as seen through the work of Pogrmilovic [199]. However,
only 11% of the examined countries have them, and only 40% of countries present
any form of national sedentary guidelines.

The consistent evolution of these guidelines presents a simple message - it is
necessary to encourage the reduction of sedentary behaviour and the increase of
physical activity to combat the related health effects. The need for these guidelines
shows that this is an important health issue and that pushing these behaviours
to be changed is a key health concern. The lack of consistent guidelines, and the
repeated updating of those that do exist, demonstrates the potential benefit of a
system that can alter targets and approaches during use, to maintain relevance
and ensure the necessary behaviours and guidelines are promoted.

2.2 Motivation in Behaviour Change

Motivation is typically essential to behaviour change. Guidelines can outline the
required levels and intensities of activity, but user commitment and motivation
are required to initially engage with these guidelines. User motivation may also
represent a true reflection of attitudes towards a behaviour since it is less likely
to be impacted by surrounding factors, and as such motivation can function as a
key target to try and influence improved behaviours. Users are typically driven by
either intrinsic or extrinsic motivation. Intrinsic motivation is internal, perform-
ing an action for individual improvement, while extrinsic motivation is external,
performing an action to receive a reward or societal approval [31]. For example,
school students who work hard primarily to improve their knowledge are intrin-
sically motivated, while students who work hard primarily to receive better test
results and better grades are extrinsically motivated. Teixeira et al. show ex-
trinsic motivation predicted short-term uptake and engagement, while intrinsic
motivation predicted long-term participation and adherence [348].

Older adults who regularly engaged in recreational and culturally-motivated
activity presented higher motivation for physical activity compared to those with
a preference for directed exercise and sporting activity. These same adults were
also more likely to fulfil physical activity requirements. Greater intrinsic motiva-

11



Motivation in Behaviour Change CHAPTER 2. BACKGROUND

tion was observed in cultural and recreational individuals, with sport and exercise
individuals presenting greater extrinsic motivation [301]. Gender may also be a
predictor of where motivation is derived; Zervou et al. observed male participants
were more likely to hold competition and ego motivations for activity, while fe-
male participants more typically held physical appearance motives [401]. This
connection is supported by van Uffelen et al. who found women were more likely
than men to engage in physical activity to lose weight, improve appearance or be
social while men were more likely to engage in competitive and high-skill activ-
ities [366]. However, physical appearance motives can be partially construed as
extrinsic due to a desire to adhere to societal standards of appearance - Zervou
further observed that individuals with low self-esteem and high BMI engaged in
activity for appearance motives, and high self-esteem individuals engaged for ego
motives, regardless of gender [401]. The influence of self-esteem on motivation
is further explored by Wilson et al., finding that self-observed competence and
autonomy positively correlated with levels of activity and attitudes towards phys-
ical fitness. However, it can be suggested that intrinsic motivation and exercise
regulation contribute to self-held levels of competence and autonomy, and it was
found that high levels of intrinsic motivation effectively predicted overall attitudes
towards exercise |387|. This demographic-based variation in motivation, as well as
the influence of believed capability, indicates that the impact of some approaches
may be heavily limited in ways separate from their specific mechanisms of action.
Behaviour change interventions need to be able to address these demographic
differences to ensure all groups can benefit from the system.

Collectively, the literature indicates that intrinsic motivations are required to
maintain long-term behaviour. However, this does not mean that people with
solely extrinsic drivers of motivation are unable to pursue behavioural improve-
ment. Cheval & Boisgontier present the Theory of Effort Minimalisation in Phys-
ical Activity (TEMPA) [60] which builds upon the Theory of Energy Cost Min-
imalisation, the theory that human beings have evolved to reduce unnecessary
physical activity wherever possible, and unconsciously aim to minimise the energy
expenditure required for certain rewards. This was initially desirable to conserve
energy for actions central to survival but has become a mental barrier to activity
in the modern day [40]. Brand et al. use the theory of Energy Cost Minimisa-
tion to call for a focus on small in-the-moment associations between stimuli and
action by eliminating small negative associations stemming from habits or ad-
verse attitudes and fostering positive associations that may help support positive
behaviours [40]. Lee et al. suggest a possible approach to improving these associ-
ations is to restructure environments to increase functional physical activity and
promote a greater overall perceived purpose of physical activity, creating positive
associations to exercise [212].

Digital activity trackers are overall extrinsic systems, as intrinsically moti-
vated individuals would not require the call-and-response nature of a system to
maintain their behaviour, instead relying upon their own positive response. This
explains the fragility of behaviours that are built upon activity trackers, as the
extrinsic source of motivation requires the tracker to be effective in promoting
this motivation throughout the process. This also highlights how problematic the
low evidence of tracker efficacy is: while intrinsically motivated individuals may
be able to maintain their behaviour if a tracker is ineffective, extrinsically-driven
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individuals are likely to abandon the behaviour altogether without a device sup-
porting their behaviours in the long term. If technology can facilitate the small
positive associations as described by the Theory of Energy Cost Minimisation,
and reduce the in-the-moment cost of an activity, this could lead to greater posi-
tive change and potentially increase the longevity of the device and the behaviour
change by establishing a more permanent habit. The comments of Teixiera et al.
also present an interesting design idea here - If an approach to behaviour that
promotes intrinsic behaviour for a user can be found, then this could be used
to encourage long-term usage. There is the potential for a system to leverage
extrinsic motivation from the device itself to maintain interest long enough for
this particular intrinsically motivating approach to be found, at which point this
internal motivation could help drive more long-term motivation and engagement.

As Fritz et al. suggested, even extrinsically motivated individuals may be able
to build enough of a habit to eventually not require the device [119]. Building a
habit typically requires an effective solution that provides the exact reward and
response required to engage with the behaviour and maintain this engagement.
This idea is described in Pinder et al.’s Habit Alteration Model. This model
explains that habits are formed when conscious efforts become unconscious - the
transition from an intentional and structured approach to behaviour to a response
that feels natural, and therefore does not require as much intent and mental effort
[289]. However, current trackers often introduce a ’fragility’ to the behaviour
change efforts of users [307]. The potential for extrinsic motivation is there in
behaviour change systems, but at this stage, this requires a re-framing of the
design of behaviour change applications to better drive habits and ensure interest
and motivation are maintained.

Many other behavioural models could be applied to the space of behaviour
change interventions. One such model is the Transtheoretical Model, also known
as the 'Stages of Change” model. This model, originally defined by Prochaska &
DiClemente in 1983, outlines five phases through which an individual progresses
during behaviour change [325]. This model is one of the most common lenses
through which behaviour change can be discussed, but the model is primarily
focused on intrinsic drivers - The progression from contemplation to action to
maintenance is a progression of motivation, and is based on the internal stance
of the individual. For the research of this thesis, which focuses primarily on the
persistent influence of an external system, the Stages of Change model is less ef-
fective. There may be some interesting discussions to be had around whether the
stage of change has a significant impact on whether an extrinsic system is effective
for a given user, but regarding the overall design of these systems, the theory of
habit formation which focuses specifically on taking extrinsic influences and using
those to establish intrinsic habits over time is a better fit. Another lens through
which to view behaviour change is Social Cognitive Theory as initially presented
by Bandura in 1986 [24]. Social Cognitive Theory revolves around the concept
of 'reciprocal determinism’, the dynamic interaction between an individual, their
environment, and their behaviour. A core issue with applying Social Cognitive
Theory in this context is that this theory does not focus on motivation, instead
revolving around the impact of social influence and reinforcement. For the pur-
poses of theorising large-scale sources of motivation, this theory is not particularly
well suited. The Habit Formation model [289] was chosen here to focus primarily
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on individuals who may require an extrinsic motivator to actively change their
behaviour. In this space, the Transtheoretical Model is focused too heavily on
the intrinsic state of mind and Social Cognitive Theory is structured more around
the continued regulation of behaviour. The Habit Formation model, on the other
hand, presents exactly what is required for those without the internal drive to im-
prove their behaviour - The use of external influences which over time transition
to unconscious, internal influences.

2.3 Behaviour Change Techniques

A concept that may help to drive motivation is that of behaviour change tech-
niques. The initial exploration of Behaviour Change Techniques was driven by
inadequate details of the design of behavioural interventions. This made it diffi-
cult to examine the nature of techniques or the reasons for their place within the
wider intervention [321]. Abraham and Michie, aiming to provide the means to
faithfully recreate interventions and to identify techniques that contribute to ef-
fectiveness across multiple behaviour change interventions, generated a taxonomy
of 26 BCTs which covered numerous approaches to behaviour [2]. Following fur-
ther investigations, Michie et al. developed first the CALO-RE taxonomy which
built upon the initial 26 BCTs with a focus on health and physical fitness [252],
and subsequently designed the Behaviour Change Technique Taxonomy v1 - a full
taxonomy of 93 BCTs across 16 distinct clusters to guide the comprehensive ex-
amination and classification of behaviour change interventions in the space [254].
The BCTTv1 provides a detailed guide through which to understand the mecha-
nisms of action of any given intervention, which helps better connect elements of
an intervention system with their outcomes. Much as the typology in Chapter
provides the means to connect the mechanisms of a personalised system (method,
frequency, specificity, data) with the outcomes, the BCTTv1 allows us to better
understand behaviour change interventions and to isolate the effective elements of
an intervention for optimal future design.

The BCTTv1 provides the means to map conceptual ideas of behavioural in-
fluence to mechanisms of action. Barker et al. use the BCTTv1 to examine the
delivery of hearing aids for use by audiologists, specifically the techniques used
to ease the introduction of the device. These findings could then easily be cross-
referenced across locations to create a unified effective approach using the best
selection of techniques [26]. Scott et al. use the BCTTv1 to identify active ingre-
dients of pharmacist interventions to improve the outcomes of patients receiving
these interventions. Meta-reviews which push certain BCTs as more effective in
intervention contexts were used to identify the potential outcomes of these phar-
maceutical interventions [324]. As well as directly coding interventions, research
has been conducted examining the need for effective training to examine BCTs
in interventions: Wood et al. examined the importance of training to ‘improve
reliable, valid and confident application of BCTTv1 to code BCTs in intervention
descriptions’. Training was found to improve the confidence of assessment, and
the likelihood of participants agreeing with expert consensus assessment of BCTs,
but did not have a significant effect on inter-coder agreement. This indicates train-
ing can help understand existing statements on techniques, but does not increase
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the likelihood of two individuals seeing a piece of work as exhibiting the same
BCTs [391].

There have also been attempts to use the BCTTv1 to increase the scope of
what can be rated within the taxonomy or to increase the ability to reliably code
more specialist intervention content. Presseau et al. developed an additional set of
coding rules and examples which supplement those provided with the BCTTv1, as
they felt the examples contained with the BCTTv1 were not sufficient for making
accurate links between content and techniques in more specialist scenarios [295].
Dugdale et al. addressed a flaw in the research surrounding the development
and use of the BCTTv1, namely the notable gap between the standardised ap-
proach of the taxonomy derived from health psychology research and the complex,
real-world intervention space of treating substance use disorders. Rather than a
straightforward set of connections between the taxonomy and what was observed
within the space, researchers developed a full list of clinical techniques within a
notable substance abuse system and conducted an exploratory mapping session
with the intervention developers to map the BCTTv1 in its base state to the clin-
ical techniques observed within the system. This allowed for the development of
more direct examples and highlighted any areas where further considerations were
required [95].

The implementation of BCTs is highly varied, and the selection of BCTs within
a given system can be decided through numerous means, from explicit relation to
theory to techniques being seen as popular or desirable. This will be discussed
further in Chapter [] concerning the rationale of the Effect-Led Design process.

2.4 Digital Health and Human Influences

Digital systems, especially those for actively tracking user behaviours, present a
more effective approach to behaviour change than traditional methods due to their
ease of implementation, scalability and ability to provide individualised feedback
[230]. Many digital health solutions exist, both for physical behaviours and other
ailments (which will be covered in more detail in Chapter , specifically in Section
, but many struggle to directly and effectively influence the behaviours of the
individual or to see sustained use [262,339]. The following section will examine
the efficacy of existing digital health systems and how they operate, as well as
look at adherence and abandonment of these systems to find where changes could
be made to find sustained impact and usage.

2.4.1 Digital Health Systems

Digital health systems are technologies that aim to boost our health and well-
being, including smartphone apps and wearable devices [272]. These systems may
have several issues to be addressed but are still capable of imparting behaviour
change. Xie et al. found around 30% of adults reported recently using a wearable
device, and the use of these devices was positively associated with higher levels of
physical activity [394]. Tang et al. in their systematic review found connections
between fitness trackers and physical activity levels [345], and Wong et al., found
the majority of interventions targeted at obese adults presented moderate to high
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impact on waist circumference, body mass index and overall physical activity [390].
Laranjo et al. further found a trend of positive influence across 28 interventions
utilising applications or fitness trackers [204]. These ‘minimal contact interven-
tions’ - passive interventions without outside communication or influence - present
evidence of improving behaviours; Hajna et al. found increases in physical activ-
ity, energy expenditure and overall fitness from the use of these systems [145].
Coughlin & Stuart found evidence of positive changes in both physical activity
and weight within wearable trials, but this evidence lacked the long-term sam-
ples required to determine whether this persisted with continued use [75]. Jo et
al. observed effective facilitation of motivation and increased physical activity, but
evidence of other health benefits was unclear [180]. Brickwood et al. presented ev-
idence of efficacy for physical activity, step count and energy expenditure in cases
where the tracker is either solely used or used as part of a wider intervention. How-
ever, no impact on sedentary behaviours was observed and all studies examined
presented results and discussion in the short term, making it difficult to ascertain
whether these benefits carried over in prolonged cases of use [42]. Monninghoff et
al. present the potential effectiveness of mHealth systems for improving physical
activity in the long term, but argue that these long-term impacts diminish and
possibly even cease entirely. A lack of evidence across varied backgrounds and use
cases makes it difficult to state these diminishing returns for certain [257].

A possible reason for this lack of significant impact may be a disconnect be-
tween the individual and their device. Li et al. found a general trend of fitness
trackers effectively influencing conscious active behaviours but found that any ob-
served impacts were heavily dependent on the characteristics of the user, although
these factors required further investigation to determine their true impact [217].
Cheatham et al. found that wearable-enhanced health weight loss programs pro-
vided greater impacts in older populations for physical activity and other active
behaviours than standard approaches, although younger adults responded far less
favourably [58|. Ringeval et al. presented similar findings, finding positive impacts
on MVPA and steps from the inclusion of Fitbit devices in health interventions,
although much like the outcomes observed by Cheatham et al., this was mostly
limited to adults and older subjects [309]. This outcome was further supported by
the work of Jakicic et al., who found that digital fitness trackers presented no evi-
dence of improved fitness outcomes for young adults when used to supplement an
existing weight-loss intervention, and presented further evidence that this addition
potentially negatively impacted the outcomes of these interventions [174]. Age is
not the only factor observed to affect intervention outcomes; Lugones-Sanchez et
al. observed intervention groups using fitness trackers saw improvements to body
weight, body fat mass, percentage body fat and BMI, but these improvements were
significant only for female users with a prior history of physical activity, while male
participants saw no significant impacts on their behaviours [226]. Western et al.
found that those with low socio-economic status show no evidence of efficacy from
behavioural interventions regardless of intervention content, while higher socio-
economic status individuals found greater chances of positive change [378|. Again,
this suggests that certain intervention approaches may be limited to certain demo-
graphics and that considerations for these demographics in design, such as different
approaches specific to each group, may be required to see a significant impact.

Digital health systems may provide greater benefits by tailoring their content
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and approach to the individual user. This idea is touched upon by Gasparetti et al.
who present emerging evidence that the common approach of steady increments
of physical fitness levels may not be the optimal approach for all users. Further
research into adaptive and personalised strategies may help to uncover more effec-
tive approaches [126]. Personalised and adaptive approaches to fitness are further
explored by Castro et al. looking at the difficulties of connecting lifestyle and be-
haviour change as ‘lifestyle’ is an unclear and unrefined target which is difficult to
focus upon for a digital tool or set of tools. Castro et al. highlight the approach of
connecting lifestyle behaviours to health impacts, to better tune systems to prob-
lem spaces [49], but more innovative solutions lie beyond this. If personalised and
adaptive systems could themselves bridge this gap between the adverse behaviours
of a user and the subsequent impact on their health and well-being, these systems
could in turn integrate themselves within this unrefined lifestyle space and avoid
obsolescence altogether. Digital health interventions present high levels of poten-
tial on all levels of prevention [49], but the space of adaption and personalisation
presents a clearer means for how this potential can be best realised. There are
some emerging examples in the research of adaptive health systems which will be
discussed further in Section [3.7.2

2.4.2 Technology Adherence & Abandonment

There is a school of thought that research on personal health trackers should put
less emphasis on the lack of long-term success, and focus instead on the wealth
of short-term outcomes. Lazar et al. argue that eventual system abandonment
should not diminish short-term improvement and that any degree of behavioural
influence should classify the system as a success [210] - Quoting Rooksby et al.,
“to track over the short-term is not necessarily to give up or fail" [311]. Allowing
these systems to be abandoned provides new avenues of insight into where the
space should move.

However, even if short-term effects are positive, there is a wealth of evidence
that the majority of effects wane in the long term. Xie et al. lacked evidence
to establish a connection to long-term clinical outcomes in adult users of fitness
trackers [394], with Tang et al. similarly finding no strong evidence linking digital
health systems to long-term activity and weight loss [345]. Coughlin & Stuart
found evidence of short-term impact evidence lacked the long-term samples re-
quired to determine whether this persisted with continued use [75]. Jo et al
observed effective facilitation of motivation and increased physical activity, but
evidence of the success of other health benefits was unclear |180]. Brickwood et
al. found all studies of fitness tracker efficacy examined presented results and dis-
cussion in the short term, making it difficult to ascertain whether these benefits
carried over in prolonged cases of use [42]. Monninghoff et al. present the potential
effectiveness of mHealth systems for improving physical activity in the long term,
but argue that these long-term impacts diminish and possibly even cease entirely.
A lack of evidence across varied backgrounds and use cases makes it difficult to
state these diminishing returns for certain [257).

Generally, the goal of a health intervention is to help people change their long-
term habits. As outlined above, the Habit Formation model describes how short-
term intentional actions eventually transition into long-term unconscious habit re-
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sponses. This idea is accompanied by an argument that technologies should view
abandonment not as a failing of the device, but rather as a logical end point of use
as tracked behaviours transition into lived habits. Fritz et al. question whether
activity trackers should be viewed as tools to support effective positive behaviours
over time, or as temporary aides to be abandoned once habits are formed [119], a
view which reflects the ideas of the Habit Alteration Model as described by Pinder
et al. [289]. Research consensus indicates that while the formation of habits is the
ideal end goal, these systems may not be effective at promoting these habits. The
most common reason for abandonment of fitness trackers was loss of motivation to
track behaviours. Loss of motivation was strongly linked to permanent abandon-
ment of trackers and linked behaviours, as opposed to temporary abandonment
resulting from aesthetic or privacy issues [20]. Guilt when the tracker was not ad-
hered to also increased abandonment [44]. Stawarz et al. found detailed tracking
of behaviours does not promote the formation of habits but rather creates prob-
lematic connections between behaviours and specific features of the application
that drive these behaviours [336]. These connections may indicate that the lack
of habit formation may be an intended feature, keeping people using the system
as opposed to abandoning it once the behaviour is established. As described by
Stawarz et al.: “In their current form, habit formation apps do not support habit
formation" [336].

The usage of digital health systems is a question of adherence and abandon-
ment. Hawley-Hague et al. found four metrics for adherence across 37 different
papers: retention, attendance, duration of exercises and intensity of exercises [154].
Within this thesis, the definition of adherence as retention will be used, as this
allows for a direct link between reduced adherence and eventual system abandon-
ment. Different definitions of adherence can also create difficulties in synthesising
research, as different measures can return varied findings of success. Tang et al.
examined step data using different measures of what would be deemed as the sys-
tem being adhered to for each day. Changing adherence measures had a significant
effect both on the level of adherence and the magnitude of behaviour change dur-
ing these periods of adherence. This also affects study outcomes elsewhere as the
definition of adherence further defines valid data for analysis, which can heavily
alter the strength of conclusions [344]. Xu et al.’s work on successful adherence
listed rewards and fostering system engagement as positive measures to increase
adherence and retention, but the definition of ‘retained user’ was vague and the
system itself required no behaviours that would contribute to abandonment [395].

Henriksen et al. point to the key benefits of digital systems being increased
user knowledge on the connections between behaviours and positive outcomes,
accurate tracking of behaviours and promoting conscious acknowledgement of daily
activities. This research reported high adherence but acknowledged these numbers
may be inflated due to users actively maintaining interest as part of a study
rather than unconsciously integrating the system into their routine [158|. These
benefits, as well as others, may influence the ability of digital health systems to
retain user interest and promote adherence. This conscious acknowledgement of
activity is supported by Burford et al. reporting the added ‘sense of achievement’
as a positive factor for users of wearable trackers [44]. Lazar et al. echo the
benefits of quantifying behaviours, while further presenting system novelty as a
factor for greater user engagement and use [210]. Li et al. and Hermsen et al.
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mirror findings that long-term system success is heavily dependent on the user;
Li et al. found personal and psycho-social factors as key contributors to long-
term engagement [220], and Hermsen et al. listed factors such as age, household
background and self-held goals as influential factors for adherence [161]. Further
research on what users require from an activity tracking system may be a missing
piece in this space. Shin et al. theorize that exploring the “more existential
interrelationship between people and their information needs" may help these
systems to better serve user needs and increase adherence [326].

Prolonged usage of fitness devices is a complex interaction, with numerous
factors contributing to loss of engagement. Design and aesthetics were a major
cause of reduced engagement, as observed by Attig & Thomas [20], Burford et
al. |44], and Henriksen et al. [158]. Burford et al. and Attig & Thomas further
shared the observation of data accuracy and privacy as concerns for both users and
non-users [20,44], which may affect the desire for users to engage with the system.
Lazar et al. further outline the difficulty of integrating intervention systems into
a daily routine as a driver of abandonment [210].

2.4.3 Personalisation in Behaviour Change

The use of personalisation in behaviour change is becoming more widespread and
may provide more positive outcomes from behaviour change systems. Personali-
sation in many contexts has already been seen as highly effective - Early research
on advertising personalisation found double the rate of click-throughs to prod-
ucts, and while the majority of content may attract individuals early on, only
personalised items continue to attract the attention of potential customers [292].
Mobile health interventions have seen limited effects from ‘one-size-fits-all’ inter-
ventions [354], and their ubiquitous nature places the mobile platform as an attrac-
tive means for facilitating large-scale positive behaviour change [176]. Tong et al.
further found that personalised mobile health interventions presented a moderate
positive effect on lifestyle behaviour outcomes, mostly through the personalisation
of intervention content with other forms of personalisation rarely identified [354].
Celis-Morales et al. further show the positive impact of personalised nutritional
recommendations based on individual lifestyle [51].

There are some considerations required in this space to ensure beneficial be-
haviours. Tong et al. found that despite both system-reported behaviours and
user-reported behaviours being prominent in the space, there was a clear benefit
to interventions using system-captured data [354]. Regarding the specific person-
alised content, Jankovic et al. found an interesting divide between perceived and
actual persuasiveness in the context of personalised messages to encourage be-
haviour change. Some participants displayed instances where messages would be
marked as highly persuasive, but this would not translate to actual action [176] -
This ‘nuanced relationship between the personalisation and persuasiveness’ could
require a focus on surrounding context to identify where persuasive elements are
not able to be acted upon.

Further to this, Alslaity et al. in their panoramic view of personalisation found
that while designers in the space have displayed increased attention to personal-
ising persuasive interventions as time has progressed, there are still several areas
where further progress is required. This work presents some recommendations,
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such as “integrating a combination of personalisation techniques... to increase ef-
fectiveness for motivating behaviour change" and highlighting the importance of
designing interventions that “continuously monitor the user so that the system is
kept up-to-date about the user’s habits and motivation" |12].

Personalisation presents a means to help increase the applicability and poten-
tial efficacy of digital health systems. However, even personalised content may
fall victim to the abandonment that these systems often see. Lazar et al.’s focus
on novelty |210] and the comments of Shin et al. around more effectively aligning
user and intervention [326] seem to suggest that there is a need for personalisation
to change over time. The ability to adjust personalisation to maintain the align-
ment of user and system may be the key to increasing engagement and adherence,
but continuously updating the personalised aspects of a system works in direct
opposition to the promise of reduced direct interaction. Artificial intelligence (AI)
and machine learning (ML) present a possible solution here, allowing for these up-
dates to be automatic and therefore allow for updates to persist long past direct
interaction with healthcare professionals.

2.4.4 Personal Informatics

‘Personal Informatics’ is an area where the combination of behavioural systems and
Al is emerging. Personal Informatics systems are defined as systems which "help
people collect personally relevant information for the purpose of self-reflection and
gaining self-knowledge" [218]. Personal Informatics systems, and particularly the
self-tracking of information, can help to personalise interventions predicated on
self-management, but being able to take advantage of this collected data is an
additional skill unto itself. Pure self-reflection on behaviours is often flawed [218],
and while personal informatics systems assist in collating and storing behavioural
data, reflecting on this data requires additional motivation and literacy [121].
There are a number of issues with current personal informatics implementa-
tions. A major issue is that there are often high levels of burnout and eventual
disengagement that simply come from the need to track information and the re-
sulting outcomes of this tracking. Users inexperienced in collecting and utilising
self-tracking data can find the process “burdensome with no beneficial reward",
especially once the initial curiosity around “playing with the data" subsides [303].
Some users reported losing interest in manually tracking data and potentially felt
discomfort with what the data revealed and how it was used within the context of
the application |103]. A potential solution to this is to approach interventions as
multi-faceted systems, with the potential for flexibility in how data is collected and
presented [218]. There is also the need to maintain interest in what the system is
presenting - To quote one user from the work of Rapp & Cena, “It was interesting
for the first times, but what else is there?... after a few days it became boring
reporting my information every day... seeing more or less always the same things,
the same graphs, that’s not much" [303]. It is suggested that designs need to
sustain motivation by leveraging both extrinsic and intrinsic motivations, echoing
the transitional ideas of the Habit Formation Model [289]. Epstein et al. further
suggest focus on allowing users to return to the system at a later point, explor-
ing how to “appropriately facilitate re-engagement and how designs can support
a more successful experience in returning" [103|, but this may not be a necessary
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element of system design - In line with the comments of Rooksby et al. in Section
[2.4.2] to only track in the short-term is not to fail, and as presented by Epstein
et al. themselves, many users cease using the system because the behaviour is
learned, again reflecting the ideas of the Habit Formation Model in that the habit
is formed and the once-central system is now surplus to requirement.

ATl and ML are being approached as potential solutions to some of these issues.
Mitchell et al. utilise ML to resolve the need for more interactivity and feedback
in personal informatics systems by generating goals based on individual health
data. The inclusion of ML is further supported as greater support for user action
can also support, augment and inform the eventual reflection on the collected
data |121]. Mamykina et al. further praise the potential of ML and Al in personal
informatics systems as a means to reduce the cognitive burden of engaging with
personal informatics systems [235]. This would serve to resolve the concerns of
Rapp & Cena [303] as well as those of Epstein et al. by reducing the potential for
burden and burnout, simplifying the process of collecting and processing data and
allowing the user to engage to a greater extent with the insights obtained from
this collated data. There are even some emerging ideas in the personal informatics
space that could be better implemented through the inclusion of ML and Al In the
work of Karanam et al., motivational affordances and personality types are found
to be strongly correlated, suggesting tuning intervention content to the personality
and tracked behaviours of the user may provide a path to more positive outcomes.
For example, those tracking ‘Anxiety’ found a stronger benefit from ‘Feedback’,
and those tracking ‘Health/Fitness’ found ‘Challenges’ to be most positive. They
believe that “Applications designed to accommodate multiple experience tracks for
different personality traits could contribute to the sustained use of the application
and enable users to better meet their personal goals" [188]. The use of ML and
AT could strengthen such an approach, either by allowing the active aligning of
these elements based on currently-present user factors, or enhancing the ability to
determine these personality traits in use rather than forcing the user to present
behaviours up front which could fluctuate throughout use.

Mamykina et al. present what they call “Grand Challenges" for the inclusion
of Al within the space of Personal Informatics [235]. While some of these are
widely applicable to the space of Al implementation, two of these challenges are
particularly interesting to the space we are investigating:

1. “Limitations of self-tracking data in AI models" - A potential use of Al in this
space is to ease the burden of collecting behavioural data on the user, but
this relies on the ability of the model to accurately and effectively track this
data. Two ideas presented by Mamykina et al. are interesting to highlight
here - Difficulties with passive tracking of behaviour that may result in noisy
datasets, and the suggestion of triangulating between passively and actively
captured data to get closer to what is deemed ‘correct’ by the user and their
circumstance.

2. “Personalisation" - The key application of Al in this space is to personalise
intervention content, as supported by the presented use case of Mitchell et
al. [121]. However, Mamykina et al. suggest that the nature of personali-
sation is crucial and that some personalisations may weaken the impact of
the intervention. The key questions here are what opportunities exist for

21



ATl in Health CHAPTER 2. BACKGROUND

personalisation such as timing, form and tone of intervention content and,
in the specific context of ‘human-in-the-loop’ systems, what different user
actions could enhance the functioning of the algorithms contained within
these systems?

Many of the ideas and questions presented within these two “grand challenges’
will be explored in Chapter [5| within the experimental implementation, and as
such these challenges serve as an interesting current overview of the emerging
space which this thesis aims to explore.

2.5 Al in Health

2.5.1 AI in Healthcare

One of the key application areas of Al is in secondary healthcare, with great
optimism that Al could substantially improve all areas of healthcare [37]. This
prominence in healthcare aligns well with the health focus of physical inactivity
and sedentary behaviour where this research places its focus. One of the key areas
for Al in secondary healthcare is the use of ML approaches, most frequently deep
learning (DL), in the detection and analysis of cancers. Deep learning systems
consist of numerous layers to effectively learn from data and allow for indepen-
dent analysis compared to typical neural networks which act to support decision
making. This approach provides a model that can detect issues without the need
for human intervention [171]. Rodriguez-Ruiz et al. found that compared to the
average of a sample of 101 radiologists, the performance of a deep-learning Al
system outperformed 61% of the sample in the detection of cancer from patient
data [310]. Makalesi et al. found that as well as effectively detecting cancerous
cells for early detection and treatment, deep learning approaches could accurately
distinguish between cancerous and non-cancerous cells, allowing these systems to
act independently [234]. This ability for autonomy is further supported by Chan
et al., who present deep learning as an exciting breakthrough in the field of patient
care and medical analysis, especially in the detection and treatment of cancers.
This breakthrough is seen both as a treatment tool and as a means to reduce
doctor workloads, although both applications require the effective integration of
AT systems into the clinical workflow [52|. The ability of these intelligent systems
to work autonomously positions them as promising solutions for behaviour change
systems, as these need to be able to operate without human input due to their
in-the-moment nature. Their success also illustrates the potential to successfully
promote behaviour change where previous digital solutions have failed.

Research into AI in secondary healthcare settings is a continuously evolv-
ing field of interest, with the COVID-19 pandemic seeing several intelligent so-
lutions presented regarding both treatment and prevention of the virus. Zhou
et al. present a Deep Learning approach to the diagnosis of COVID-19 cases,
specifically in differentiating between cases of COVID-19 pneumonia and typical
influenza pneumonia which may present with identical symptoms. The system
developed returned an AUC of 93%, presenting this as a highly effective system to
reduce misdiagnosis and in turn, more accurately represent the severity and the
spread of COVID-19 [403|. Bhattacharya et al. explore the wider applications of
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Deep Learning to the COVID-19 pandemic, from direct diagnosis and treatment
to the discovery and examination of vaccines and effective drug responses. Past
the limits of secondary healthcare, Deep Learning has been used to predict inci-
dences of virus outbreaks and the spread of infections, which demonstrates the
many benefits afforded by Al both in the direct treatment of COVID-19 cases and
in higher-level response to reduce overall incidence [32]. The ability of Al to pre-
dict these behaviours in real-world environments suggests an ability to effectively
operate in these settings, which may reflect an ability to effectively process data
and determine optimal actions in free-living behaviour change situations.

2.5.2 Questions and Concerns on Al in Healthcare

Despite the evidence of positive Al implementation in the healthcare field, and
initial explorations surrounding implementing Al into the Personal Informatics
space [1], concerns surrounding Al may limit uptake. These concerns exist both
as direct responses to examples of problematic AI implementation and as concerns
for what Al could be capable of, especially when in contact with vulnerable pop-
ulations. It is necessary to consider these concerns to ensure that potential users
are willing to engage with future beneficial implementations of AI. These concerns
represent key barriers to integrating Al into the behaviour change space, and it is
necessary to address them to allow for the best potential outcomes for users.

AT Metrics and Problematic Deployments

A major concern is the tendency of Al algorithms to focus explicitly on efficacy
metrics, which could lead to shortcomings in other areas. The Al arms race’
described by Armstrong et al. encourages the repeated under-cutting of safety
and ethics to further increase the overall efficacy of the system [19]. This then
leads to situations where systems achieve optimal levels of efficacy, but the ethical
requirements of users are not considered [191,]308]. Amodei et al. highlight how
this focus on a single metric rather than the full environment leads to an Al
showing indifference to other aspects of that environment, which can lead to failure
to fulfil the needs of the users, or even active endangerment depending on the
purpose of the system [16]. Even when these user needs are considered, an Al
system without complete knowledge of these needs can present unwanted side-
effects due to incomplete knowledge of user requirements [318].

Premature and problematic deployments of Al in user-facing contexts have
led to growing feelings of scepticism in the space, which could negatively impact
the potential efficacy and uptake of future AI deployments regardless of their
individual merits [400] leading to increased focus on the design and implementation
of fair and ethical Al [247]. This focus could help to create systems that protect
the needs of those interacting with the system but may sacrifice some level of
efficacy in the process. There may be a requirement for a new approach to design
that effectively balances these two schools of thought, such that efficacy is driven
as a focus of the system but the system is still able to support and protect the
needs and values of the user.
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Human Attitudes and Perceptions on Al

Public concerns surrounding Al have become more widespread in recent years, es-
pecially surrounding the loss of system control to a potential intelligent agent [110].
These concerns have been exacerbated by popular media portrayals presenting op-
timistic or pessimistic extremes of Al [351]. Some of these portrayals, such as those
in Terminator or 2001: A Space Odyssey, spark fear that the natural progression
of Al will lead to all-powerful systems, with over one-fifth of people believing an
AT uprising is likely [50]. This translates into difficulties in the design process,
as users may actively fight against AI. Co-creation workshops were significantly
inhibited by difficulties in understanding intelligent systems [167], and even when
these systems were understood, participants were unwilling to provide data to
AT systems [164]. These perceptions, however, also impact users’ awareness of
the positive impacts of Al - in fact, most individuals do not understand the core
fundamental benefits of Al systems [282).

Members of the public interviewed by McCradden et al. held mixed opinions
of the use of Al in healthcare settings. Most individuals admitted to having low
levels of Al knowledge and negative perceptions of Al before discussions. These
individuals endorsed the use of their data in Al research when there was strong
potential public benefit, as long as privacy concerns and commercial motives were
addressed. Increased accuracy, as well as the ability to process larger amounts of
data, were key benefits observed. Fears of reduced human involvement and result-
ing loss of skill were mentioned, as well as desires to know exactly how their data
would be used by the AT [245]. These opinions held by non-involved individuals
varied depending on who was involved in the process of Al implementation and
regulation. Some viewed Al as a helpful tool to reduce the workload of medical
professionals, letting physicians ‘do what they were trained for’. Certain individ-
uals even felt that Al tools were a necessary progression of healthcare as long
as explainable Al tools were utilised to ensure doctors were effectively engaged
rather than sidelined from treatment. Contrasting views were held regarding the
involvement of private companies with the deployment of Al in healthcare: Some
felt that a focus on company profits could lead to harm to patients similar to
the over-aggressive pursuit of efficacy by Al algorithms, while others felt these
concerns were unwarranted given the existence of ethical frameworks intended to
prevent this [241].

These perceptions of Al are also visible in the healthcare field, making it dif-
ficult to introduce highly beneficial Al systems to an existing workflow. Opinions
towards Al in this field also vary based on the stakeholder in question. Lai et
al. examined the opinions of these groups, finding that while health researchers
who specialised in Al research held pragmatic views focused on transitioning Al
technologies from research to established use, other groups were more hesitant:
Healthcare professionals focused on the wellbeing of their patients, with or with-
out the aid of Al technologies; industrial partners balanced the observed benefits
of AI technologies with the legal barriers of user data required to make them
effective; and members of the public with no vested interest held significant con-
cern on the balance of health, social justice and freedom that they felt would be
significantly impacted by the introduction of AT systems [203].

Scoping professional attitudes to AI, Chew et al. found many saw Al as a tool
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promoting availability and ease-of-use, as well as improving efficiency and reducing
cost in delivering health care. These professionals also held concerns around not
trusting Al data privacy, risks to patients, the readiness of the technology to be
trusted with healthcare services, and a wider concern around the automation and
eventual replacement of their own positions [61]. Mehta et al. and Teng et al. both
explored medical students’ attitudes towards Al, representing the group that will
see the full potential of these technologies in their field. Mehta et al. highlighted
optimism towards the use of Al, especially in clinical care and administrative
duties [248|, but both groups found students were concerned about the potential
of Al in fields that required personal attention and empathy such as counselling,
social care and midwifery. [248,349]. Students currently in education were overall
more positive towards Al than those in existing professions [349|, but an overall
opinion was that all groups required education into Al and its integration into
medicine to be adequately prepared [248,349|. Professionals in the NHS felt that
while opinions were mixed on Al, a key barrier to implementation was placed on
the service as a whole, citing funding and technical infrastructure as solutions to
be resolved before Al could be utilised effectively. People-centred concerns were
also raised, such as a lack of Al knowledge and confusion as to whether Al would
supplant or support existing medical structures, mirroring the desire for increased
AT education seen in current medical students [261].

This work demonstrates that scepticism on Al usage is not limited to the av-
erage person and that even experts in their fields may work to limit the effective
usage of Al. To return to the example presented by Yardley et al. of users iden-
tifying unacceptable intervention features in their Person-Based Approach, it is
entirely possible users would frame any inclusion of Al as unacceptable due to
only viewing its inclusion through the negative lens of the public conscience which
would limit any possibility of it being used positively to benefit behaviour. It may
be necessary to address these concerns on algorithms head on, by having potential
designers explore and conceptualise these extreme solutions and having potential
users react directly to the ‘evil” applications of Al they are concerned about, which
can help them to have a significant benefit to healthcare while still ensuring the ac-
tively problematic elements are addressed. This may resolve some of these mixed
public and professional opinions by actively demonstrating the interactions of the
AT to create a rounded and accurate understanding of how Al may be applied.

Ethics of Al

Rigby et al. proclaim that “Al systems can diagnose skin cancer faster, more ef-
ficiently and more accurately than a dermatologist, and only requires a suitable
collection of data rather than a costly and prolonged medical education" [308|.
However, current ethical guidelines for Al technology have not progressed to the
same degree. Despite attempts to engage in ethical conversations about this tech-
nology, medical professionals remain ill-informed of the complexities Al technology
introduces to the field of medical ethics [308].

For an Al system to be effective in health scenarios, patients must trust the
system. Human beings naturally aim to reduce uncertainty in their daily interac-
tions, and as such may be hesitant to welcome Al into their process of treatment.
Trust and accountability are key considerations for Al implementation, with fur-
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ther societal risks such as an intelligence divide between human doctors and Al
systems. Ethical risks stemming from Al algorithms overlooking human values to
make what it deems optimal decisions - similar to issues explored by Amodei et
al. - are also seen as important concerns in Al integration [139]. Al ethics sur-
rounding these concerns is well reported upon in the field of organised healthcare
in developed countries, but there is a severe lack of literature on Al ethics in low-
and middle-income countries, as well as in population and public health. This lack
of knowledge on Al usage in lesser-developed and more widespread healthcare may
lead to potential occurrences of bias against these groups and calls into question
whether ethical frameworks are equipped for these scenarios [265].

Mittelstadt et al. highlight difficulties in integrating medical ethics into Al
systems, as these ethics are often based on human concepts such as beneficence
and non-maleficence that a digital system may struggle to account for [256]. Much
as Gerke et al. questioned whether the current interpretation of informed consent
was equipped to deal with Al systems, Ganapathy calls for regulatory require-
ments to be established that can manage Al systems even as they change and
adapt. It is accepted that laws and regulations cannot keep up with the rate
at which Al innovation progresses, and any attempts to strictly regulate these
systems come at a cost to the ability of the Al system. An important consid-
eration is to differentiate between algorithmic errors and training errors and to
establish accountability in the event of decisions made by the algorithm that neg-
atively impact patients [122]. There are frameworks of regulations that exist to
try and guide the design of Al systems [181], but these often create issues of their
own. Hagendorff et al. found significant gaps in frameworks [144], and Whittle-
stone found that many sets of regulations were internally inconsistent and may
limit the ability of Al to perform effectively [382]. McLennan et al. suggest ‘em-
bedded ethics’ as a potential solution, integrating ethical experts throughout the
design process to ensure considerations are made during the initial design that
will prevent serious ethical shortcomings during future use. This is seen as es-
pecially important in healthcare, where black-box algorithms directly engaging
with vulnerable populations will require effective ethical consideration. Integrat-
ing ethicists into the process of design also helps these same figures predict and
anticipate social frictions that may arise as these technologies evolve [246|, and
may be able to adapt the design of problematic issues like informed consent [130]
and Al regulations [122] accordingly.

These concerns stand as barriers to widespread Al implementation in the
healthcare field, but it is also important to weigh them up against the poten-
tial benefits in these fields. Focusing too heavily on outcome metrics may cause
significant harm to users, but pivoting too harshly into strict regulations causes
significant harm to the ability of the Al algorithm to be effective. These arguments
must be resolved, and the design of Al systems for health and behaviour change
must adapt to account for these concerns and resolve them, such that the best bal-
ance between system efficacy and user acceptance can be found. It is important for
this balance to be found, as the potential benefits of Al are too great to abandon
them entirely. As stated by Alex Zhavoronkov, CEO of Insilico Medicine, "...Once
you realize what kind of impact this field can have, and what kind of tragedy a
delay could cause, stopping... would be a crime against humanity" [392].
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2.6 Designing Behaviour Change

Participatory Design could aid in designing new Al-enabled behaviour change
apps, with a strong track record in messy domains as part of third-wave HCI
approaches [35] and a history of dealing with sensitive ethical issues [128,333].
Using PD in the development and deployment of Al has shown potential in
healthcare [269] and can encourage responsible co-design by closing gaps of exper-
tise [331]. However, a lack of understanding about Al can undermine the efficacy
of the systems that are co-designed. Poel et al observed that when someone says
they will never engage with an Al, it can appear disrespectful to include one in
subsequent designs [361].

In addition, in participatory work, designers’ assumptions about the efficacy
of previous designs and user values can also constrain the design space in un-
helpful ways [330]. For example, designers’ assumptions that older users want
to avoid technology locks in limited scope for use in their designs [77]. Current
behaviour change systems are not effective, so basing designs on them can under-
mine designers. There are examples in real-world contexts of designer assump-
tions having a negative impact on the quality of the device |149|, but generally
this assumption-driven approach leads to reusing ‘tried and true’ designs while
challenging assumptions leads to smarter design and smarter products [330].

2.6.1 Designing for Effective Behaviour Change

Presseau et al., in examining connections between clinical techniques and free-
living interventions, stressed the importance of implementation science to enhance
the real-world impact of health behaviour change interventions. Presseau et al.’s
research placed focus on the means through which the intervention is delivered
as well as the outcomes in controlled settings, and stated that the surrounding
context of the intervention played a major part in determining how this should be
approached [294].

French et al, present a four-step approach to transform evidence-informed ideas
into effective and practical solutions. This takes a slightly different approach to
intervention design in that these four steps place their central point of reference
in theory, considering what is best practice based on existing theoretical under-
pinnings and evidence and avoiding what they deem as ‘pragmatic, rather than
theoretically informed, solutions’ [116]. This references a statement by Rothman
in 2004 that theory and intervention must be treated as interdependent factors
- Interventions must be based on theoretical foundations to give the best poten-
tial for successful outcomes, but additionally, theories must be rigorously tested
through intervention and therefore open to alteration or rejection based on the
subsequent outcomes [314]. The key to successful behaviour change is to combine
solid foundational theory with well-informed design to ensure that the intervention
has both evidence-supported means to influence behaviour, and solid implemen-
tation to allow for this evidence to be effectively presented.
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2.6.2 Users & Designing Intelligent Systems

Focus groups and participatory design sessions can help shape ideas around the
nature of a behaviour change technique. Participatory design in the field of co-
designing behavioural interventions has already been explored to a high level.
John et al. explore the benefits that co-design may bring to social learning and
the associated theories, with the outlook that an effective system can not just be
designed with optimised efficacy in mind. The inclusion of users helps long-term
use behaviour change systems to avoid design that leads to short-term success
but long-term failure, as said users are central to the motivations and outlooks
that lead to failure and can therefore explore how to best avoid these issues [182].
Carvalho et al, present participatory design for behaviour change as a necessary
step to combat arising issues within the field of behaviour change design. The
necessity for grounding intervention design in behavioural theory has been rightly
emphasised, but Carvalho et al, note that directing too much focus to behaviour
change theory and the rigid implementation of these techniques as written un-
dermines the potential of the system to influence. Directing interest too heavily
towards quantitative research with minimal interest in the process of develop-
ment effectively silences qualitative approaches that explore the reception of these
techniques to provide complementary perspectives, with stakeholder participation
wrongly diminished as a result of this [48].

There are a number of existing design techniques that provide the potential
to integrate these intelligent solutions into participatory design without the same
degree of backlash from users. User-centred design (UCD) is a widely used process,
first outlined properly in the 1970s as a design method to create systems that
aligned with the requirements of the user. As soon as techniques are implemented
in a user-facing system, users would be required to ensure optimal design of this
system for their use - Wever et al. liken this to the design of a diesel engine, in
that the design and construction of the engine require no user input, but sound
and feel once the engine is in the car require user engagement to adequately
resolve any arising concerns [|380]. Gaynor et al. use UCD to design intelligent
systems as a two-pronged approach, by both examining general ideas and desires
in the application space and by discussing methods through which researchers
could improve upon common examples of these applications, finding both what
is desired and what is currently missing [129]. Arguing the need for user-centred
AT in radiography settings, Filice & Ratwani describe the potential for additional
issues where intelligent technologies are implemented without user input, mainly
in the case of unexpected errors as a result of limited consideration for how the
outputs of these technologies synergise with the people using them - similar to
Wever et al.’s diesel engine analogy, the intelligent technology may be highly
effective for the sole purpose of its design but will present many unexpected errors
once exposed to the requirements of the user, as each requirement would require a
thoroughly different approach to design and implementation from the outset [112].
An additional consideration presented here is the need to plan for all use cases;
While the case of radiologists reading results directly from the algorithm may be
the primary point of communication, other points of communication with patients
and other doctors are also frequent and would require vastly different levels of
presentation which must be considered during design [112]. An article by Guszcza
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on the benefits of user involvement in Al development further supports this idea
of relevant data presentation, while also presenting the necessary considerations
of possible psychological impacts an Al left to work without necessary restrictions
can inflict. Guszcza also discusses the ‘Paradox of Automation” where as a system
becomes more effectively automated, the few instances where user engagement is
required must be given more consideration, as the values and motivations of the
user will become more complex and more central to the maintained operation of
the system [140].

Experience Based Co-Design (EBCD) attempts to integrate social and cultural
factors into design. EBCD was used by Fylan et al. in the design of intervention
for safer medicine use, where the experiences of the users both in the general con-
text and in previous uses of interventions are integrated into the design. EBCD
is typically used in isolated scenarios to resolve issues in design, but Fylan et al.
approach design from a more abstract level to assess real-world issues. Their work
examined resulting co-designed systems at a component level against the taxon-
omy of behaviour change techniques to understand the theory below each design
decision, before combining successful components into a core intervention [120].
This process of approaching design aligns with the intended approach of our con-
ceptual blueprint, by designing individual components rooted in behaviour change
techniques and then presenting either single components or component combina-
tions based on the potential for high efficacy. Integrating the experiences of users
into the design of each component is essential to ensure that they are perceived to
be effective and feasible, but also that they present good potential for long-term
impact. Another approach designed specifically to suit this purpose is the Par-
ticipatory Action Research process based on theories on Behaviour Change and
Persuasive technology (PAR-BCP) as presented by Janols & Lindgren [177]. The
PAR-BCP derives its approach from a small subset of behaviour change strategies
as presented in the work of op den Akker et al. [274], using these as a foundation for
the makings of a successful real-time behaviour change application. These strate-
gies are then thoroughly explored through the eyes of the end-users involved in
the process, with each strategy used as a focal point for user experiences, attitudes
and desires. This produces a comprehensive idea of how the user views technology
in this space and what they would both require and desire from a designed system
for long-term use. These idea of integrating user attitudes and outlooks into the
design of the system through the lens of established effective concepts is crucial to
optimise the chance of success, and they represent a key focal point of the design
work within the development of this system.

Analysis of current approaches to connect user needs with the design of intel-
ligent systems presents some ideas of how to approach design in this space while
also outlining certain issues. However, the current approaches all lack the means
to challenge assumptions and better understand the core values of both experts
and users. Processes such as PAR-BCP and EBCD are more effective in under-
standing the theory behind design, but this focus on theory is still potentially
limited by unfounded concerns held by those involved in the process. Only by
directly addressing these misconceptions and more directly leveraging values and
efficacy against each other to understand their relationship can we uncover a more
effective design space and develop more efficacy-driven behaviour change concepts.
There are other processes which attempt to blend design with user input, with
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the Person-Based Approach proposed by Yardley et al. being a prominent exam-
ple [397]. The key premise of the Person-Based Approach is the development of
‘guiding principles’ based upon in-depth qualitative discussions with users which
state the key objectives and features of the designed intervention to ensure these
objectives are satisfied. These principles cover undesirable intervention features
and user perspectives on the space which can be used to shape the eventual de-
sign. An example provided by Yardley et al. is the decision to not include context
sensing to detect potential behaviour change moments due to users being sceptical
about the potential negative effects of context sensing on their behaviour, instead
using it for another purpose [397|. The Person-Based Approach and similar ap-
proaches will be discussed further in Chapter |4]in relation to the Effect-Led Design
process which serves to resolve some of these misconceptions and disconnects be-
tween design and user.

2.7 Chapter Summary

This chapter has explored the literature space which surrounds the outlined topic
of the thesis, providing a general context with which to immerse the mind to best
understand the work going forward:

e Physical activity and sedentary behaviour in terms of their definitions, rec-
ommended guidelines to maintain health, and the possible effects stemming
from not meeting these guidelines

e The concept of motivation, especially regarding engaging in healthy be-
haviours, and an overview of behaviour change techniques which may be
used to guide physical activity and sedentary behaviour improvement.

e Digital approaches to influencing behaviour, specifically around current sys-
tem approaches, the space of personal informatics, and overall adherence to
systems attempting to promote positive behaviour change

e The introduction of a possible solution in personalised behaviour through
artificial intelligence algorithms, covering intelligent algorithms concerning
both direct application and their perception in the wider space.

There is a clear need within this space for more effective behaviour change
systems, to avoid the common issues of abandonment and lack of long-term suc-
cess. In this section, we have seen evidence that there is potential for this effect to
be driven by adaptive, personalised systems which can better align the approach
of the intervention platform with the user receiving this intervention, as well as
some early emerging evidence that this adaptation and personalisation could be
powered by Al algorithms.

There are a number of challenges to overcome in the space of adaptive Al
approaches. The main issues with the inclusion of Al are problematic deployments
which do not properly account for the user on the receiving end and said users
being generally sceptical towards the use of Al in a system intertwined with human
health and behaviour. These issues cannot be resolved in implementation alone
- They must be addressed at the point of design, ensuring systems are properly

30



Chapter Summary CHAPTER 2. BACKGROUND

tailored to maximise positive outcomes for users and that the needs of these users
are accounted for and their concerns are properly addressed.

We expand upon these early conclusions further in the following chapter, Chap-
ter [3] which will present a literature survey which follows on from the final bullet
point raised - Current approaches to personalised behaviour change, both with and
without AI algorithms, to find where impact is currently seen and where there may
be potential for greater impact in spaces not currently effectively explored.
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CHAPTER 3

A TYPOLOGY AND LITERATURE
SURVEY OF DIGITAL
PERSONALISATION FOR HEALTH &
BEHAVIOUR CHANGE

Digital healthcare is rapidly cementing itself as a central pillar of public health.
This is supported by wider opinions, with many enthusiastic about the ability
of digital health technologies to “revolutionise and ‘disrupt’ medical and public
health practice and produce better outcomes for patients" [228|. A major charac-
teristic of digital healthcare systems that must be considered is that of individual
applicability. A potential route to increase this applicability is the use of artificial
intelligence and big data to allow for decisions to be made on an individual level
by utilising voluminous, heterogeneous and noisy data [208]. However, research
on Al with personal digital health and behaviour change is scarce.

Figure [2| provides an outline of the key components of an Al-driven, behaviour
change system, including work prior to design and various factors that influence
the actions of the system. This system uses regularly captured user data to tailor
content to the user and best work to improve both the ability of the user to change
and the ability of the system to promote such change.

The concepts set out in Figure [2| bring together disparate ideas and concepts
found throughout the literature on how digital systems should be approached to
encourage better behaviours. The ’Approach to Personalisation’ component (in
purple on the left-hand side) represents the theoretical ideas presented by Be-
haviour Change Techniques and personal informatics, as well as different models
of behaviour alteration which may impact the selection of approach depending on
how they are perceived to impact individual users. The inclusion of a dedicated
component regarding design (in green on the far left-hand side) is to ensure that
extensive research into design methods and the design of personalised technologies
is represented within these technologies. The focus on the design of these systems
is also included in response to concerns unearthed within the secondary health-
care space - many of the concerns surrounding the design and deployment of Al
algorithms within healthcare would be effectively addressed through an in-depth
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Figure 2: Key components of an Al-driven behaviour change system

and inclusive design process. The inclusion of pre-defined rule sets for certain
approaches (in orange at the bottom of the diagram) reflects the general discus-
sions on the need to tailor content to individuals, as well as specifically reflecting
the comments of Castro et al. on connecting lifestyle and health approaches [49|
which links the theoretical basis of approach and design to the tangible interven-
tion platform.

The intervention platform is not specified, as literature on connecting lifestyle
to approach and exploring the relationship between people and their informa-
tion needs [326] indicates this platform is heavily dependent on the context in
which the intervention is deployed. The generalised approach of analysing the
effectiveness of a shifting outcome goal reflects the ideas of Stamatakis [335] and
Pogrmilovic that the concept of the ideal goal is undefined and the measure
by which effectiveness is determined may need to adapt and evolve along with
the user and their situation. Comparisons against previous results (dark blue) are
not only essential for the functioning of both a repeated behaviour change inter-
vention and an intelligent system relying on user response to improve the model
but also connect to elements of adherence by allowing a reflection on previous
success and predicting upcoming disengagement. Additionally, the benefits listed
by Henriksen et al. in the interest of adherence - accurate tracking, knowledge of
behaviours and conscious acknowledgement of activities - may be most effectively
reflected in active and passive comparisons to previous behaviours. The inclusion
of machine learning exists to serve the necessary shifting of goals and approaches
as described by Shin et al. [326]. Additionally, the use of machine learning (dark
blue) in combination with dedicated rule sets (orange) and contextual information
(light blue) furthers the ideas described in Section 2.2 on scaffolding the efforts of
the Habit Formation model in transitioning behaviours from extrinsic to intrinsic
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- Having multiple rule sets for behaviour change, combined with a knowledge of
contextual factors, allows for the system to select best-fit sets for maintaining mo-
tivation engagement, reflecting the closing statement of Section 2.2 in 're-framing
the design of behaviour change applications’.

The extent to which contemporary behaviour change research reflects the ideas
set out in Figure[2|is unclear. Many systems make use of a single static approach to
personalisation which remains either unchanged or undergoes minimal alterations
at set intervals. Users are effectively woven into the design of these approaches,
but we believe intelligent, real-time personalised systems represent what designers
should build around going forward. Such systems may exist, but it is difficult to
identify such systems given their rarity and the associated difficulties in drawing
out these lesser-seen systems from the wider design space.

Due to the relative immaturity of the area, these difficulties are exacerbated
by the lack of a clear structure of classification for the approaches included within
personalised digital health. This chapter builds the foundations of this typology by
examining the literature with regard to approaches and the exact nature of system
personalisations. This chapter will then conduct a survey of the literature using
the newly established typology to identify trends in personalisation approaches
and find where innovation can be pursued.

This chapter and associated literature survey serve to answer question SQ1:

What Al implementations exist currently in the landscape of health and
behaviour change, and where exists scope for Al innovation?

By exploring not only if AI implementations for personalised health and be-
haviour are currently visible in the research space, but also what exists more
generally - By establishing a clear picture of the overall landscape of personalised
health and behaviour change, we gain a clearer picture of what methods currently
exist, intelligent or otherwise, which allows us to further identify spaces where
innovation is possible. The typology and subsequent classification of the space
presented here create a more structured view of the research space with which
gaps for innovation can be more clearly identified. It should be noted that the
content of Figure [2|does not contain a direct parallel to the literature classification
presented in this chapter. This survey does not exist as an element of this key
components diagram, but rather as a means to align this diagram with the wider
research space. If the literature described in Chapter [2| serves to illustrate the
direction we believe the research landscape should progress, then this classifica-
tion serves to provide a much clearer lens through which to see if this proposed
direction lines up with the current state of contemporary research.

3.1 Literature Review Method

3.1.1 Need for Review

This survey establishes the beginnings of a classification system for personalised
digital health and behaviour change systems. The need for such a classification
and review is simple: the technique content and digital components of digital
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health systems, as well as the exact personalised approaches, are difficult to de-
scribe in an easily comparable way. To reiterate, this classification uses the term
‘personalisation’ to mean a system or element of a system that is based upon or
targets a personal characteristic of a user.

By providing the ability to compare personalisation approaches, designers can
better observe the current space; A typology of personalisation approaches could
allow designers to identify opportunities for future research, using these oppor-
tunities to fully explore and optimise personalised digital health and behaviour
change in future implementations.

3.1.2 Search Strategy

Literature search terms captured personalised systems and a health and behaviour
change focus. These search terms were developed by analysing a small subset of
literature and finding terms which commonly appeared within this literature, as
well as expanding certain terms to words assumed to be regularly used within the
same area, e.g. including the term ‘app’ alongside the commonly used ‘applica-
tion’, as well as allowing for expanded versions of ‘personal’, e.g. personalised,
personalize, personalise. One search term was used originally, which was then up-
dated based on initial findings and the discovery of literature not captured within
the first term.

1. ((personali* OR tailor*) AND (custom™® or bespoke) AND (intervention*
OR app OR application OR trial) AND (behavio®) AND (design™® or hard-
ware)) - This term was used initially to scope out the space. This set of
terms captured the important elements desired for the survey, but also in-
advertently eliminated possible papers from being included. ‘Personalisa-
tion” and ‘tailoring’ were captured in the initial search terms, but common
synonyms observed in later papers were not captured here. ‘Intervention’,
‘trial’, and ‘design/hardware’ often returned human-delivered personalised
interventions, which were outside the survey scope.

2. ((personalis®* OR personaliz* OR tailor* OR individualis* OR individualiz*
OR adaptive OR adaptable) AND (ehealth OR e-health OR mhealth OR m-
health)) - The refined term, capturing the majority of the papers included
within the survey. This search removed terms which produced irrelevant
results, as well as including additional search terms seen in referenced liter-
ature not captured by our terms. Outside of ‘personalisation’” and ‘tailored’,
individualised and adaptive systems were added to the search as these were
often found in the titles and abstracts of relevant papers missed by the initial
terms. The collection of terms such as intervention, behaviour and design
were collated into m-health or e-health, which is also a commonly observed
term both in papers found in the initial search and relevant results not cap-
tured.

These search terms were used on the PubMed, Web of Science, IEEE and ACM
digital libraries. Following this, the ResearchRabbit literature searching tool was
used to find papers linked to those already found.
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The scope of our survey covers digital interventions focused on health or be-
haviour change, where the major component of the intervention is personalised.
Only papers published between 2000-2021 were included to effectively capture re-
cent developments in the field. Inclusion criteria covered any paper presenting
a digital intervention which used personalisation to change health or behaviour.
These interventions had to be delivered on digital platforms, and the personal-
isation had to be a core aspect of the research being conducted, although the
personalisation did not have to be conducted by the digital system to be included.
Exclusion criteria covered papers published before 2000, papers which did not
present a defined intervention, e.g. a theory of how to change behaviour, or sug-
gested innovations to systems for changing behaviour, and papers which presented
human-delivered interventions without digital components.

3.1.3 Paper Overview

Literature searches resulted in 238 papers, 37 of which were out of scope. Following
further analysis, 174 papers were examined in this survey from 91 different journals
and conferences. Figure |3|shows the most prominent of these journals and confer-
ences, indicating which disciplines are spearheading personalisation research. 11 of
these journals/conferences covered a computing discipline, representing 15 of the
174 papers (8.6%). The majority of published papers covering personalised digital
health and behaviour change originate from health or sport science backgrounds.
The three most prominent authors across the papers included, those being Hein
de Vries (12 papers), Corneel Vandelanotte (11 papers) and Lilian Lechner (9 pa-
pers), are all primarily health researchers, although they present specialities in the
digital systems domain (Vandelanotte in app-based interventions and Lechner in
computer tailoring).

The majority of papers focused on Physical Activity and Health Management,
both at 26% of the 174 papers. Smoking Cessation (7%), Weight Management
(7%) and Wellbeing (6%) were present in at least 5% of papers.

3.1.4 Limitations

Personalised systems are relatively new and as such their content is less reported
upon. Additionally, health and behaviour change systems are more commonly
reported upon in non-computing fields such as behavioural science and medicine.
This reduces the likelihood that computing-specific elements will be reported upon
in high detail, which limits the ability to discuss these features in-depth within
the classification itself. This will require additional insight when reading papers in
these fields to draw out any computing elements, and how exactly they factor into
system personalisation. There is also potential that the search terms were still too
broad, although this is difficult to navigate as narrowing the space requires the
subsequent typology to know what to search for.

3.2 Personalisation Typology - Core Classification

A key contribution of this survey paper is a typology for personalised digital
health and behaviour change interventions. The typology specifies how a system’s
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Figure 3: Journal and conference prevalence in included papers

personalisation is implemented, as well as providing insight into personalisation
outcomes. These categories are broken down further into specific labels which
clarify the nature of the personalised system, the data and methods it utilises,
and whether this personalisation results in a positive outcome.

This section covers the core classification dimensions of the Personalisation
Typology structure, which covers the high-level classification of such systems for
the main points of comparison. A visual description of this structure can be seen
in Figure [4]

3.2.1 Core Classification Development

The ’core classification’ provides a set of dimensions to directly compare how per-
sonalisation is approached within a system. This set of dimensions was developed
by identifying examples of personalisation in the literature, and in what ways these
differed from each other. For example, Noar et al. present an online system
which records lifestyle choices to present recommendations for safe sex practices,
and Lim et al. present a smartphone-based fitness intervention which uses
real-time environmental tracking to provide in-the-moment recommendations for
positive behaviours. On the surface, these may appear unrelated, but certain
comparable factors can be drawn out:

e Noar et al. base their intervention upon a single data point, while Lim et
al. use multiple data points collected in real-time at the point of need;

e Noar et al. use a fixed set of rules to respond to certain lifestyle choices with
certain recommendations, while Lim et al. learn over time the needs of the
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Figure 4: The high-level structure of the Personalisation Typology level of the
classification

user and how to best provide behaviour recommendations;

e Noar et al. tailor their content generally based on shared lifestyle character-
istics, while Lim et al. base their tailoring on specific user features obtained
through use;

e Noar et al. tailor recommendations to the attitudes of individuals, while
Lim et al. use contextual information and in-the-moment behaviours to
determine which recommendations are made

Differences such as these provide the core classification dimensions of the ty-
pology as described in Section [3.2] The specific classifications within these di-
mensions were developed using an iterative, bottom-up approach defined based on
what was observed within the space. These were also developed to uncover certain
ideas about behaviour change technologies as seen in the literature - Comments
on the need to adapt personalised goals and to change approaches over time in-
formed how the space may be perceived, e.g. the dimensions of Method being:
fixed personalisation by a human designer; personalisation which can adapt based
on defined rules as implemented by a human designer; and personalisation which
can adapt based on the in-use observations of the system. These classifications
were also challenged when papers were analysed which did not fit into the classifi-
cations or classifications were unclear or rarely seen. For example, Intervention
Specificity was divided into Content and Delivery when it became apparent
that different interpretations of where personalisation was observed could change
where a paper was classified.
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3.2.2 Personalisation Method

e Human Personalisation encapsulates personalisation approaches which
are established manually in the system during design, and therefore represent
a fixed personalisation of the system. These types of personalisation are
often based on a specific disease or culture, which would have a standardised
response and could therefore be ’hard-coded’ into the system. An example of
this would be intervention content personalised to region-specific barriers and
culturally-specific norms to directly target challenges in changing behaviour
[371], or tailoring materials to male audiences, such as using males in example
videos or trying to match humour and tone males respond more positively
to [399).

e Rule-Based Personalisation is personalisation that is not hard-coded
to a single group or single approach, but the rules for personalisation are
hard-coded, and cannot intelligently change through use. Algorithmic per-
sonalisation such as specific pre-written feedback and educational materials
selected based on specific barriers are examples of Rules-Based Personalisa-
tion. Examples include an automated system which selects a small number
of messages from a large bank of motivational text based on user answers
during a start-up questionnaire [104], or an automated system to provide
personalised feedback on dietary intake, including a method for the system
to select the best-matched health goals to target behaviours [153].

e Intelligent Personalisation represents data-driven personalisation through
machine learning. Examples of this include creating ’life profiles’” and intelli-
gently altering these profiles to best target problem behaviours, or selecting
methods based on prior user outcomes and responses. Intelligent interven-
tions often use more advanced approaches due to the wider range of possible
applications provided by learning capabilities. This can be using prior ac-
tions by all users to assess the best intervention content and timing [5],
selecting optimal comparisons with other users through the learned patterns
of the user [89] or even creating situational models directly linked to states
of behaviour to provide more accurate tracking of behaviour [45].

3.2.3 Personalisation Frequency

e Pre-User Personalisation defines personalisation before system use. This
covers cultural personalisation, as well as personalisation specific to health
conditions. Pre-User Personalisation follows a similar train of thought as
Human Personalisation, allowing for aspects of personalisation that would
be unchanged such as information on targeted conditions to be implemented
for immediate user benefit. Examples include lifestyle recommendations to
address common genetic health markers and tailored information specified
to the target culture and associated norms [64].

e Initial Personalisation covers systems tailored based on a single data
point obtained from user input upon first use. An example would be an
on-boarding questionnaire which determines barriers to behaviour, and then
tailors messages or techniques to target these barriers. Examples include
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developing a ’risk profile’ from an onboarding questionnaire which informs
the selection of intervention modules [362| or allowing a user to develop their
own profile for the system to base selection of content upon [365].

e Regular-Interval Personalisation includes interventions which select per-
sonalised content based on regularly-calculated values. For example, a per-
sonalised daily goal that is calculated based on user actions in previous days.
Regular-Interval Personalisation covers numerous applications, from the pre-
viously defined daily goal assignment |[3,/370], to selecting expert-designed
modules at time intervals to respond to symptoms and situations as they
arise in the user [364], to more niche uses such as daily recordings of UV
levels used to encourage changes in behaviour to avoid excessive levels of UV
depending on provided skin type |156].

e Real-Time Personalisation applies to systems that personalise content in
real-time. Real-time personalisation covers approaches such as live feedback
to actions or just-in-time notifications in proximity to problematic locations.
This level of personalisation can be used to recommend real-time fitness
plans with accompanying feedback [304] or to provide real-time behavioural
recommendations based on immediate context such as time and location

[160,222).

There is some potential confusion distinguishing Real-Time Personalisation
from Regular-Interval Personalisation, as while a system may work with real-time
data capture and calculations, the presentation of the personalised content limits
this. A system that collects fitness data and behavioural habits in real-time, but
uses these to present once-a-day feedback, is a Regular-Interval Personalisation
system as the user-facing personalisation is only presented at regular intervals.

3.2.4 Personalisation Specificity

Personalisation Specificity is divided into two subcategories - Content Speci-
ficity and Delivery Specificity

Intervention Content Specificity covers the degree of specificity of inter-
vention content tailoring. Individual Specificity in Intervention Content Specificity
is often seen in Real-time, Intelligent systems as content is ever-changing and
tailored specifically to the user, although less intelligent solutions such as com-
parative metrics between user-specific values and user-specific goals would also
classify as individual.

Intervention Delivery Specificity covers how the system delivers person-
alised information. This covers factors feeding into which tailored messages to send
to the user, or using contextual information to determine when content would be
best received. Individual Specificity in Intervention Delivery Specificity is the more
commonly seen, as this simply means that personalised content is selected based
on individual factors. This would cover pre-designed personalised content selected
for a given user based on individual factors such as questionnaire responses or
demographic data.

e Individual Specificity covers personalised materials specified to an indi-
vidual user. This includes presenting techniques that apply to specific user
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barriers or providing user feedback based on positive or negative actions
against the presented goals. Individual feedback covers a very broad area of
the scope, including implementations such as messages populated with infor-
mation sourced from progress diaries [67], aligning materials with personally-
held barriers to behaviour [69,79}/143,(157], or learning specific information
about the user to tailor materials and timings more directly [136,/146].

e Small-Group Specificity describes content specified to a group within
the intervention scope. Groups may be clustered based on age, education
level or specific conditions, with content tailored to the group generally, e.g.
educational materials for a given condition or materials presented in easily
digestible ways for lesser-educated individuals. Small-Group is common in
interventions that base their approaches on Stages of Change [183,|189}206,
280], but also is used for groups of similar conditions or condition severity
[72,106/,197.224] or to address conditions which could affect ability to engage
with interventions [8}251].

e Regional Specificity covers broad elements of personalisation. A good
example of Regional Specificity is cultural tailoring, where personalisation
materials are developed to apply to a given race or culture, which could in
theory apply to a wider group than a condition that other interventions may
target |7,/168,319,1371].

Personalisation Specificity is selected based on the deepest level of personali-
sation - while elements of Regional Specificity are present in the majority of ap-
plications, these tailored interventions frequently present more specific examples
of personalisation at Individual or Small-Group levels.

3.2.5 Data Types & Context Specificity

Data Types covers categories of data used by the system for personalisation. This
helps to determine which avenues of data are most prevalent in personalisation
requirements, and if there is any possible correlation between the collection of
certain data types and positive or negative outcomes in terms of efficacy and user
interaction:

e Demographic - High-level user classifications related to personal character-
istics separate from conditions. Demographic data covers data such as age,
sex and location. This data is central to tailoring manually tailored interven-
tions assigned to age or culture but is also present in personalising feedback
and information presentation. Demographic data has a variety of uses in-
cluding using demographic data obtained on start-up to tailor materials [90],
selecting tailored content based on demographic and social contexts 29|, or
using demographic data to inform a trained model as to which information
is most relevant [237].

e Biological - Bodily characteristics or values that would affect courses of
treatment, and in turn, influence selections of intervention content or help to
personalise feedback and technique selection. Biological data would include
medical conditions [98}/132,/133,/163,/184|, risk of disease [84}[238] or more
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quantifiable metrics such as heart rate |73,91},369], blood pressure [63] and
weight [72,[105,[170).

e Motion & Location - Accurate tracking of user movement for use in
refining intervention content or providing tailored feedback. This can be
high-level movement tracking such as GPS tracking distance travelled [358],
or more specialised movement tracking such as mobile phone accelerome-
ters [402] or dedicated activity trackers [219}320}328].

e Attitudes - Attitudes users hold towards their behavioural change, be it
positive intentions towards changing behaviour [59}/175,211[259|, or self-held
barriers to engagement [38,79,(157,270,[381]. This covers common psycho-
social correlates such as motivation [21,|117}/186,206|, 284, self-efficacy [39,
136}259,267,273| and self-held beliefs [38,53,88,90,[170], as well as selecting
intervention content that is specifically designed to target given user issues
[59,(90,(143].

e Behaviours - User behaviours used to select intervention approaches. These
are mainly collected to determine a necessary intervention starting point,
using baseline behavioural engagement to assign relevant content [151}219,
277,299/,320,363,[3701377,385]. However, this is also used to record necessary
risk behaviours e.g. diet [67,/114,(136||153} 375, activity [17}76, /134,148,
300,1365] or drug use [74]. This data type may also apply to behaviours
captured during the intervention, used to reassess and tune intervention
content, tailoring goals or feedback to user actions [63,80,320| or using user
feedback to determine content selection later in the process [5,166,315,398|.

e Environment - Contextual information is used mainly to optimise the
delivery of selected intervention content or to determine ideal content for
given conditions. Environmental Context includes data such as time of
day [113}232], weather [160] and location data [45,]134.|198,222,268300| for
making sensible suggestions - activity recommendations during work hours
or bad weather may be ignored. Factors such as the availability of stairs
over elevators or alternative walking routes over bus transport to replace
behaviours are also included [198].

Contextual Information Specificity indicates the specificity of the informa-
tion gathered for personalisation. This typically aligns with content specificity, but
there are minor edge cases that require these to be recorded separately. Contex-
tual Information Specificity is recorded as one of Individual, Small-Group,
or Regional.

3.2.6 Comments on the Core Classification Dimensions

A discrete system of classification allows for direct comparisons between inter-
ventions. This system can then be applied to both developed intervention areas
and those with a high potential for innovation and advancement. The core clas-
sification dimensions defined here allow researchers to view personalisation with
greater granularity, which then allows them to see how this process is conducted
and whether changes need to be made.
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These discrete levels of personalisation can then be connected to outcomes
of personalisation (as defined below) to view the outcomes of the most common
approaches, as well as view whether there are rare combinations with frequent
positive outcomes which deserve further investigation.

3.3 Personalisation Typology - Personalisation Out-
comes

/—‘ Personalisation Outcomes J—\

State of System Personalisation User Interaction

5 Efficacy Experience
Theoretical

Positive Interaction

Positive Impact

Untested

Negative Impact Negative Interaction

Tested

No Impact Neutral Interaction

None Reported None Reported

Mixed Interaction

Figure 5: The high-level structure of the Personalisation Outcomes level of the
classification

As well as the core classification dimensions of the typology, there are further
observations within this survey which cover the nature of the intervention system
itself and the related study outcomes examining these interventions. The structure
of the outcomes dimensions can be seen in Figure [5]

3.3.1 Personalisation Outcomes Development

As well as the actual mechanisms of personalisation used by a system, an important
part of a system to explore is how the system performs. The core classification
dimensions allow for the effective sorting and comparing of personalised digital
systems, but an important additional consideration is whether certain classifica-
tions or combinations result in more effective systems. As such, the outcomes of
the systems were included as an element of the typology so it could be established
where certain elements may translate into consistent effective outcomes.

The overall state of the system was included to both explain many papers with
no results and also to give an indication of whether certain levels of classification
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were prominent within the space or should be perceived as an upcoming trend
within the literature. For example, if Intelligent systems were listed on their
own, a high number may indicate that these are commonplace and would raise
questions about the high levels of Rules-Based systems existing concurrently.
However, if these Intelligent systems are simultaneously shown to be mostly
Theoretical or Untested, this suggests a new point of experimental focus that
may soon become more commonplace.

Both efficacy and user experience were included in line with the literature,
and concerns surrounding the current state of these systems. In much of the
literature on behaviour change systems and in particular work on adherence and
abandonment (seen in Section[2.4.2)), there was a clear trend of systems which may
have been positively received but showed limited examples of effective behaviour
improvement. Similarly, in the field of secondary healthcare specifically relating
to intelligent systems (as seen in Section , many concerns were around the
potential lack of user consideration if these systems were designed to be highly
effective. By considering both system efficacy and user experience within the
typology, it can be seen if certain classifications report high positive responses
in either area and classifications or combinations of classifications which report
positive outcomes in both can be taken forward as highly desirable systems within
the space.

It must be acknowledged that any single positive outcome could be subject to
uncertainties stemming from empirical studies. However, this fact is true of all
research, as it is the nature of research itself. A single positive outcome may not
be strong enough to establish the perfect solution to digital health personalisa-
tion, but some positive outcomes which share similarities within the scope of the
typology could indicate a potential space for positive innovation which should be
explored further.

3.3.2 State of System

State of System covers where the personalised system sits within the process of
initial conceptualisation to being completed and tested:

e Theoretical discusses systems presented mostly as concepts or possible ap-
proaches to a personalised system. Physical implementations may not exist
due to time or technical limitations, but the system must be outlined in
terms of an exact implementation.

e Untested describes a system with a digital implementation that is yet to be
tested by users. Much of the Untested literature is study protocol papers or
similar outlines of studies yet to be conducted with details of planned user
studies outlined later in the paper, although some are presented instead as
proof-of-concept implementations without the intention to test.

e Tested covers systems with real-world digital implementations that have
been tested with end users to determine effectiveness and user experience.
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3.3.3 Personalisation Efficacy

Personalisation Efficacy, applicable only to Tested systems, covers how effec-
tive the personalisation was in driving the target behaviour:

e Positive Impact, where the personalisation within the system resulted
in a more beneficial outcome in terms of behaviour change than a non-
personalised equivalent.

e Negative Impact, where the personalisation reduced the overall effective-
ness of the system.

e No Impact, where the personalisation did not affect behaviour.

e None Reported, where the results do not touch on efficacy - such as studies
focused on acceptability and feasibility - or pre-test literature where there
are no results to speak of.

3.3.4 User Interaction Experience

The other observation from Tested systems is User Interaction Experience,
which covers reports from user participants on the usability and overall experience
provided to them by the personalised components of the system. This can cover
feelings that personalised feedback is more accurate to their needs, or perhaps
personal feelings on the nature of the personalisation and its role within the system
as a whole:

e Positive Interaction, where user feedback towards system personalisation
was positive, and included positive reflections upon the actions of the system
and their interactions with it.

e Negative Interaction, where users were displeased with their interactions
with the system personalisation, be this in feelings towards the system or
their direct personalised outcomes.

e None Reported is present for Untested and Theoretical systems, but also
exists for situations where system efficacy is the only observed outcome and
no consideration for user experience or opinion is included within the re-
ported results.

e Neutral Interaction, where opinions are captured on the personalised sys-
tem, but these opinions do not display notably positive or negative attitudes.

e Mixed Interaction covers situations where user opinions cover both pos-
itive and negative opinions. This could cover situations where different as-
pects return different opinions, such as positive attitudes towards person-
alised feedback but negative attitudes towards the intrusive nature of the
personalised system, or mixed opinions on a single aspect such as positive
attitudes towards selection of techniques but negative attitudes towards the
quality of tailored feedback.
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3.4 Personalisation Typology - Personalisation Ob-
servations

Further observations serve to elaborate on certain aspects of the examined systems
which do not fit into set categories. These data categories are not suitable for
large-scale comparisons, but instead provide additional details to allow for the
separation of systems within a given classification.

These classifications were established to capture elements of a system or its
personalisation which did not fit into discrete, comparable dimensions. For ex-
ample, where Data Types as a dimension captures high-level types of data, the
further observation classification of Captured Data captures the exact data that
is collected which may be central to understanding how the types of data translate
into the personalisation. Similarly, a system reported as Intelligent simply means
it contains some intelligent algorithm, and it is the role of Personalisation Al-
gorithm to establish what that algorithm is, helping to further understand how
the system operates.

The first of these observations is Personalisation Algorithm, the specific in-
telligent algorithms that are used in intelligent personalisation to examine which
algorithms are commonly used in personalisation systems and to see if an associ-
ation exists between certain personalisation algorithms and system efficacy. If a
given algorithm more typically results in an effective system, then recording this
association allows for such algorithms to be favoured in future.

The next is System Platform & Included Devices, the medium through
which the system exists. This exists to note the prevalence of certain mediums
(internet-based, mobile-based or otherwise), as well as any external sensors or
devices that are included within the scope of the intervention to view whether
external hardware is utilised and whether this has a notable impact on the outcome
of the system. The most common example of this is a dedicated step counter or
activity tracker, although other more specialised examples exist.

The third observation within this area is Captured Data, an expansion of
the discrete Data Types that clarifies the exact data that is being collected to
tailor the system. This helps gain extra insight as to regularly occurring data
which could be pinpointed as useful to the personalisation process. For example,
while Attitudes is useful for large-scale comparisons between personalisation ap-
proaches, knowing specifics such as motivations or mental barriers helps find how
these attitudes are used and which are deemed necessary to personalisation.

Methods of Data Capture captures information on how data is obtained.
The majority of these cases will be user input or researcher input in cases of
Human Personalisation, but cases in which automated data collection is utilised
may produce some interesting outcomes in terms of efficacy and user interaction.
There is the potential that automated data collection, be it through a mobile
device or dedicated sensors (which would be captured by System Platform &
Included Devices) could provide more nuanced behavioural insights and in turn
improve the ability of the personalised system to affect behaviour. Combining this
non-discrete method data with the discrete insights of efficacy and user interaction
could cast some light on this potential.

The final further observation is Personalisation Approach which captures,
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in essence, what the system does. This is arguably one of the most important
observations in the entire system as it covers the personalised actions for the
system and how each personalisation is applied to help change the behaviour.
These approach observations are not directly comparable due to the broad nature
of these systems and the lack of discrete implementation categories. However,
these findings can help observe the approaches taken by Positive Impact systems,
as well as novel Intelligent or Real-Time systems. These findings can also help
to further explore whether novel systems take full advantage of algorithms and
user data to present effective intelligent personalisation.
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Table 3.1: Table of all papers within the literature survey, listed in terms of the primary classification
measures and grouped by journals and their associated disciplines
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Table 3.2: Expanded citations for letter representations seen in table

3.4.1 Analysis

The 174 papers were examined by the lead researcher. The classification was fully
explored beginning with the Core Classification, and followed on by Personali-
sation Outcomes and Further Observations. For each dimension, the paper was
read through to determine where it best fit. In many instances, this was unclear
due to the novelty of the terms and the heterogeneous terminology of the multiple
disciplines the papers were sourced from, and classification was determined based
on which best aligned with the available descriptions of the process. For further
observations, this was more straightforward due to their non-discrete nature, as
these elements were often taken near-verbatim from the paper to ensure accuracy
within the classification.

Following the completion of the initial full paper classification, the results were
examined by at least one other member of the research team to ensure agreement
between reviewers and to clarify any issues where classifications did not align.
This finalised the classification presented in this survey paper.
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Figure 6: Totals of classifications grouped by journal discipline

Table shows the full survey, listed under the primary classification charac-
teristics of Method, Frequency and Specificity, grouped by journal and discipline.
Table expands any lists of citations which were too long to be presented in the
table. This table helps show which disciplines are pursuing certain areas of the
research space, as well as identifying at a glance which areas of the classification
are highly populated and which present spaces that are either obvious areas to
avoid, or uncovered areas of innovation and potential success.
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Method
Frequency Human Rule-Based Intelligent

Pre-User 2 3 1

Initial 2 3 19 7

Regular-Interval 4 1 25 1 13 1

Real-Time 11 12

Individual | Small-Group |Regional |Individual| Small-Group |Regional [Individual | Small-Group |Regional

Specificity

Figure 7: A heat map of all 174 papers in terms of their placement in the pri-
mary classification - Method, Frequency and Specificity. Red-Yellow-Green scale
represents ascending numbers of papers

These areas to consider are further highlighted by Figure [7, which shows the
overall spread of the landscape. This table provides the number of papers in each
subset of the classification, with the heat map demonstrating where the majority
of papers are clustered. This clustering shows some obvious spaces, such as the
complete lack of Pre-User Individual interventions (as an individual cannot be
tailored to before they are known), but also shows some interesting gaps or limited
outputs to be further explored.

3.5 Survey Outcomes

The classification structure developed within this work describes four key ele-
ments that contribute to a system’s personalisation - how the personalisation is
conducted, how often it is updated, to what level of user it is personalised, and
what data is used to drive this personalisation. By examining how these elements
interact, we can find in what ways personalisation is currently approached, and
find areas which are currently lacking exploration, potentially leading to uncover-
ing possible areas of innovation.

3.5.1 Method, Frequency, Specificity

Rules-Based /Regular-Interval /Individual is the most common classification
across the scope of the survey. This is closely followed by Rules-Based /Regular-
Interval /Small-Group which presents a clear majority for Rules-Based /Regular-
Interval systems. These systems would cover any that provide regular feedback or
goals through system rules. The third most common classification of intervention
systems was Rules-Based /Initial /Individual which further supports the clear
focus on Rules-Based systems in this space while additionally suggesting that
rule systems presenting an initial personalised profile on start-up are a popular
approach to influencing health and behaviour.

There are several classifications with no interventions included. There are
no interventions within the classifications of Intelligent/Pre-User or Intelli-
gent /Initial as an intelligent system could not operate before regular user contact.
Intelligent /Regular-Interval /Individual and Intelligent/Real-Time/ In-
dividual represent 13 (7.5%) and 12 (6.9%) of the intervention space, and rep-
resent the vast majority of the Intelligent systems, which shows the expected
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Individygy

Regular-nterval

Figure 8: Chord Diagram illustrating the prevalence of connections between areas
of Personalisation Typology

trend of Intelligent systems operating on Individual personalisation as the sys-
tem would theoretically learn the necessary characteristics of an individual user
rather than a collective group.

Figure [§] gives an alternative viewpoint of the space, namely in how different
characteristics align with each other in terms of their overall prevalence. For
example, It can be seen here that the vast majority of Rule-Based systems are
Regular-Interval and Individual, although it can be seen at a glance here that
Rule-Based /Initial systems are more common than Rule-Based /Real-Time
systems which may provide more immediate benefit. To compare, Noar et al.
tailor feedback to the lifestyle factors of the user through an onboarding quiz
upon sign up , while Ali et al. use a rule-based reasoning algorithm built
on the real-time collection of data to provide personalised recommendations for
wellbeing and health management [9]. Both present lifestyle recommendations
based on obtained user behavioural data, but Ali et al. |]§[| are able to alter these
recommendations over time while Noar et al. have to continuously rely on
the potentially outdated information collected when first using the system, while
cannot account for any behavioural progress.

Intelligent systems are predominantly Individual specificity, with the excep-
tion of Hors-Fraile et al. using the intelligent algorithms to align the likelihood of
success of messages based on their content, without any individual content based
on the user . The focus on Individual allows for Intelligent systems to
provide the greatest level of specific benefit to each user: Twardowski & Ryko
use personal fitness levels and fatigue to recommend activities and intensities best
suited to the user [358], Burns et al. create situational models to deliver appro-
priate mental health aid at the point of need and Dharia et al. go so far as
to use collaborative filtering to link individuals based on their specific behavioural
habits, driving competition and increasing activity as a result .
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Method

Data Human Rule-Based Intelligent
Attitudes
Behaviours
Biological
Demographic

Environment
Motion & Location

Pre-User Initial Regular-Interval | Real-Time | Pre-User Initial Regular-Interval | Real-Time |Pre-User| Initial | Regular-Interval Real-Time|
Frequency

Figure 9: A heat map of the data types used in personalisation, compared against
Personalisation Method and Personalisation Frequency

A point of interest is the relative frequency of Human /Individual and Hu-
man /Regular-Interval systems. There is no explicit negative to these systems
in terms of their outcomes: These systems either had positive reported outcomes or
no outcomes to speak of. However, one of the leading potential benefits of health
personalisation is the reduction in financial and time expenditure, allowing for
this money and time to be spent elsewhere to improve medical overall [243|. This
benefit is realised by systems such as Human /Initial or Human /Small-Group
as these allow for infrequent updating if not a single point of personalisation. Hu-
man /Individual and Human /Regular-Interval systems involve high levels of
continuous human input, and many of these systems do not effectively harness
the abilities of digital technologies - Pfirrmann et al. [286] and Charoensiriwath
both present what is, in essence, a personalised fitness plan that only uses the
digital system as a more convenient form of delivery, with the ability to input
data without having to directly contact the clinician. Several of these systems
could also see some benefit if they utilised the same approach with the advance-
ments afforded by Rule-Based or Intelligent approaches. Fico et al. regularly
assess and update manually developed plans and Kim et al. set activity intensi-
ties and overall goals based on comparisons between current activity and expected
levels, both of which could be implemented as Rule-Based systems similar to
those of Dobrican & Zampunieris tailoring exercise intensity based on biological
feedback [91] or Downs et al. determining whether interventions continue as struc-
tured based on user progression [94]. Ingersoll et al. take some advantage of the
digital medium, allowing for users to enter their own motivational content and
overall aims of progression [172], but this still could benefit from the affordances
of Intelligent approaches, such as those seen by D’Alfonso et al. tweaking user-
generated content based on subsequent feedback [80] or Manuvinakurike et al.
presenting motivational stories which are best aligned with stage of change and
current progress [237].

3.5.2 Patterns in Data Types

The average number of Data Types is between 2 and 3 - an exact value of 2.35
- with Behaviour and Attitudes being the most prevalent of these. This makes
sense as these would be the two main barriers to engaging in physical activity or
other healthy behaviours, with Behaviour being the action itself and Attitudes
covering factors such as motivation and intent.

Figure [J shows a heat map representation of the types of data used in digital
health and behaviour interventions, grouped by their uses in terms of Personali-
sation Method and Personalisation Frequency. The prevalence of Attitudes
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and Behaviours is clear to see here, with the two rows presenting the most green
spaces and therefore the highest overall prevalence. The colour and therefore the
usage of each data type is determined by column; For example, where Biological
data is a deep green for Rule-Based /Pre-User, this is because there is only a
single paper with the classification of Rule-Based /Pre-User and this work, an
intervention by Samaan et al., uses biomarkers determined by race and cultural
background.

In the Human method space, as well as Attitudes and Behaviours, Bio-
logical data is frequent here. This usage of Biological data is typically focused
around data on weight, such as seen by Cook et al. using a description of BMI
to drive behaviour change 72| or Kim et al. comparing user height and weight
to the average for their age and demographic |192]. There is also frequent use of
Demographic data, especially in Pre-User systems which are more frequent in
the Human method space than in Rule-Based or Intelligent. As well as the
aforementioned use of expected body composition by demographic [192], Chung
et al. use culturally-specific norms to tailor an intervention to try and improve
the odds of positive outcomes [64]. These data types, as well as the complete lack
of Environment and Motion & Location use, is to be expected as Human
personalisation would be based heavily on data which is easily obtainable and can
be used by an individual in a situation outside of direct response to intervention
use. Factors like Environment are very useful to digital systems in Regular-
Interval and Real-Time, such as by Hermens et al. generating adaptive goals
and feedback which in part uses the current environment to determine best-fit,
but these same factors cannot be used by Human personalisation systems as this
information will likely be outdated by the time the designer has any chance to use
them in the personalisation process.

All data types see use in the Rule-Based design space. Biological and Atti-
tudes reduce in usage as the frequency progresses from Pre-User to Real-Time,
likely due to the need for much of this data to be captured through user input,
which becomes more of a burden on the user as the frequency of personalisation
increases, especially since much of the information from Biological data input
can be passively determined by Motion & Location data alongside further cal-
culations e.g. using sensor-based PA data to determine progression during exercise
activities [369] rather than relying on user-input times and intensities [238]. On
the other hand, Environment and Motion & Location steadily increase due
to their ability to be better utilised with greater automation and repetition allow-
ing this data to be utilised at the point where it is most useful. Interventions like
Finkelstein et al. recommending specific ways to be active based on workspace and
time of day [113] and Attwood et al. marking specific weak spots where problem
behaviours may be more likely to occur [21] show how this data can increase the
scope of health interventions. However, the lack of this data in Regular-Interval
systems where it can still prove effective, as well as the limited use of Motion
& Location more generally, are gaps that may provide effective outcomes if ex-
plored.

Intelligent systems, comprising of only Regular-Interval and Real-Time
subsets, show a generally similar spread to that of the equivalent Rule-Based
approaches, showing that the change in method impacts less so the data used to
guide interventions and more so how this data is used. A notable change is that
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Figure 10: Chord Diagram illustrating prevalence of connections between data
types and Personalisation Method

Motion & Location is more prominent in Intelligent approaches, likely because
a system that can learn patterns in behaviour will better use live behavioural
input than a system which has to preempt how these values factor into the overall
process. Twardowski & Ryzko use Motion & Location alongside Environment
to present suggestions for activity based on all surrounding factors to give the best
chance of both following the suggestions and these suggestions resulting in positive
behaviours . Similar approaches are used by Lim et al. considering time and
location in suggesting activities , and Aguilera et al. select feedback and
motivational drivers not only on when they are most likely to be answered, but
use differences in activity itself by time to drive the optimal levels of activity
at a given time [5|. Behaviours are consistently high across methods, and this
persists through the Intelligent classification, although there is potential for this
data type to be more effective here - this data type is no longer just a report of the
level of activity engaged in to fuel feedback, but can be used to directly train the
algorithm and lead to better selection based on absolute outcomes, such as seen
by Codreanu et al. selecting activities ranked by prior engagement and results |66
and from Zhou et al. using step counts and previous engagement levels to learn
which approaches have the best chance of succeeding .

A potential gap in this space is the limited use of Biological data, especially
in Intelligent systems. A good use of Biological in a similar space can be
seen from Varadharajan et al., who use heart rate to determine the suitability of
exercise intensity for a given user, which can help guide safety in interventions.
Biological data is useful in this regard not only as a tool for judging exactly
how an intervention is progressing, such as by using Bluetooth-enabled devices
to judge weight and using this to tweak the intervention [105239], but to ensure
interventions are safe and suitable for the user, for example using heart-rate data
to ensure heart rates after the prescribed intensity of exercise stay within safe
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levels [91].

Additionally, as discussed above, there may be more potential in Intelligent
systems that is not currently being explored. Figure shows a representation
of how each data type is represented, with the relative thickness of each chord
demonstrating the relative prevalence, e.g. Rule-Based /Demographic shows
a significant number of the overall instances of Demographic data usage, but
this is a relatively small section of the Rule-Based space which is dominated by
Behaviour and Attitudes. The point of note here is that while we have discussed
that Environment and Motion & Location increase in Regular-Interval and
Real-Time systems compared to Initial, the split between the usage of this data
in Rule-Based and Intelligent systems is seemingly even despite the additional
potential for such data to be used by algorithms to learn patterns and time-
or location-specific responses. These data types do form a larger part of the
Intelligent space compared to Rule-Based, but the overall continued heavy
reliance on Behaviour and Attitudes despite the noted issues that would arise
as Attitudes data would be required more frequently and consistently indicates
that the potential benefits of Intelligent systems are not be adequately explored.
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JMIR Medical Informatics [183] [183]

Journal of Pain and Symptom Management 14] 4]

Preventative Medicine [334] 1334]

The Lancet [363] [363]

The Lancet Diabetes and Endocrinology [134] [134]
= [British Journal of Health Psychology 138] [38]
i [Psycho-Oncology [384] 1384]

PLoS ONE I3074] [263] 7] 131263]
[Int. Comp. Software and Apps. Conf. 7] [385] 17] [385] |
é Computers in Biology and Medicine 9] 9]
—{Computers in Human Behaviour [298] |298]
v [Studies in Health Tech. and Info. [113] [113]

Int. Join. Conf. on Perv. and Ubi. Comp. [300] [300]

Table 3.3: Table of all Tested papers within the literature survey, listed in terms of their efficacy and user
experience outcomes and grouped by journals and their associated disciplines
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Table 3.4: Expanded citations for letter representations seen in table

3.5.3 Personalisation Outcomes

Table similarly to Table shows the papers within the survey grouped
by journal and discipline. Table shows the outcomes of all papers under
the Tested classification, showing both efficacy and user experience to try and
give some indication of whether certain disciplines see specific outcomes more
frequently, or whether approaches may limit what is being seen. For example,
papers in the disciplines of Health and Medicine see frequent exploration of both
efficacy and user experience. However, Science & Technology papers more fre-
quently see outcomes on efficacy while the majority of user experience outcomes
are under the None Reported classification, suggesting a need for more explo-
ration of user response to certain technologies within this field, especially as this
is the field appearing to be most actively exploring Intelligent approaches in
this space as seen in Table Figures [I1] [12] and [13] present the outcomes of
Tested systems respective to their place within the Core Classification dimensions
to identify whether these suggest trends in positive outcomes from how systems
are developed.

Method

User Interac tion
Positive

Positive | Negative|No Impact)| N/R | Positive |Ngggl:ive No Inpact| NR | Positive |Ngg_al:iv No Impact| N/R
Personalisation E fficacy

Figure 11: A heat map of all Tested papers, sorted by their efficacy and user
experience outcomes respective to the Personalisation Method used

Frequency

User Interaction

Positive | Negative| No Impact| N/R |Pnsilive Negative |[No Impan:‘ N/R_| Positive |Negative| No Impact| NR ‘Pnsitive [Negative| No Impact ‘
| Personalisation Efficacy

Figure 12: A heat map of all Tested papers, sorted by their efficacy and user
experience outcomes respective to the Personalisation Frequency used

The majority (77%) of systems which reported on Personalisation Efficacy
reported Positive Impact. The other 23% reported No Impact, with no tested
interventions returning a Negative Impact on system efficacy. 100% of Human
Personalisation systems with a reported Personalisation Efficacy reported a
Positive Impact, with 75% for Rules-Based Personalisation systems and 78%
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Specificity
User Interaction Individual Small-Group Regional
Positive

Neutral

Positive [ Negative | No Impact Positive | Negative |No Impact| N/R | Positive |[Negative| No Impact| N/R

Personalisation Efficacy

Figure 13: A heat map of all Tested papers, sorted by their efficacy and user
experience outcomes respective to the Personalisation Specificity used

for Intelligent Personalisation systems. Human Personalisation systems
are mostly tailored directly from user input to the users and therefore have little
chance of being non-relevant and in turn ineffective compared to other approaches.
Rules-Based and Intelligent systems are required to make calculations and
present their personalisation based on received information and either pre-written
or inferred rules, which leaves a greater chance of error and therefore a greater
chance of limited or negligible impact.

There is no visible significant connection between Personalisation Method
and User Interaction Experience. User Interaction Experience may align
better with Personalisation Approach, as this is more down to the specific
connection to the user rather than the mechanical elements of personalisation.
There are, however, interesting insights regarding the few responses that do not
report a Positive Interaction with the system. Papers typically focus on either
feasibility and acceptability or the efficacy of personalisation over a typical system,
but rarely both with efficacy being a more popular outcome to track. Systems
which report an interaction outcome for Human and Intelligent systems are
100% positive, but Rules-Based systems return a wider range of responses with a
number of Mixed Interaction and Neutral Interaction responses. This could
be due to the nature of an Rules-Based system positioning itself as a system that
attempts to automate the process of personalisation but does not actively learn
the characteristics and needs of the connected user. This coupled with the possible
expectations of a system more akin to a Intelligent personalisation intervention
could result in lapses in accuracy being viewed more critically.
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3.6 Further Observations
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Figure 14: Totals of publications by year, divided by Personalisation Method

Figure [14] shows the distribution of dates of publication. The majority of papers
in this survey are published between 2014 and 2019 inclusively, with 143 of the
174 (82%) published in these years. The number of papers shows a major in-
crease in 2014 (from 5 in 2013 to 15) and increases up until a peak of 32 papers
in 2019 before a significant drop to 12 publications in 2020. A drop in 2020 is
expected given the significant impact of COVID-19 in heavily user-focused fields
such as health and behaviour interventions. This theory is partially supported
by two-thirds (8/12) of papers published in 2020 presenting Untested systems
which would be unable to be tested under COVID-19 regulations. However, this
Untested majority is not solely visible in 2020; From 2017 onward, the majority
of papers published are presenting Untested systems, with Rules-Based and
Human personalisation making up the majority of these systems. Across the
scope of the survey, the balance of Tested and Untested systems is relatively
even across all Personalisation Methods. As progressing from Theoretical
to Untested to Tested is a linear process, this balance of systems suggests that
the intervention space is growing year on year, both in terms of newer systems
entering the loop and systems progressing to testing. Building on this, the stable
number of Theoretical systems suggests that as well as the overall size of the
space increasing year on year, technology is advancing in parallel, increasing the
ability for innovative systems to transition into tangible, Untested systems. This
is supported by six of the seven Theoretical systems being Intelligent person-
alisation systems, suggesting that there are some proposed systems now that are
exploring the potential of future systems where intelligent algorithms can truly
flourish. The technology to realise these systems is advancing, but these ideas are
not yet possible or feasible to implement with current technology.

There is no significant change in the number of Data Types used in inter-
ventions by year, as the data required is heavily dependent on the nature of the
intervention which is unlikely to change on a year-by-year basis. The occurrence
of certain Data Types does not notably change from year to year. The only
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notable change is the increasing prevalence of Biological data, which could be
due to a greater understanding of biological determinants associated with target
behaviours. This increase could also be due to a greater ability to utilise such data
either through dedicated sensors or system features making use of such informa-
tion, such as Lim et al. using dedicated trackers for biological data to examine
changes between learned user models and activity observed [222]. The most com-
mon approach to obtaining data is through user input, be this entry questionnaires
[25,/198,219] or regular input of required data such as weight values or activity
levels [28,1141148|/153]. The prevalence of data input methods varies by Personal-
isation Method. Rules-Based personalisation is primarily user input since the
regularity of the personalisation means regularly requested self-report data is suffi-
cient. Human personalisation is based mainly on large-scale data intake, such as
demographic insights or condition-specific information [64},98,[371}399], although
there are some instances of user input where a system is manually tailored on a
Initial or Regular-Interval basis [72,/172,/192,236}[250,[286,332]. Intelligent
personalisation is more evenly split between user input data and data obtained
through application tracking or sensor inputs. Sensor intake allows the data to be
obtained and utilised much more frequently to facilitate the high-frequency per-
sonalisation required of an intelligent system. User input is reserved mainly for
Intelligent systems that run on a Regular-Interval frequency, and just under
half of these also utilise some form of sensor input; The only user input system that
runs on a Real-Time frequency combines this input with sensor readings to gather
necessary tailoring data not obtainable through sensors |45,89,99.222/300,358,398|.
The split of Personalisation Specificity into Intervention Content Speci-
ficity and Intervention Delivery Specificity creates interesting insights re-
garding how systems approach tailoring their interventions. The most common
combination is Individual /Small-Group, this representing individually-personalised
content and the delivery personalised to a small-group level. This represents, for
example, a system that creates individualised feedback or goals which are pre-
sented in uniform intervals for the user group. Following this, the second most
common combination is Small-Group/Individual which would represent the
inverse: materials for a range of individuals (commonly on behaviours or mental
barriers) which is delivered on an individual basis, be it upon the completion of an
activity or in the event of a context-specific occurrence. These combinations rep-
resent the majority of systems, representing 63% of the total interventions. This
is an expected majority of the scope, covering interventions with an individually
personalised component but without the difficult implementation of a completely
individual system. This can be seen when comparing the numbers of Individual
personalised systems: The broader classification of Personalisation Specificity
categorises 130 of the 174 systems (75%) as Individual, while only 25 systems
(14%) have an Individual categorisation for both content and delivery specificity.
Small-Group/Small-Group represents 30 of the 174 systems (17%). A possi-
ble explanation of this small number is that implementing a single Individual
personalisation is feasible and that the benefits of this personalisation are worth
any difficulties when compared to combined Small-Group personalisations. The
related Personalisation Efficacy is higher for systems where the Intervention
Content Specificity is tailored to an Individual level, with positive responses
for 89% of Individual/Individual systems and 83% for Individual/Small-
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Group systems compared to 50% for Small-Group/Individual systems and
55% for Small-Group/Small-Group systems. These values contradict the ear-
lier statement that a single approach to Individual personalisation is better than
none and further emphasises the impact that individual personalisation for the
Intervention Content Specificity can have.

Intelligent systems utilise a range of machine learning approaches to allow for
them to learn user patterns and produce informed intervention content. There is
evidence of both supervised and unsupervised learning being used for a variety of
intervention purposes. Intelligent Recommender Systems were the most common,
in 12% (3/26) of papers. These systems used their intelligent insights to recom-
mend activities and associated aides based on user ability [358|, recommend goals
based on the learned ability and direction of user improvement [284] or recommend
messages with high chances of success based on user interactions [166]. This latter
implementation can also be seen in the multiple uses of Reinforcement Learning
algorithms within interventions. El-Hassouni et al. use reinforcement learning
to learn best practice regarding exercises and timings of suggestions based on
user needs and user actions [99], and Yom-Tov et al. use the same approach to
select messages with the highest chance of success based on previous observed
impact [398]. This same use of reinforcement learning can be seen from Aguilera
et al., although this implementation also employs Thompson Sampling to work
with predicted success based on contextual factors relating to the messages and
their content [5]. An explore/exploit system is used by Rabbi et al. in their
intervention, using accumulated knowledge of diet and exercise choices to push
effective positive choices further [300]. Some learning approaches make use of
other users as well; Ahsan et al. use a recommender engine which makes decisions
based upon the Euclidean Distance similarity between users, with the messages
received by a given user weighted according to their similarity to other users who
have responded positively [6]. A supervised machine learning algorithm trained
by Decision Tree is used to assign ‘fitness buddies’ in the intervention presented
by Dharia et al., filtering user profiles and matching users and recommending
activities through learned user characteristics. [89]. There are limited examples
of unsupervised learning present in this domain; Hermens et al. make use of a
k-nearest-neighbour approach to provide adaptive message timing, content and
goals to their system using previous responses and previous spread of actions and
activity levels [160].

3.6.1 Classification of Innovative Systems

This classification topology allows for the comparison and alignment of interven-
tion research with the vision of the future of intelligent digital interventions as
presented in Figure 2l The exact classification deemed in line with the presented
ideal is as follows:

e Personalisation Method: Intelligent
e Personalisation Frequency: Real-Time

e Personalisation Specificity: Individual
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— Intervention Content Specificity & Intervention Delivery Speci-
ficity: Individual

This represents a truly individualised system running in real-time through
intelligent algorithms, which we believe would present the greatest chance of in-
tervention success. Seven systems (0.04%) fit this criteria. This represents a very
minimal subset of the overall space, but the fact that these systems are present
and observable demonstrates that this innovative space is being explored. The
minimal occurrence of these systems can be seen in the state of these systems,
with four of the seven being Theoretical and a further one being Untested.
The two that are Tested both report positive results for both Personalisation
Efficacy and User Interaction Experience, which gives credence to this being
the clear direction of the future of the field. These Intelligent systems all utilise
sensor intake as a major component of their data collection for personalisation,
with four of the seven systems also making use of user input for data such as
demographics or psychosocial data.

All seven systems in this subset utilise Environment data, as well as Be-
haviours. Behaviours are widely common, previously acknowledged as the most
prevalent of the Data Types and a necessary type of data for a behaviour change
intervention, but only 28 of the 174 interventions make use of Environment.
One-quarter of the interventions that make use of Environment are within this
innovative space, which suggests the use of context and automatically tailoring
systems to the environment around the user is a key part of the future of effective
personalisation. These systems are implemented mostly as mobile applications,
making use of accelerometers, GPS and contextual information stored on a device
such as calendar data. This readily available data and selection of platform allows
Real-Time elements of the system to continuously assist the user, as they are
present on a device that for the most part is a constant presence in the behaviours
of the user.

3.7 Refinement of Key Components

3.7.1 Concepts of Personalisation

Much of the work in this survey considers the mechanical side of personalisation,
regarding the means of personalisation, the data used and the place of the system
in the wider contextual environment. This thesis will refer to such concepts as the
‘physical’ side of personalisation, relating to the mechanisms of how personalisa-
tion is conducted, actioned and interacted with through our five senses. However,
there is another side to be considered, which is the ‘mental’ side - this relates
to factors such as user values, feelings and motivations, or the internal drive to
engage which personalisation can target. This can be seen to mirror the concepts
of intrinsic and extrinsic motivation, considering both the internal push and the
external pull to drive behaviour. The Further Observations of this classification
system make some effort to capture this mental side of personalisation, especially
in capturing the Personalisation Approach, but this is often non-discrete and
difficult to compare across different systems as many may use similar mechanics,
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but implemented or described in vastly different ways. There are some frame-
works which exist to try and quantify these ideas, one of which is the framework
of Behaviour Change Techniques (BCTs).

BCTs are widely used in the field of behavioural science as a means through
which to examine and design interventions for changing behaviours. The most
straightforward definition of a BCT is “a systematic procedure included as an ac-
tive component of an intervention designed to change behaviour" [253| - that is,
a technique to change behaviour. The more commonly used definition, and the
one that will be used as a standard within this thesis, is “an observable, replicable
and irreducible component of an intervention designed to alter or redirect causal
processes that regulate behaviour; that is, a technique is proposed to be an active
ingredient” |254]. These BCTs range from simplistic methods such as ‘Goal Set-
ting (Behaviour)’, which is as straightforward as setting a behavioural goal (the
standard goal of ten thousand steps a day is a perfect example of this specific
technique), to more complex examples such as ‘Paradoxical Instructions’ where
over-indulgence in behaviour is used to encourage reduced desire to engage in the
behaviour (smoking twice as many cigarettes a day or eating twice as much food
as typically eaten to induce a negative association).

Preferences and values of users have a notable effect on the outcomes of digital
behaviour change interventions [36], which in turn affects how combinations of
techniques affect a user - as an additive to the interplay between techniques,
the individual applicability of the techniques themselves will have a significant
impact on the overall acceptability of the system. The use of multiple behaviour
change techniques within a single intervention is well documented and has been
observed to have a significant effect on both immediate intervention outcomes |93,
296| and long-term change, especially when larger numbers of techniques are used
compared to a single or small collection of techniques [275]. As well as the benefits
of additional avenues to changing behaviour, there is research into how certain
combinations of behaviour change techniques may provide a greater impact due to
interplay [36], such as combining techniques that elicit fear or extreme reactions
with technique that increase response efficacy [285], or the idea of combining
health or lifestyle education techniques with techniques such as ‘Action Planning’
or ‘Shaping’ which improve the ability of the recipient to put these educational
outcomes into practice [70].

3.7.2 Conceptual Blueprint for Behaviour Change Systems

The work conducted in this survey allows us to expand upon the key components
presented in Figure[2] Whereas the original diagram is highly abstract and based
on general concepts of design and development, the developed conceptual blueprint
can align the presented ideas more closely with the information uncovered by this
survey. This system can then be used to guide the rest of this thesis, using it as
a conceptual foundation from which research can branch off and the potential of
such a system can be explored. This updated conceptual blueprint can be seen in
Figure [15]

This conceptual blueprint utilises some of the information gathered from the
survey. The ‘Techniques’ allow for different approaches to be considered, as many
different approaches to changing behaviour within this survey are seen to return
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Figure 15: Developed conceptual blueprint, including updates based on survey
findings

positive results and these may differ depending on the individual. Accounting for a
wide variety of techniques also reflects the non-discrete nature of the Approach to
Personalisation observation within the typology, as a wide variety of approaches
were observed with mixed levels of efficacy, and many of these could be effective
for certain users. The ‘Implementation’ section allows for the inclusion of the best
qualities of Human-method systems, to ensure these approaches are optimally
designed prior to inclusion in the system. By carefully analysing the methods of
design described in not only Human systems but in systems with Pre-User clas-
sifications which would heavily involve human design in their approaches, we can
find the best approaches for designs which balance positive efficacy with positive
user experience. ‘Strategy’ can utilise different approaches to behaviour and the
use of many data types to conduct many different approaches to personalisation
as seen in the survey. The ‘System’ itself uses the Intelligent aspect of person-
alisation to learn behaviours, including multiple data types and focusing on an
Individual level as seen to be prominent in the space. The non-specificity of the
elements within this system, such as platform and machine learning algorithm,
again reflects the high amount of variance as demonstrated by the Personali-
sation Algorithm and System Platform & Included Devices observations
which means these may be heavily dependent on context and user needs. This con-
ceptual blueprint also integrates Environment and Motion & Location data
types, ensuring the intelligent elements of the system can best utilise all available
data for personalising approaches to behaviour change.

This conceptual blueprint is presented to challenge the current approach to
personalised intervention design. The outcomes of the survey illustrate that the
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current focus of the landscape is heavily skewed towards Rule-Based /Regular-
Interval systems, which while effective, may not be utilising the full potential
afforded by digital behaviour change solutions. The content of this conceptual
blueprint should be taken forward as a core point of consideration in future de-
sign, especially in its central inclusion of Al, to trend system design towards this
Intelligent /Real-Time standard described above.

Several systems in the current research landscape begin to explore some of
the ideas presented here. An effective approach to intelligent interventions, the
main path of progression as described here, is Just In Time Adaptive Interventions
(JITAIs). A JITAI uses system intelligence to react to user action and context to
provide intervention assistance at the exact time when it is required, or in other
words, ‘just in time’. JITAIs are proposed as an effective means to capitalise on
intervention engagement and avoid intervention burnout. King et al. describe
intervention engagement as a state in flux due to interactions between the user,
the intervention, and the surrounding context [194]. The intelligent timing of a
JITALI is used to combat changes in user and context that may bring about burnout
by providing intervention content only at the point of requirement. This context-
aware, time-sensitive approach to behaviour shows the potential to outperform
doctors or other human actions due to the increased ability to provide helpful
feedback at the point of optimal influence [353].

This potential for real-time adaption is explored by Piette et al. using SMS
messages to promote adherence in medication usage, with these messages being
tailored using reinforcement learning to target specific adherence barriers unique
to each user. This was perceived to be effective, with a potential absolute improve-
ment to adherence of 5-14% [288|. However, there are some potential issues with
JITATIs. Nahum-Shani et al. express difficulties in aligning the static and stable
nature of theoretical perspectives on behaviour with the dynamic and ever-shifting
nature of human behaviour and behavioural requirements that can prevent such
systems utilising their theoretical basis effectively [266]. Hardeman et al. found
issues in the space with reliability and timeliness of just-in-time content, as well
as a lack of evidence on reach and sustained engagement [150]. Hardeman also
present information in slight conflict with that of Nahum-Shani et al. - Where
Nahum-Shani et al. commented on a key issue of the space being the difficulty of
integrating theoretical underpinnings of research into the applications, Hardeman
et al. found the majority of JITAIs appeared to be designed with no evidence base
in mind at all [150,1266).

An approach to best aligning theory-based approaches with contextual consid-
erations is the Multiphase Optimisation System (MOST). The MOST framework
was first presented by Collins et al. as a method to more effectively develop high-
efficacy eHealth interventions [68]. MOST presents the means to refine a set of
techniques or concepts into an optimal design. This framework is intended to
be completed multiple times before implementation, trialling multiple techniques
and multiple conditions in which these techniques are presented to find the best
combination, which will in turn give the optimal intervention outcomes.

An issue that can arise within the design of behaviour change interventions
even with ideas such as the MOST framework is the issue of individual response
to system content. The work of De Roos & Brennan [87| presents estimated
engagement with a given intervention at 40% of the potential user base. This
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means that an intelligent, contextually aware system tailoring a single approach
would still struggle to overcome this 40% cap on user interest. There are a range
of possible reasons for this limit on engagement and overall effectiveness. Tang
& Braver in their research on mindfulness interventions found that differences in
individual traits, psychological well-being and cognitive functions contributed to
“the heterogeneity in mindfulness training effects across individuals" [346]. Part
of this issue may be due to the ’ergodicity problem’, an obstacle in designing for
population health. Lowie & Verspoor outline this problem, which describes that
there are key differences between individuals and groups, and as such statistics
collected from one group cannot be directly generalised to the other [225]. The
majority of behavioural interventions are delivered to large groups with a given
health need or condition, and any observed effectiveness is typically then directly
applied to the technique. This effectiveness in large-scale interventions, however,
does not guarantee this technique will be effective for the individual. As such, even
techniques seen to be widely successful may see no effect for a given individual if
user needs and the merits of the technique do not align. Advances in intervention
design therefore must be centered around how to design a system in such a way
that this 40% are given the best possible example of the intervention in front of
them, while the remaining 60% are able to benefit in other ways.

3.8 Discussion

The classification topology and further observations outlined in this survey pro-
vide the means to observe trends in personalised digital behaviour change and
outline where the potential exists for innovation both in terms of effective current
interventions and the directions that future interventions may be taking, reflected
in theoretical and untested systems within the research landscape. This taxonomy
classifies systems in terms of how the personalisation is achieved, how frequently
it is tailored and to which level of specificity personalised materials target. It
is further augmented by a number of observations as to intervention status and
effectiveness, and the data utilised by these interventions to achieve their person-
alisation.

The classification of 174 papers covering digital personalised interventions in
the space of health and behaviour change shows a preference towards Rules-
Based systems. This may be due to difficulties in generating machine learning
algorithms that can produce effective personalised content. Issues such as im-
plementing machine learning linked to a mobile application or integrated into the
foundation of the application, as well as required learning times need to be resolved
before Intelligent interventions can become the expected norm within the space.
However, systems classed as 'innovative’ show that such systems are currently an
emerging focus within the space. The vast majority of interventions are classified
as Regular-Interval interventions. This pairing suggests a common set-up of a
set of rules or coded statements that are executed on regular fixed intervals to
generate the personalised content, which would allow for fixed calculations and
avoid issues stemming from irregular data flow or the requirement of live adap-
tation. Individual personalisation is the most common specificity, as the ideal
level to aspire for regarding specificity is of course to the individual user. However,
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separating this into content and delivery reveals that a mixture of Individual and
Small-Group is much more common, while both being individually tailored is
rare but highly effective.

The findings of Chapter [3| present several gaps in the current research land-
scape regarding health and behaviour change applications, specifically those util-
ising intelligent solutions and contextual and environmental data. The conceptual
blueprint presented here represents the means to best explore these gaps, and push
forward the field of intelligent personalised digital behaviour change to promote
greater levels of personalisation and personalisation efficacy.

3.9 Chapter Summary

This chapter presented a literature survey which explored existing personalised
approaches to digital behaviour change by defining a typology within the space
and using this new classification framework to structure the relatively new and
unstructured space of personalised behaviour change. This survey unearthed some
interesting gaps within the literature, especially around the use of intelligent al-
gorithms which was a small but highly effective space within the classification.
This chapter also presented the conceptual blueprint which functions both as a
contribution to help guide future design and as a structural piece which will guide
the remainder of the thesis.

The next chapter, Chapter [, presents Effect-Led Design, a design process de-
veloped as part of this thesis to help guide designing for effective behaviour change
using intelligent algorithms and behaviour change techniques as core, structural
elements. This process reflects the ‘Technique’ and ‘Implementation’ sections of
the conceptual blueprint.
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CHAPTER 4

EFFECT-LED DESIGN FOR
INTELLIGENT BEHAVIOUR CHANGE

The ‘Implementation’ section of the conceptual blueprint outlined in Chapter
outlines the need to explore theory-based intervention design. Furthermore, this
focus on theory also allows for a wider exploration of the technique space, past
what is currently observed in the contemporary intervention space. This is a
necessary change to the process of intervention design as substantial success is
rare [262] despite hundreds of examples of digital behaviour change interventions
[342]. Less than 20% of users return by the end of day one to new fitness tracking
apps and only 7% of users return to health trackers by day 30 [152]. As outlined
in the conceptual blueprint (Figure , the path we consider for aligning theory
with design is the greater inclusion of Behaviour Change Techniques as a central
element of system design.

This chapter presents Effect-Led Design, a new process for approaching
design which places a greater focus on efficacy and the inclusion of intelligent
solutions. The chapter first outlines the purpose and usage of Behaviour Change
Techniques, as well as examples of blending participatory design and Al design
for digital systems. An exploratory study is reported upon in which experts and
users were asked to work first individually, and then collaboratively, to develop
high-efficacy concepts for behaviour change which still maintained a strong sense
of user values. This was developed into the Effect-Led Design process, which was
then compared against Value Sensitive Design in terms of the core principles of
the process.

This chapter, and the process of Effect-Led Design, serve to answer questions
SQ2 and RQ1 by extension:

e S()2: How can current intervention approaches be redesigned to best harness
the potential for innovation afforded by machine learning?

e RQ1: Will the approach of pre-design in the focus space of behaviour change
theory result in more effective technique designs, and will these present pat-
terns in desired techniques and approaches to using these techniques that
work within the scope of the system?
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Figure 16: Behaviour Change Techniques by prevalence, the zoomed area shows
the top third by percentage of applications they are used in while the un-zoomed
area shows the prevalence of all 93 Behaviour Change Techniques, with a long
tail of under and unused techniques. n.b. applications can use more than one

technique, totals do not come to 100%. Accumulated calculation from ,,

Establishing a design method which attempts to remove potential blockers
within existing design methods allows for more creative approaches which bet-
ter harness innovation and efficacy to emerge from a participatory design frame-
work. Addressing RQ)1 specifically, the process here uses theory-based behaviour
change techniques to guide initial design decisions, with the aim of both developing
efficacy-driven designs built up from established theory and unearthing connec-
tions between certain techniques and what domain experts see as effective ap-
proaches which could indicate paths to higher efficacy through certain techniques
in future iterations of design.

4.1 Behaviour Change Technique Prevalence in Con-
temporary Applications

Behaviour change techniques in contemporary applications (mobile applications
targeted at health and wellbeing behaviour change, downloadable as of the time
of the study) appear to be chosen because of their prevalence in other popular,
contemporary apps and not because of any strong evidence of efficacy. Our anal-
ysis of BCT prevalence from , shows that technique distribution is
heavily skewed (see Figure , supporting Yang et al’s claim that physical ac-
tivity applications appear to favour techniques with modest to poor evidence of
efficacy over techniques with more established evidence bases . For example,
educational techniques are widespread in digital behaviour change, but techniques
to convert this education into constructive change such as ‘Action Planning’ (4%
prevalence), ‘Shaping’ (1% prevalence) and ‘Motivational Interviewing’ (0% preva-
lence) are rarely deployed [70]. Garnett et al. observed that BCTs with proven
efficacy were infrequently included, such as ‘Self-Monitoring of Behaviour’ (29%)
and ‘Goal Setting (Outcome)’ (12%) [125].
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There is potential for missed innovation in this space due to the reuse of a
small subset of the many available, evidence-based behaviour change techniques.
Several effective behaviour change approaches are ignored, potentially because of
difficulties in implementing them or because of a lack of awareness of the full
range of available techniques. An emerging avenue of research, as seen from our
survey in Chapter (3], is focusing on the efficacy of behaviour change applications
with Machine Learning (ML), tailoring the experiences of behaviour change to
individuals. Furthermore, we believe that widening the design space of behaviour
change applications so that designers adopt more interesting, effective techniques
would also address the lack of efficacy.

Our research to combine both of these approaches encountered three new chal-
lenges. First, linking deliberate alteration of behaviour by an application with
machine learning, which users associate with horror stories about rogue artificial
intelligence, led to negative responses. Second, designers were reluctant to move
out of their comfort zones even at the outset of design and their experiments
with more diverse behaviour change techniques were limited. Third, in working
with designers and users we observed the values designers embedded into their
designs were not aligned with the values that users expressed. When considering
trade-offs between efficacy and privacy, designers’ decisions were more conservative
than users. These three issues resulted in ineffective designs that didn’t respect
the values of the end-users.

To better approach the space of intelligent intervention design, we have devel-
oped Effect-Led Design - a participatory design process for domain experts and
future users that encourages maximising effect whilst flouting values with domain
experts, leading to a range of novel and even absurd design concepts which expand
design spaces. These exaggerated design concepts are presented to future users to
encourage dialogue about values and effect, ultimately leading to more innovative,
acceptable, and effective behaviour change designs.

4.2 Exploratory Study - Designing Intelligent Be-
haviour Change Implementations

Our first work in this area was an exploratory participatory design study with
domain experts taking on participant-designer roles and participant-users. We
investigated how we could expand the design space for an intelligent behaviour
change system by focusing the approach on 1) the diversity of evidence-based
BCTs available and 2) encouraging the experts to deliberately flout what they
perceived user values to be in the pursuit of maximum efficacy. The approach
tried to encourage a humorous attitude to offset any negativity from the flouting
of user values with domain experts encouraged to treat more egregious concepts as
jokes. This was supported with playful concepts that mimicked board games such
as wooden playing cards representing BCTs, spider tokens for scoring creepiness
and dice tokens for scoring designs, as seen in Figure and [17D]

The study included six domain-expert participant-designers from HCI /Interaction
Design, two from Sports Science and one from Psychology with a background in
behaviour change. Four participant-users took part in the second day with a 50/50
Male/Female split. Participants were university graduates, with prior interests in
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Figure 17: Outputs of the Exploratory Study

becoming more physically active.

In stage one, the three groups of participant-designers were given a presen-
tation outlining challenges in behaviour change and describing the PD process’s
purpose as being to expand design space and explore Al-driven approaches to be-
haviour change. Participant-designers brainstormed success metrics to help them
select what they thought would be the most effective BCTs from the wooden BCT
cards in Figure[I7al This process took 90 minutes plus breaks. They then used the
wooden BCT cards to create three concept, progressively shifting the focus to effi-
cacy at the expense of ethical considerations, starting from an Everyday design,
moving to Extreme and finishing by creating a design concept to increase physi-
cal activity that they thought was Cartoonishly Evil. Each design was developed
over one hour. To conclude stage one, each group presented storyboards showing
their three systems, and other groups voted on the presented concepts in terms of
their impact on the target behaviour and their perceived ease of implementation.

In stage two (conducted three days later) participant-users of the system pro-
vided critiques of the storyboards through discussions, written notes and the use
of the creepiness-measuring spider-tokens in Figure on storyboards to show
what they thought were the creepiest aspects of the system over the course of two
hours. Finally, participant-designers and participant-users collaborated in a third
stage to discuss their concepts and to try to amalgamate their three designs into
one effective, acceptable design.

BCT usage was captured from the participant-designers through their story-
boards, and through discussion following the creation of the concepts. Impact
and Ease of Implementation were captured on a scale of 1-6 using dice tokens
(not rolled at random but to align with the study theming). All discussions from
participant-users and participant-designers were recorded during both days of the
study to identify thoughts behind design and discussions on values in the moment
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rather than after the fact. Participant-designers were also interviewed upon the
conclusion of the second day to understand their thoughts on the process. All dis-
cussions were thematically analysed based on characteristics outlined in Section

423

4.2.1 Stage 1 Results: Efficacy-Driven Expert Designs

Nine designs were produced by the three groups of experts made up of one Be-
haviour Change and two HCI professionals. They are labelled as G, — Cy, where
x is the group (1-3) and y is the specific concept brief: Everyday, Extreme or
cartoonishly Evil. In the list below, the developed concepts and approaches to
behaviour change are described.

Everyday Concepts

® (1 — Ceperyday: Users sign a contract with the device agreeing to behaviour
targets and receive videos from either themselves or other users praising
adherence.

o Gy — Ceperyday: Augmented reality (AR) overlays scores for taking steps on
stairs, and leverages social comparison through AR leader boards that move
location, organically increasing step count.

o G3— Ceperyday: A picture of the user is edited with ‘future predictions’ based
on activity increasing body fat if the user failed to meet their goals, or
decreasing it when they met the goals.

Extreme Efficacy Concepts

o G| — Ciptreme: A standing desk changes height based on behaviour change
metrics: more adherence means a more suitable height while AR feedback
is presented on desktop monitors. Failure is visualised to workplace peers
leveraging social guilt.

o GGy — Ceptreme: Users generate insults and embarrassing content which are
posted to social media to elicit social guilt and embarrassment when not
meeting goals. Good behaviour gives the option to contribute embarrassing
content for friends or competitors.

o (G5 — Ceptreme: Poor behaviours consequences are shown in relation to fam-
ily members or pets sad that the user’s health is deteriorating. Positive
behaviours lead to the user happily engaging in playful activity with family.

cartoonishly Evil Concepts

o (G — C.,i: Essential or desirable services such as social media or work ac-
counts are withheld until ‘Activity payments’ are made, e.g. a five-minute
walk unlocks the ability to make a social media post.
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Table 4.1: The expert concepts, with BCTs and average ratings of impact and
ease of implementation (1-6)

Concept ‘ Description ‘ BCTs Impact FEase
Gl-everyday Contract, User Videos, Comments on Behaviour 1.8, 3.3, 6.3, 13.1 4.2 4.1
G2-everyday AR Activity Scoring, Change in Walking Routes ?é’ g;’ 852;7 7.1, 4.4 2.1
.8, 9.2, 9.
G3-everyday Comparative ‘Altered’ Images 1.1, 1.3, 1.4, 2.3, 2.4, 2.7, 10.5, 10.11 3.1 3.1
Gl-extreme Environment Changes, Workplace Comparison 2.2, 6.2, 12.1, 14.2 3.4 4.3
. . 1.1, 1.3, 1.6, 6.3, 10.11, 11.4,
G2-extreme Social Media Pressure/Insults 14.2, 14.3, 14.10, 15.4, 16.1 4.0 3.7
G3-extreme Rewards for Surrounding Influences, Use of Regret 5.1, 5.5, 8.3, 9.3, 10.5, 10.9, 12.1 3.7 2.9
Gl-evil Hacking Services, Activity-Linked Unlocking 10.8, 10.11, 14.10 3.1 2.6
. e B 6.2, 9.3, 10.6, 10.11, 12.6, 13.1,
G2-evil Future Predictions through Mass Data Intake 18.5, 14.1, 14.2, 15.3 4.7 4.0
G3-evil Societal Restructure by Activity, Life Rewards 6.2, 7.7, 8.7, 10.1, 10.5, 12.2 4.0 1.1

= Contemporary Applisations = Expert Design-Concepts
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Figure 18: Comparison of the prevalence of techniques used in contemporary
applications, from |[70,|125,396] (shown in blue), with prevalence of techniques
used in the expert design-concepts generated in this work (shown in red). X-Axis
represents behaviour change techniques. Techniques are in order of prevalence
according to contemporary systems as shown in Figure .

o (Go—C,,;: User data, from social media or internet tracking,matches the user
to an equivalent older user so they can see how their decisions may affect their
health. Less desirable connections are chosen if the user is under-performing.

o (G5 — (Cyyi: Users are micro-chipped to collect biometric data and a global
leaderboard ranks all users by performance of behaviour. Lifestyle factors
such as education, employment and social connections would be dictated by
the global rank.

4.2.2 Stage 1 Analysis: Differences In BCT Use
Our nine designers’ Effect-Led Designs used 46% (43/93) of BCTs. Figure[L8shows

technique distribution by comparing the percentage prevalence of each BCT in
our design process against the percentage prevalence in commercial applications
(previously presented in Figure [16). The difference between columns in shared
techniques, as well as the high number of techniques from expert designs which
are not seen in contemporary designs, shows the difference in approaches and
technique selection when using the Effect-Led Design process.

Figure shows the prevalence of techniques in contemporary and study-
produced designs ordered by the popularity of BCTs in contemporary applications.
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Table 4.2: Techniques with the highest and lowest prevalence in existing interven-
tions, compared to common techniques in expert designs

Most Prevalent Prevalence giéi’:ﬁ:nce Most Prevalent Prevalence giiiz’;:nce
Techniques (Contemporary) (Contemporary) (Bzpert) Techniques (Expert) (Expert) (Contemporary)
3.1 Social Support 60% 11% 6.2 Social Comparison 14% 8%
(Unspecified)

2.2 Feedback on Behaviour 59% 11% 10.11 Future Punishment 44% 0%
4.1 Instruction on How to 56% 1% 10.5 Social Incentive 33% 1%
Perform the Behaviour

6.1 Demonstration of the 50% 0% 14.2 Punishment 33% 2%
Behaviour

5.2 Salience of 50% 0% 9.3 Comparative Imagining 33% 0%
Consequences of Future Outcomes

This demonstrates that Effect-Led Design’s technique distribution is less heavily
skewed suggesting a broader use of BCTs and again implying a broader design
space. Taken together, the findings suggest the Effect-Led Design helped address
the limited technique space, by expanding the distribution of techniques from those
seen in contemporary systems to include many more that can present effective so-
lutions with intelligent implementations. Table shows the top five BCTs by
use in both contemporary applications and our study and presents a comparison
of their prevalence. There are parallels in technique choice, with socially-inclined
BC'Ts prominent in both. None of the top five techniques from contemporary apps
appeared in more than one expert design-concept.

4.2.3 Stage 2 & 3 Outcomes: AI Characteristics

We use the nine Al characteristics of Guidotti et al’s work [138] to structure
our presentation of the results of Stages 2 and 3. This was determined in a
top-down manner, as we wished to align the values communicated by the users
with the common characteristics of Al design to better integrate these values into
AT considerations. These characteristics address the relations between users and
the Al, so provide an effective lens through which to investigate user responses
to these effect-driven designs. All discussions during the user-centred phases of
the design process were recorded and analysed by the research team, using the
characteristics to conduct a thematic analysis of the design discussions. Although
Transparency, Usability and Causality were not discussed in detail, the other
six characteristics helped frame participant feedback and there were discussions
of complex interactions between the six characteristics. We observed that values
were explored in more nuanced ways when participant misunderstandings were
addressed through genuine dialogue.

Efficacy, Privacy & Autonomy

Efficacy was central to discussions and served as a metric for value trade-offs,
asking how far users were willing to push their own values in the pursuit of im-
pactful behaviour change. Users generally were willing to push their own values
further than expected for the promise of increased Efficacy. For example, on the
trade-off with Privacy in G35 — C.,;, Group A said: “If someone said to me...
you're going to look great but you’re going to need to be micro-chipped... put it
in”. Privacy and Autonomy most affected user willingness to engage with con-
cepts as, where sensitive user information was required such as in Gy — C,,;; or
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G5 — Copi, participant-users were worried. G1 — Copi: “If it’s hacking into your
[device], there’s no limit to what it could take”. The term ‘hacking’ within expert
concepts and researcher descriptions exacerbated privacy concerns - discussion
of G; — C,,;y changed when ‘hacking’ was replaced with optional luxuries locked
behind a physical ‘activity tax’.

Unlike Privacy, user-participants were willing to negotiate changes around
Efficacy and Autonomy. Users held an expected degree of autonomy before
interacting with the system, so were more certain in how far they were willing to
push their Autonomy in a trade-off. Group A highlighted the necessity of giving
up some Autonomy to reach their goals: “It’s a sense of more freedom... When it
comes to exercise... you need less of that” though Group B were more reluctant
to make trade-offs. Discussing G7 — C,piy: “I want to be healthy, and fit, and so
on, of course... I'm not going to cut out... important stuff like [emails| for [my
health]”.

Fairness & Reliability - Interacting with Users

Fairness was also a prominent part of the discussion but was typically mentioned
in mediating relationships between users. For example, in unequal leaderboards
in G5 — Ceyuy, users in Group A were unclear who they would be compared to,
and how difficult it could be to climb the leaderboard: “I also don’t think this
18 particularly fair, how are we supposed to run against professional athletes...
What do you [do] then in terms of people who have disabilities”. Fairness was
also associated with preventing discriminatory practices or inequitable support.
Group B discussing the design of G1 — C\pireme Worried about the inequity of the
solution: “Not everyone can use that app... Youve got anyone with any disabilities,
then they can’t use it”. This also connected to Reliability in relation to G5 —
Cevit, where Group A thought dietary suggestions could prove problematic without
individual considerations: “They’re like, okay brilliant, why don’t you just try this
diet that is made up of mostly proteins... you’re saying that potentially to someone
with a dietary requirement”.

Al Assistance vs. Human Assistance

Beyond AI characteristics, participant-users were asked if this system with its
various value trade-offs and enhanced efficacy would be more desirable than a
human equivalent, such as a personal trainer. All participant-users showed a
strong preference for a human trainer over Al, despite the lack of strong evidence
for their efficacy [86]. Mutuality and empathy played into a sense of ‘mutual
accountability” which allows trust in the human trainer. Participants in Group A
envisioned negotiating unreasonable requests saying: “If [the Al told me I need
to do 30,000 steps a day, I'm going to tell it no”. Current Al approaches will
not effectively mimic these human characteristics but may offer greater degrees of
personalisation that effectively mimic empathy and negotiation.

Surfacing ideas and desired characteristics helped the participant-users engage
with a wider space of application approaches than they have been exposed to,
and effectively quelled concerns around intelligent approaches by showing how the
intelligent approaches they may hold concerns about can close the gap between
human-driven solutions and their digital counterparts.
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4.2.4 Expert Reflections on Process

The process presented in this exploratory study aimed to challenge domain-expert
participant-designers’ assumptions about user values by making discussion of them
focus on specific violations of those values. Participant-users had to "reclaim" their
values from designs that flouted them. Unstructured interviews with participant-
designers revealed surprise at the participant-users’ explanations of their values,
particularly when they preferred what was meant to be a cartoonishly Evil design:

“I was really surprised, firstly like you’ve just identified... the two top in-
terventions or apps that were designed were the most extreme apps, and that was
what they put in for being favourable, the one that tapped into every single potential
mechanism and monitoring process, and they were like, yeah absolutely.”

“I was surprised. .. about how, typically health interventions always engage
the most consciously active or consciously healthy people anyway, and it always
the same questions, the same conclusions from the papers is how do we engage the
people that aren’t habitually active. .. I thought this was quite interesting how they
were like, absolutely, shame me on social media, they thought was quite motivating
which was really counter-intuitive from our perspective.”

The designs that, in theory, should have been the most concerning, featuring
heavy reliance on Al, got positive reactions and the most interest in using from
participant-users. Expert participant-designers found the process engaging, noting
that they could limit themselves in their normal work on behaviour change:“/
suppose you've always got to keep in the ‘safe zone’... which means sometimes
it might be quite passive”. Another expert noted that surpassing this limitation
may be what is required: “We’re always mindful of a person’s autonomy, and their
control, and their free choice... quite aggressively nudging someone to do or not
do certain things may be more effective, or may be what’s necessary to instigate
change...”.

Expert participant-designers also reported that the range of BCTs offered early
in Stage One expanded their thinking: “In the first session we looked at different
[BCTs| and how we’d give features to those, then we ended up with ideas which we
might not have come up with”. Our approach resulted in a different selection of
BCTs in general, as opposed to recreating known systems and searching for BCTs
in this amalgamation of popular features:

“People come up with ideas but it’s... forced upon what we already know... if
you said to somebody to come up with a fitness app, people will start thinking of
Fitbits and people starting thinking of Apple Watches and they’ll think of those
features and bolt them into this big hybrid app which does everything but doesn’t
really do anything”

These comments from experts show that the approach taken in this exploratory
study allowed for more expansive thinking, and presented a means to develop
systems that were distinct from contemporary systems. These comments also
serve to further support the quantitative findings in Section Also visible
from these comments is the ability of this design approach to alter views on the
connections between design and what the user desires, which allows for designers
and users together to develop a shared vision of what is desired from a system,
reducing misconceptions from both groups.
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4.3 Effect-Led Design Methodology

The design approach utilised in the exploratory study was refined into Effect-
Led Design. Where the design framework used in the exploratory session used
provocative techniques to run participatory design through a lens of high effect
and low ethical consideration, Effect-Led Design is a more rounded approach built
on creating a low-stakes, playful environment to explore application design within,
before using these same feelings to encourage constructive conversation with users
to highlight effective and desirable novel designs and uncover necessary value-
specific considerations that may reduce acceptability.
The Effect-Led Design approach has three strengths:

1. Creating novel designs by expanding the design space that is explored.
2. Improving understanding of user values on the part of the user and designer.

3. Using real behaviour change techniques to keep system design grounded and
effective.

By placing the focus on effect first, designers’ assumptions [47] and users’ Al
misconceptions 50,282 do not prematurely narrow the design space. Effect-Led
Design works to counter designers’ reluctance to deliberately flout user values in
concept development by creating an environment that encourages discussions of
values using absurd, comical concepts that exploit the nature of ludicrous or ab-
surd designs to encourage discussion in ways standard designs do not. The strictly
hypothetical nature of systems is stressed to help ensure a broad range of improve-
ments to efficacy are considered. Users come into the process to push back against
extreme concepts, reasserting their values and creating a better understanding of
them in action rather than presenting their values in abstract terms. These discus-
sions can surprise designers as they may not align with their initial assumptions.
These discussions also provide clearer boundaries to Al systems through the pre-
cise discussions that emerge. Finally, Effect-Led Design is not mutually exclusive
of other design approaches. As seen in Figure[19] Effect-Led Design results in new
understandings of the design space, but not polished designs; It is plausible these
concepts could be taken through to implementation via additional participatory
design approaches.

4.3.1 The Effect-Led Design Approach

Effect-Led Design is made up of six steps, which are separated across three
stages: Conceptualise (Steps 1-3), Analyse (Steps 4-5) and Design (Step 6), as
illustrated in Figure [I9 This division allows for flexibility in running sessions as
stages are self-contained and each stage’s materials inform the following stages.
The six steps of Effect-Led Design are:

1. Establish Area of Focus: Designers establish a target behaviour, and
metrics to gauge change against.

2. Select Relevant Techniques: Designers select BCTs to maximise be-
haviour change against their chosen metric.
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Stage 1: Conceptualise Stage 2: Analyse
Step 2: Step 3: f )
Select Generate
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Figure 19: Effect-Led Design: Stages 1-3 Conceptualise, Analyse and Design
(Blue, Orange and Red), underpinned by three key pillars of the proposed ap-
proach

Step 1:

Establish Area
of Focus

Quantifiable
Effect Metric
Intelligent
Approaches
Creative
Playfulness

3. Generate Concepts: BCTs act as building blocks to drive design. This
step builds up to more extreme designs to capture varied concepts and ad-
dress any reluctance to flout user values. Al is strongly integrated at this
stage to encourage the development of intelligent solutions:

e Concept One - Fveryday: Commonly available, or close to normal ap-
plications in the area.

e Concept Two - FExtreme Efficacy: Unethical yet plausible designs that
ignore user boundaries and resource constraints, flouting values to a
degree they can’t become popular but might see small-scale use.

e Concept Three - (cartoonishly) Evil: Ignores user values and constraints
creating absurd concepts, flouting values to an extent that the designers
perceive as unacceptable to any users. ‘Cartoonishly’ indicated designs
aren’t abhorrent or despicable, but are ludicrous.

4. User Analysis - General: Concepts are discussed with users and, where
their values don’t align, giving them tangible ideas to push back against.

5. User Analysis - AI Characteristics: Users consider Trust, Reliability,
Usability, Transparency, Causality, Fairness, Privacy, Efficacy and Auton-
omy to articulate concerns with the concepts. These characteristics
ground discussion in the actions of the AI, and create a shared language
between users and designers.

6. Design: Designers and users discuss concerns about the concepts. Designers
learn about users’ values from responses to the concepts and participants
learn about how Al systems can support behaviour change. Novel, refined
designs are co-produced as an expanded design space emerges informed by
the pursuit of efficacy and educated user values that surrender less design
space to inaccurate assumptions or misconceptions about values.

Effect-Led Design is built on three pillars:

e An atmosphere of ‘creative playfulness’ to encourage exploration of ideas
without any concerns of judgement or consequences. By creating an envi-
ronment where all ideas can be entertained and discussed, a wider breadth
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of the design space can be explored, and high-risk /high-reward ideas can po-
tentially be refined into novel, acceptable designs. Game-like artefacts like
spider tokens, dice, and wooden playing cards help foment this.

e Defining quantifiable effect metrics to drive behaviour change. Effect-
Led Design establishes a key metric that designs influence as opposed to
establishing the behaviour to be targeted by the design session i.e., rather
than naming ‘physical activity’ as the behaviour to be changed, naming
‘increasing step counts’ or ‘increasing distance travelled’ as the metric. Al
systems often act to increase a metric of efficacy and focusing a design process
in the same way guides designers to push a metric of effect to its limits
through design decisions.

e Adoption of intelligent approaches to develop context-aware designs util-
ising situational information to motivate behaviour change. Creative play-
fulness develops a space where systems that could be heavily reliant on large
amounts of data and user tracking can be discussed, and the effect metric
gives a specific target for an intelligent, data-driven system to optimise for.

4.3.2 Comparison to Existing Methods

Effect-Led Design offers an early-stage approach to participatory design that dif-
fers substantially from most participatory approaches. Effect-Led Design uses
its design concepts to uncover user values, acting in reverse to approaches such
as Value Sensitive Design. To maintain a focus on efficacy, Effect-Led Design is
strongly directional and does not move freely between phases- if participants were
to move back and forth through the process, there is a risk of diluting concepts -
unlike Value Sensitive Design [118]. Also in contrast with Effect-Led Design’s fo-
cus on effect first, Design Thinking [33,82] begins the process by considering users.
However, Design Thinking’s Ideate phase encourages expansive thinking aiming
for similar outcomes to Effect-Led Design but does not have Effect Led Design’s
focus on efficacy for intelligent systems. In addition, Effect-Led Design also takes
deliberate steps to widen the design space through the establishment of a playful
atmosphere and through flouting user values. Yardley et al. present the Person-
Based Approach [397|, which utilises in-depth discussion with potential users to
understand and enhance the relationship between evidence-based techniques and
their eventual users. This utilises some of the ideas presented by Effect-Led De-
sign in centering approaches around directly-applicable values and aligning these
with theory. However, this in-depth analysis of values at each stage of the process
may still suffer from the same issues described - If values are first sourced prior to
any design work, the broad scope of abstract, idealistic values may disrupt early
conceptualisation and result in efficacy-compromised designs. Effect-Led Design
is not mutually exclusive of other design approaches. As seen in Figure Effect-
Led Design results in new understandings of the design space, but not polished
designs; It is envisaged these concepts would be further enhanced through more
design approaches such as Design Thinking or Value Sensitive Design.
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4.4 Validation Study - Comparing Effect-Led De-
sign and Value Sensitive Design

To understand if our Effect-Led Design approach changed designers’ work, diver-
sified design concepts and to assure ourselves that it did not lead to the creation
of final designs that were insensitive to user values, we compared the process to
Value Sensitive Design, one of the leading approaches with widespread use and ex-
tensive literature. Value Sensitive Design was specifically chosen as a counterpoint
to Effect-Led Design because of its aptitude for negotiating design spaces that are
heavily informed by user values while adopting a completely different methodolog-
ical position. Our results show that the approaches differ, and we speculate on the
reasons why this may be. We do not aim to suggest that one approach is wholly
superior to another in general terms. Instead, we argue that Effect-Led Design is
more capable of presenting the benefits and required affordances of Al in design as
these are placed at the forefront of the approach, as opposed to other approaches
such as Value Sensitive Design which are agnostic to the technology designed for.

4.4.1 Method

The validation study was a design workshop with 28 groups of 3-4 participants,
took place over 15 days, and included two workshops and some external prepara-
tion.

Participants

The participants who took part in this validation study were university stu-
dents, specifically final-year User Experience Design students acting as participant-
designers on a shared design brief following either Effect-Led Design or Value-
Sensitive Design. All students were given the option to withdraw consent and
study-specific materials from analysis at any time, as well as the option to opt out
of all participation in line with existing university mechanisms, and all students
agreed to take part in the study. Students were asked to work with innovative
approaches to design as part of the module structure. Effect-Led Design was
presented as one of these innovative approaches, and students had previously par-
ticipated in workshops using Value Sensitive Design and other participatory design
methods. Alternative work packages were available if students did not wish to take
part.

Procedure

Prior to the first workshop, participant-designer groups were randomly split be-
tween the two design approaches; 55 students in 14 groups of 3-4 followed a Value
Sensitive Design approach and 56 students in 14 groups of 4 followed an Effect-
Led Design approach. During the study, students acted as participant-users for
groups running the other approach. Participant-designers were briefed through
video presentations, outlining how to perform their respective design approach
and describing the format of the final designs.
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The first workshops took place three days after the briefing and lasted three
hours: Value Sensitive groups performed Value Elicitation, defined value require-
ments, performed a technical investigation and developed their designs; Effect-Led
participant-designers defined target behaviours and metrics, selected BCTs and
developed their three concepts - everyday, extreme efficacy and cartoonishly evil
(Effect-Led Design Stage 1). Seven days after the first workshop, the Effect-Led
Design work was completed in a second workshop. Effect-Led participant-designers
engaged in User Analysis (Effect-Led Design Stage 2) of the three concepts and
developed the final refined design (Effect-Led Design Stage 3) while Value Sensi-
tive participant-designers refined their final concept. Finally, three days after the
second workshop and 15 days after the initial briefings, groups submitted final de-
signs, documents outlining the progress through the steps of each design approach
and questionnaire responses.

This study was conducted online as a result of the COVID-19 pandemic. The
videos were presented in the same form as lectures to give information in an easily
digestible, reviewable form. Design sessions started with refresher briefings on
Zoom before moving to Discord groups and voice chat channels for groups to
collaborate. Each group of participant-designers had a dedicated voice channel
and moved to shared groups when necessary to act as participants. Research and
Teaching Staff were on hand to join voice channels for assistance and to provide
guidance where necessary. All students were familiar with Zoom/Discord and
remote collaboration in design as the studies took place at the end of the module
using the same tools and following the same format as other design exercises they
had performed.

Materials & Data Collection

Students were expected to provide a single design from their group developed
through either Effect-Led Design or Value Sensitive Design depending on which
they were assigned. Students were also asked to fill out a short questionnaire
based on the principles of the design processes to identify differences. The exact
materials produced by each group of students within the workshop were:

e A full ‘design document’ from each student group detailing their progression
through the design process - The content of these documents is dependent
on the design process the group worked through:

— Effect-Led Design designers recorded their initial conceptualisations,
the three concepts in detail, the feedback of users when involved and
how they related to the specific concepts, and a final design that builds
upon these concepts along with a storyboard and techniques utilised.

— Value Sensitive Design designers recorded the initial values as obtained
from user discussions, the progression of these values into design re-
quirements, discussions on technical requirements and the final result-
ing design along with how it relates to user values.

e A set of responses to an 11-question exit questionnaire, describing their own
experiences with the design process rather than abstract thoughts towards
both processes.
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Output designs were analysed against two major criteria: the diversity of BCTs
contained and participant-designers’ evaluation of the influence of the design ap-
proach on their choices. The BCTs in Effect-Led Design concepts were recorded
during the process by designers, so could be taken directly from these documents.
Diagrams illustrating concepts were reviewed to ensure the techniques listed were
found in the final designs. Value Sensitive Design documents were analysed for
BCTs following the study through post-design mapping of techniques (using the
BCTTv1 [253]) to identify BCTs in the outputs for comparative analysis. BCT
mapping was conducted by aligning design descriptions in participant-designer
artefacts with examples and definitions provided in the BCTTv1, as well as utilis-
ing student descriptions where technique examples were very similar. Participant-
designers using both methods answered questions about their experiences with the
approach looking at the impact of the pillars and process on the advantages and
risks of Effect-Led Design, comprising;:

e Three questions to validate that the Effect-Led Design approach works as
expected and that the pillars of the process meaningfully contribute to the
final designs.

e Four questions identifying where benefits over processes such as Value Sen-
sitive Design may be present.

e Four questions identifying whether Effect-Led Design causes notable harms
compared to user-focused processes.

The specific questions can be seen in Table [4.3] These questions were sent out
as an online questionnaire, with students required to return their questionnaires
within the days following the workshop session.

4.4.2 Results

Design Process Impact on BCT Selection

Participant-designers working with Effect-Led Design used 39 of the available 93
BCTs across their 14 designs, while those working with Value Sensitive Design
used 22 BCTs across 15 designs. Of the 39 techniques found within Effect-Led
Design outputs, 18 were shared with Value Sensitive Design, four were unique
to Value Sensitive Design, and 21 were unique to Effect-Led Design. The four
techniques exclusively seen in Value Sensitive Design were also seen in contem-
porary applications. The average number of techniques used was 5.5 BCTs for
Effect-Led Design and 4.7 BCTs for Value Sensitive Design. The average number
of BC'Ts is similar between the methods but the range of BCTs used in Effect-Led
Design was close to twice that of those used in Value Sensitive Design. Despite
clear evidence of more novel use of BCTs, a Fisher Exact test on the frequency
distributions of BCTs used in both methods did not return a significant difference
(p = 0.064,p > 0.05, N = 28). Below we present comparisons between the vali-
dation workshop design’s adoption of BCTs and the prevalence of BCTs found in
contemporary applications. Once again, Fisher-Exact tests were run on different
combinations of results data to identify differences between the usage of BCTs:
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e Effect-Led Design against Contemporary Applications - Technique frequency
observed in the concepts of the validation study following Effect-Led Design
differ significantly from the techniques observed in equivalent contemporary
applications (p = 0.006,p < 0.05, N = 111).

e Value Sensitive Design against Contemporary Applications - The technique
frequency observed in concepts following Value Sensitive Design was not
significantly different from the techniques observed in contemporary appli-

cations (p = 0.087,p > 0.05, N = 111).

Taken together, the results suggest that Effect-Led Design promotes more di-
verse behaviour change solutions, supporting the prior results from the expert
evaluation and might be more useful for generating these diverse solutions than
other common design approaches.

Participant Responses to Effect-Led Design

Participant-designer perceptions of the approaches were assessed to validate the
influence of the approach, specific proposed improvements over existing approaches
and potential harms of the approach. Results can be viewed in Table [£.3] We
highlight expected outcomes (third column, Hypothesis) i.e. the outcome that we
deemed most likely given the relative philosophies of the respective approaches.

All 28 groups submitted a final design along with design documents, and 111
students answered the questions presented. Questionnaire responses were con-
verted into numerical scores (Strongly Disagree = 1, Disagree = 2, Agree = 3,
Strongly Agree = 4). The responses for the two approaches were compared using
Mann-Whitney U tests, with Bonferroni Corrections. The outcome column iden-
tifies how the responses compare to the hypothesis, e.g. if the hypothesis states
Effect-Led Design and the outcome column states h = 1, then for the specific
question, more Agree or Strongly Agree responses were seen for Effect-Led Design
than Value-Sensitive Design. If the column states h = 0, then either the oppo-
site process to the hypothesised process was more agreed with, or there was no
significant difference between the two.

The first three questions focused on validating the functionality of Effect-Led
Design i.e. that the structure of the approach influenced participant-designers
as intended. Effect-Led Design was rated significantly higher for ¢);. This sug-
gests that the deliberate ordering of work and guidance on how to approach each
stage ensures each step meaningfully influences the next. The lack of statistically
significant difference from @5 suggests Effect-Led Design does not encourage the
selection of techniques separate from user values despite deliberately flouting them.
Although selecting approaches to behaviour change based on impact is a pillar of
Effect-Led Design, the non-significance of ()3 suggests our designer-participants
felt it did not encourage this more than Value Sensitive Design. However, our
quantitative assessment in Section [4.4.2) shows differences in technique selection
for Effect-Led Design compared to contemporary work where Value Sensitive De-
sign did not. We discuss why participant-designers might feel this way about both
their design approaches because of framing, but only Effect-Led Design leads to a
greater diversity of choices, in Section .5
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Table 4.3: Participant-Designer Evaluation Questions and Results

Qrp | Question | Hypothesis | Outcome (N = 111)
All the stages/concepts within the process influenced our
Q1 final design. Effect-Led p = 0.041,p < 0.05,h = 1

We selected our approaches to changing behaviour based m
Q2 on how well they aligned with the end user’s principles. Value Sensitive p =0.327,p > 0.05,h =0

We selected our approaches to changing behaviour based on
Q3 the degree of impact they would have on end-user behaviour. Effect-Led p=0.697,p > 0.05,h =0

We had a clear picture of the change in behaviour that

Qq we were designing for. Effect-Led p = 0.00988,p < 0.05,h =1
We had a countable and measurable change in behaviour

Qs that we were designing for. Effect-Led p=0.854,p > 0.05,h =0
The playfulness of the design process made it easy to talk

Qe about a wide range of different ways to change behaviour. Effect-Led p =< .00001,p < 0.05,h =1
The design focus on stakeholder principles limited the =

Q7 final design’s ability to change behaviour. Value Sensitive p=0.153,p > 0.05,h =0
During the design process, we spent time thinking about .

Qs how our designs aligned with the user’s principles. Value Sensitive p =0.529,p > 0.05,h =0

The design process’ focus on user’s principles made it "
Qo easy to talk about the ethical implications of our ideas. Value Sensitive p = 0.258,p > 0.05,h =0

We produced a design that will align with the user’s
Q10 principles. Value Sensitive p=0.084,p > 0.05,h =0

Q The design focus on system impact limited the acceptability
11 of the final design.

Effect-Led p=0.764,p > 0.05,h =0

Q4 - Q7 cover the proposed benefits of Effect-Led Design to design outputs
when compared to alternative approaches. Responses show Effect-Led Design
leading to improvements in two (Q4, Q) of the three questions where Effect-Led
Design was predicted to outperform Value Sensitive Design. Responses to Q4
emphasise the positive influence of Effect-Led Design’s early stages in establishing
clear goals and metrics for designing efficacy-driven concepts. Qg shows Effect-Led
Design’s pillar creative playfulness’ ability to create an environment to freely
explore high-efficacy, ethically-questionable approaches. However, responses to (05
suggest that Effect-Led Design does not do enough to set a clearly defined effect
metric when the process is followed and that more emphasis on quantifiable
effect metrics is necessary. The final statement, ()7, was not significantly higher
for Value Sensitive Design as predicted.

The final four questions were designed to check for potential harms introduced
by Effect-Led Design’s focus on efficacy and flouting values. Our results suggest
that Effect-Led Design is no less effective than Value Sensitive in supporting final
designs that: think about users, (Jg; explore ethical concerns and implications, QQy;
and align with user principles, ()19. Finally, the results of ()1; show no evidence
that the acceptability of final designs was limited.

4.5 Discussion

We have used Effect-Led Design to explore alternative designs for behaviour change
in health and wellbeing. More research is needed to understand the applicability
of the process outside of this domain as both studies presented highly varied se-
lections of techniques from contemporary applications for this single design space.
There is clear evidence that our approach fulfils its intent of developing novel and
varied concepts. Effect-Led Design clarifies values for designers and users by ask-
ing users to assert their values to "fix" concepts that explicitly flout them. Where
other participatory design methods ask "are you willing to trade this value for
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this feature?" Effect-Led Design says "We are taking away your value for this fea-
ture" and challenges the end users to reclaim what they truly value - casually put
"You don’t know what you've got till it’'s gone". The approach helps designers
understand and respect the relative strengths with which users hold their values.
Our designers held professionally-shaped values that were similar or even derived
from heuristic frameworks but did not align with users’ values. Our results show
designers need to be aware that values should not be treated as additive but as
contextually dependent. For example, if users value efficacy over privacy but a
designer values privacy over efficacy, a user-centred design should make trade-offs
that favour efficacy and not avoid engaging in either because the designers hold
privacy in high regard.

Our analysis of BCTs used in Effect-Led Design concepts in both studies
showed significant differences from those used in contemporary applications where
Value Sensitive Design outcomes did not. We see three possible explanations: 1)
the focus on effect widens the design space that experts can explore, 2) the intelli-
gent focus shifts BCT choices, or 3) the fore-fronting of evidence-based techniques
forces designers to consider the mechanisms of their approaches more directly. Ex-
pert discussions suggest the former and we suggest the ability to put aside limita-
tions on potential solutions is what holds the greatest promise for improved efficacy
through Effect-Led Design. The expanded design space is further supported by
the observable differences between the multiple Effect-Led Design session outputs
(p =< .001,p < 0.05, N = 111), suggesting Effect-Led Design avoids simply creat-
ing an alternative set of homogeneous designs. Our participant designers did not
significantly differ in selecting their approaches to behaviour, however, the framing
of the Value Sensitive Design process may affect this. Participant-designers may
rule out BCTs early in the process, then select ones to design around later on from
the reduced space; When they are selecting techniques (as opposed to discounting
them) they will select for maximum impact.

Effect-Led Design is presented here as a process for exploring alternative de-
signs for Al-driven behaviour change systems, although the further applicability of
this process for other areas of design requires further exploration. Furthermore, by
design, this process will return vastly different outcomes and values depending on
those participating both as designers and users. The studies presented here cover
behaviour change for physical health and well-being, with designers and users tai-
lored to this area as to return the most relevant designs and values through the
steps of the process. This chapter presents a starting point for this process, and
from this point, the full potential of this method - both successful and otherwise
- must be explored through a variety of contexts and participant specialisations
to grasp all possible uses of this process and how values may be better focused on
each area as to best present these varied and interesting system concepts to end
users.

Effect-Led Design positions itself within the literature as a new approach to
participatory design that harnesses a greater focus on efficacy, engagement with
intelligent approaches, and a refined space of user values to create significantly
different designs for contemporary applications. The importance of a refined value
space reflects comments made by Liao & Muller [221], who found that in designing
value sets to be embedded into Al systems, many values were “not universal or
held to the same standard", with privacy and autonomy having highly varied
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requirements. This not only reflects the discussions on autonomy and privacy held
in the initial exploratory study but justifies the inclusion of such discussions as a
core element of the design process, ensuring the relative standards of each value are
unearthed and correctly applied in the resulting designs. Commonly cited issues
with integrating intelligent approaches into participatory design are difficulties
with comprehending Al methods and difficulties in judging designs which require
long-term engagement to understand [41]. Effect-Led Design aims to resolve both
of these concerns through the inclusion of efficacy-driven concepts. These concepts
help the user to understand the Al and how it functions within the system, and
the use of Al characteristics as guiding topics for user assessment ensures these
connections are made clear as to how the Al-user interactions must be structured.
Additionally, the use of these concepts and accompanying artefacts present these
systems as conceptual long-term products rather than abstract concepts, allowing
the user to envision the full process of use and react both to the initial idea and
its long-term impact.

An interesting comparison to the Effect-Led Design process is the co-design of
behaviour change strategies for physical activity with older adults conducted by
Janols et al. [178|, which utilises some similar concepts such as the explicit use
of Behaviour Change Techniques as a driver of discussion and the reflection upon
exact concepts by the potential users to ensure values are linked directly to the
space rather than simply being abstract values. This work effectively highlighted
what older adults valued in their behaviour change technologies, which is a core
tenet of Effect-Led Design achieved through identifying missing or flouted values
within the expert concepts. The inclusion of these concepts is where Effect-Led
Design achieves its other goal of high-efficacy solutions with differ significantly
from contemporary systems. Janols et al., using the BCTTv1 [253|, found nine
BCTs included within their systems resulting from the design method - Seven of
these nine BCTs are also found within the highlight top end of BCT usage in
contemporary applications (as shown in Figures [16] and [18). Effect-Led Design
includes concepts prior to user engagement in an attempt to include techniques
selected for their efficacy which can then have resulting concepts tuned by user
values, rather than the values obtained from the process aligned with behaviour
change techniques during the creation of outcome designs.

There are some limitations to be aware of for the validation study. There was
potential for ideas to move between Effect-Led and Value Sensitive groups. This
was minimised through the ordering of participants’ engagement in these sessions:
Effect-Led participant-designers acted as users before they began conceptualising
and Value Sensitive participant-designers acted as users after they had finished
their designs. Second, the validation study participants were students with limited
design experience. Also, there is the potential that some questions used to evaluate
the process may have been leading due to making assumptions about the process
discussed, such as Q6 - The playfulness of the design process made it easy to talk
about a wide range of different ways to change behaviour or Q11 - The design
focus on system impact limited the acceptability of the final design - There is an
argument these were not leading due to the words not being used in describing the
methods and thus not being already associated with a given process, but there is
still potential due to the processes being more strongly associated with the concept
through their core design.
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We observed three areas where Effect-Led Design struggled. First, despite its
aim to promote novel idea creation without limitations, some designers struggled
to put aside their values even for purely hypothetical, comical designs. Second,
some expert designers became fixed on progressing a single design idea, increas-
ing the severity of a single punishment rather than using the full BCT toolkit to
explore other approaches. There is also a risk that the promotion of a playful envi-
ronment may lead to a disconnect between what users establish as acceptable in an
enthusiastic and low-stakes environment and what they would find unacceptable
in free-living situations. Lastly, while Al and intelligent algorithms were pushed as
important elements during conceptualisation and encouraged throughout, many
designers did not utilise such algorithms extensively within their concepts. This
may require minor changes in how Al is tied into the core of the Effect-Led De-
sign process to ensure such algorithms are suitably considered in the pursuit of
maximum efficacy.

4.6 Chapter Summary

This chapter presented the newly defined process of Effect-Led Design, which
aims to provide a more focused participatory design approach to behaviour change
systems utilising new innovative, intelligent approaches to maximise impact. This
provides a means to take the conceptual ideas of technique utilisation and more
effective implementation as presented in the conceptual blueprint, and put these
ideas into practice using a participatory design approach that promotes these
techniques and ideas rather than allowing them to become diminished by too
heavily focusing on what the designers believe would be acceptable or the best fit
for prospective users. The inclusion of users later in the process serves to find a
more accurate profile of values in play and to gain more insightful responses to the
methods used within the concepts to find where users’ attitudes truly lie within
the space of behaviour change innovation. This process, and the studies which
explore its potential and evaluate its structure presented in this chapter, provide
an interesting new approach for intervention designers going forward to develop
innovative, intelligent approaches to changing behaviour.

The next chapter, Chapter [5, provides a particular instance of the conceptual
blueprint which presents the rationale for the core experiment of this thesis. This
chapter then outlines some early exploratory work on alternative approaches to
behaviour change, before describing the experimental system in detail regarding
the core platform, technique implementations and machine learning algorithms
included. The latter half of the chapter then describes the main experiment of the
thesis.
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CHAPTER 5

EXPLORATION AND
IMPLEMENTATION OF
INTELLIGENT BEHAVIOUR CHANGE

The previous chapter on the process of Effect-Led Design presents a means for us
to explore the potential of Al integration into behaviour change systems and to
develop Al-enhanced personal health concepts. However, at this time, the Effect-
Led Design process does not provide us with a method to evaluate how these
systems perform in free-living scenarios. To justify the inclusion of intelligent
algorithms into the behaviour change space, we have carried out experiments which
place these systems in real-world situations and evaluate their impact. There are
two experiments covered in this chapter: an exploratory pilot study of a rule-
based Fake Peer in the context of an existing behaviour change service which
takes the form of a single behaviour change strategy, and a dedicated device using
an intelligent implementation of behaviour change techniques as the key elements
of an intervention.

This chapter and it’s contained experiment, serve to provide answers to ques-
tion SQ3, and questions RQ2 and RQ)3 by extension:

e S()3: Do these intelligent interventions have a significant impact on those
using them compared to standard approaches?

e R(2: Can a machine learning algorithm function on a mobile device in
real-world situations and learn user patterns?

e R(Q)3: Will the two experimental approaches, technique and parameter switch-
ing, influence motivation and engagement?

Through the intended outcomes of the experiment. The experimental setup
will collect both quantitative data on steps and algorithmic performance, and
qualitative data on user motivations and responses to certain techniques and pa-
rameters, both of which will aim to resolve the three questions listed.
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Figure 20: The experimental platform, an instance of the conceptual blueprint
that underpins this thesis.

5.1 Experimental Platform & Rationale of Approach

Figure [20] represents the experimental platform that underpins the proposed em-
pirical research of this thesis - an intelligent system that, rather than presenting
an amalgamation of techniques and concepts to capture the attention and needs
of multiple users, switches out system techniques or technique parameters to best
capture the requirements of each user. This experimental platform is separated
into four key sections - the technical workings of the digital system, as well as
the three key foundational pillars which support the design and delivery of inter-
ventions. The content of this experimental platform is matched with the work
conducted in this thesis so that this chapter can accurately present the research
that will follow. This includes the exact techniques and tenets of design, as well
as screenshots of the workings of the system. This chapter will give a general
overview of the experimental platform, covering each section, with the specifics
being expanded upon in their relevant chapters.

The sections of the experimental platform surrounding the ‘System’ are pieces
of research or design that factor into the final system and ensure it operates with
maximum potential efficacy, but are not themselves part of the central loop of
the system. These are all considerations that must be made prior to design and
implementation, either to determine the exact nature of system components to be
implemented or to support their potential for efficacy post-implementation. These
sections are named regarding the system element that results from the contained
information or actions - The first section returns a technique, the second an
implementation, the third a strategy, and finally a system.
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5.1.1 Strategies & Parameterisation

Michie et al. [254] designed a comprehensive list of active techniques in behaviour
change, but the composition of a given technique is further open to interpretation.
Digital system design also contributes to this as the progression from theoretical
technique to technical implementation involves consideration of several parame-
ters. However, many of these decisions may be mostly unconscious and simply
deemed the ‘correct’ way to implement the technique as observed by the design-
ers. To use the example of ‘Paradoxical Instructions’, the general idea of how
to present this contradictory idea is well defined within the taxonomy but the
exact nature of the contradictory idea is down to the designer: Does a smoker
smoke twice as many cigarettes or three times as many? Does an overweight user
overindulge in fatty foods or sweet foods? Does an alcoholic drink until they’re
drunk or a fixed amount? The interpretation of the user may influence this as
well, as an overweight user may not view their weight as an issue, and may have
a different interpretation of what constitutes a fatty food, and these factors may
heavily influence the applicability and overall effect of technique content. These
decisions may in themselves alter the possible outcomes of the intervention. The
correct alignment of technique, user and technique implementation may have a
major stake in the overall outcomes of the system.

In the scope of this system, specifically the ‘Strategy’ section, we refer to these
decisions as the ‘parameters’ of the system - small features which can be altered
within the grander scope of the technique to impart minor behavioural improve-
ments which may add up to a major effect. These parameters may be broadly
applicable to all techniques, such as the saliency of a given technique within the
grander scale of the intervention (subtle or promoted strongly) or the tone of the
content the particular technique is presenting (is educational content positive?
negative? sympathetic? guilt-driving?), to more specific instances such as the
exact structuring of goals in a Graded Tasks system. These parameters are effec-
tively the conditions for adaptation; The elements within the implementation of
the technique each hold a small part of the potential of behavioural improvement,
and aligning these correctly both with each other and with the user in question
is key to ensuring this potential is realised. These parameters can be switched
out in real-time, and this switching may even extend to whole combinations of
techniques and parameters that may be better suited to a given user.

5.1.2 Proposed System Outline

The pre-system design discussed thus far provides the basis for the experimental
platform, intended to effectively influence behaviour. The selection of techniques,
design of effective technique implementations and development of contained be-
haviour change technique strategies all create a selection of individual behaviour
change components which can contribute to the changing of behaviour. To best
achieve this change, the design of that system is important to ensure these be-
haviours are captured and processed to best assist future decisions regarding the
choice of strategies. This system is comprised of a single feedback loop of be-
haviour, which is supported by algorithms and sensors to contribute to both the
delivery of the strategies and to ensuring future strategies are selected based on
relevant data and what is calculated to be the most effective approach for the
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particular user.

Central Feedback Loop

Before discussing the innovative supporting elements of the system, the central
loop of the system must be defined. At its core, a feedback loop is the simple
approach of providing information about a behaviour or action in real-time to
provide an opportunity to acknowledge and change this behaviour |135|. The user
may be completely aware of the behaviour they are engaging in, but presenting
it for them to actively acknowledge forces them to consider the behaviour. Goetz
uses the example of speed cameras which present the speed the driver is travelling
at when they pass it - The driver can check their speed at any time through the
speedometer on their car, but the act of presenting the speed directly to them
in their immediate attention typically reduces instances of speeding and overall
encourages safer driving [135|. Feedback loops have been implemented to influence
multiple types of behaviour and action. As well as the attention-drawing driver
safety intentions of the example from Goetz, Layous et al. use positive feedback
loops to encourage increased levels of pro-social effort, using the idea of ‘do good,
feel good’ framed more directly in the immediate attention of the user to both
improve wellbeing and increase positive actions as a result [209).

This feedback loop is driven by the use of user step counts to determine success.
The system compares step counts against different targets or points of comparison
based on the behaviour change strategy in play. These goals will be designed to
be adaptive and to be selected based on both the actions of the user and the
requirements of the technique to best deliver the ideas required. Korinek et al.
studied adaptive goals within the context of fitness applications and found these
goals increased the step counts by over 2000 steps [200]. Another central metric
this system is attempting to track as a means to determine strategy efficacy is the
level of motivation the strategy gives the user or, to put simply, how well a given
strategy encourages the user to improve their behaviours.

There are many possible ways to track the motivation of the user, the most
straightforward of which is to ask them directly. A response feature to allow
users to report how well the strategy motivated them can be more effective than
hard values as this allows for some level of mitigation of human randomness which
could influence attempts to estimate motivation through hard outcomes and usage
statistics. This does not, however, completely replace such outcomes and statis-
tics; Changes in step values, overall usage numbers and levels of engagement and
retention over varying periods of time all give some insight into the motivational
potential of a system and may provide greater ideas of this over longer periods of
time compared to the direct questioning of each strategy which is mostly limited
to the immediate short-term motivational influence of a given approach. The in-
tervention outcome is sent to the user to complete the feedback loop, informing
them of their behaviour and presenting a new strategy to explore alternative ap-
proaches to changing behaviour or driving known effective approaches to improve
and maintain positive behaviours. The relative effectiveness of the strategy is also
stored within the system to be used by an intelligent algorithm to define which
strategies are more or less effective and drive that same selection of strategies
presented to the user based on decisions made and overall intentions.
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Machine Learning Algorithm

Adapting goals and strategies to a given user could prove effective in increasing
motivation and encouraging improved behaviours. A study by Wang et al. ex-
amined the general attitudes towards fitness trackers and fitness tracking software
and found that for the most part, individuals were positive towards fitness track-
ing. Those asked found fitness apps were effective in encouraging and assisting
their improved activity levels, and provided the necessary extrinsic factor to com-
plement their existing intrinsic motivations. However, criticisms arose around the
amount of time and attention required to actively engage with these systems, and
the unrealised desire for the application and its internal strategies to match the
expectations and requirements of the user [376]. Adaptive goals and strategies
represent a promising approach to aligning the application and the user, which
is a significant factor in the applicability and acceptability of a strategy due to
the ever-changing factors that drive intrinsic motivation and the changes in pre-
dictors of success seen in users [287|. Individually tailored, adaptive goals drive
increased chances of success by finding what works for the user, developing goals
and selecting strategies which best match these needs.

A central feature of the proposed system is the use of machine learning to
improve the central effectiveness of the system. As was observed in Chapter [3]
machine learning as a component of digital health and behaviour change is an
uncommon but highly effective approach which leaves a lot of room for expansion
and innovation. Machine learning in behaviour change presents the opportunity
for the system to learn what strategies are best fit for the user in question, and
use this knowledge to develop further strategies which could prove highly effective.
In this specific example, the system proposed here makes use of a reinforcement
algorithm [340], which is suited to the purpose at hand by being able to learn and
relearn based on repeated intake of data as opposed to being pre-trained on a set
of data which could present an inherently-flawed observation or initial assumption.
Reinforcement learning is seen as the best-aligned approach to motivating users
as reinforcement learning and the general act of fitness tracking are both framed
around achieving maximum behavioural reward which allows for a closer alignment
of user and algorithm actions and rewards [109]. This reinforcement learning
algorithm will be used to calculate adaptive goals and tailor behaviour change
strategies based on the content of the feedback loop regarding user motivations
and activities, which will improve the potential of a given strategy to impart
positive change. The study by Korinek et al. that found positive outcomes from
adaptive step goals used a similar algorithm which combined reward scores and
previous adaptive goals to select the best out of available subsequent goals, which
further supports this approach [200].

5.2 Early Pilot Study - Champions for Health

Our work with the Champions for Health project was conducted very early on
in this research project and chronologically occurred before any of the work seen
in Chapters B4 The purpose of this work was to gain an initial insight into
how behaviour change strategies may be implemented in a digital intervention, to
ground ourselves in the research landscape to gain a greater sense of understanding
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and to develop an initial piece of research to start us on the right foot. This work
provided an initial sense of progression and increased knowledge of the landscape,
but it is also important to note that much of this process may have proceeded
differently if informed by the findings of the survey and the design tenets of Effect-
Led Design.

The exploration of the rule-based fake peer system was implemented as part of
the Champions for Health project, an NHS-aligned web service designed to allow
self-reported tracking of health behaviours alongside a newly implemented mental
health program. The main purpose of this study was to examine the adherence
and effect of the Champions for Health service with and without the experimental
mental health program attached, but one of the three conditions with the mental
health program was granted to us to utilise the collective user base as an early
testing ground for theories on behaviour change. The other two conditions were the
mental health program alone, and the mental health program with a motivational
greeting message on the front page of the website.

The initial Fake Peer framework was developed as a recreation of the implemen-
tation by Laut et al. to encourage participation in citizen science projects [207].
There was potential to obtain some early inclinations as to whether the fake peer
effectively influenced behaviours and increased interest and adherence, but the
main purpose of this investigation was to view whether this fake peer system
would reliably appear believable and competitive alongside the self-insert figures
of the user and whether this had the potential to fabricate social comparison on
a large scale through the use of participant data and embedded algorithms. The
fake peer system implemented within the Champions for Health service was not
intelligent and instead used a fixed position ahead of the user (as found to be most
effective by Laut et al. [207]) and calculated competition values based on this fixed
position.

5.2.1 Fake Peer Implementation

The fake peer system proposed here ideally generates a fake peer value that sits
at a pre-determined distance from the performance of the user to encourage com-
petition. This peer should maintain a certain believable distance from the user,
able to break from patterns of behaviour where necessary to prevent mimicking
the user, but also follow their patterns closer enough to maintain interest. The
fake peer operated within a ’'closed loop’ system, meaning the only data used in
the calculation of peer values was data contained within the system, that being
the peer values themselves and whatever data the user entered. The peer values,
V P, were calculated and adjusted solely using participant data points on desired
behaviour, U,,, where n represents the current week of the intervention period.
Participant behaviour change, C, was calculated by comparing new behaviours to

the previous data point
C= Unfl - Un

if the intended behaviour change called for a downward change (e.g. weight loss),
or

C= Un_Un—l

if the behaviour promoted increasing values (e.g. physical activity).
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Figure 21: A visual representation of the Fake Peer algorithm (User in blue, peer
in orange)

If the behaviour worsens, e.g. C' < 0, the value for the peer V P, was generated
by applying a noise value, «, to the previous peer value. This noise value was
randomly selected from a Gaussian distribution with a mean value of 0 to generate
both positive and negative noise, and a standard deviation equal to o/4 where o
was equal to the standard deviation of |Uy, Uy, ...,U;_1, U to ensure that the
possible value of VP 4+ «a was realistic compared to user behaviour. This was
selected as The equation for the peer value in this instance was as follows:

VPn:VPn_1+Oé

If C' > 0, C was adjusted to provide a behaviour change for the peer, VC. This
was calculated by increasing user performance by 50%, such that VC = 1.5C.
Minor adjustments to peer value adjustment and the noise range given may be
necessary to ensure that the difference in performances between the peer and the
user does not encourage unhealthy behaviours.

A temporary result, V P,r, was then calculated for the peer. This calculation
took the relevant user value, U, and adjusted this by the calculated peer change
value, VC. Once again, the decision of addition or subtraction was dependent on
whether the desired change regards increasing or decreasing values as a positive
change. The noise value was applied to prevent peer actions from becoming pre-
dictable and suspect. When combined, the equation for calculating the temporary
virtual peer data point was as follows:

VP = (U, £VC) +a

This temporary result allowed for the normalisation of the peer data to ensure
this was believable as a collective group average. If the temporary result was taken
and given to the user for each data point, the resulting progression of data would
become predictable and user influence over the presented group data would be
clear. The data was normalised using a Weighted Moving Average, where weighted
previous data points were used in calculations so that entries from previous weeks
had an impact on the newest value, as would arguably be true in the case of
real-world behavioural adjustment. By adjusting the data relative to previous
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Figure 22: Displayed virtual peer data in both text form (top) and graph form
(bottom).

data, the resulting curve more closely replicated the results and progressions of a
collective. This Weighted Moving Average was calculated as shown:

VP, = 1VPnT + 1VPn,l + 1VPH,z
2 4 4

This value, V P,, is the peer data point for the desired value of n. In some
cases, boundary checks were required, such as preventing values where VP, < 0
or if V P, results in a value greater than the maximum value obtainable, such as
V' P, > 7 where V P, relates to days in a week performing a certain activity. Figure
[22] shows how this peer was presented to users, both as a text entry presenting an
average amount and a comparative line on personal progress graphs.

5.2.2 Virtual Peer Outcomes

There were no specific behavioural outcomes observed in this study, but the fake
peer system encouraged some degree of engagement. Of the 27 individuals who
enrolled on the section of the website where the fake peer was implemented, 9
were seen to be ’engaged’ with the system (33%). This is compared to 9 of 29
in the condition with attached health information (31%), 0 of 13 in the base
intervention condition (0%), and 2 of 5 for the control condition (40%). Overall
adherence to the service was poor, but the fake peer performed the best of the
three experimental conditions.

The fake peer implemented in this system had several limitations. The first was
that the system was tied entirely to the progress of the user, improving when they
improved and easing off when they struggled. The result of this connected nature
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was that over longer periods, the peer became increasingly predictable which then
created concerns of users deducing the artificial nature of the peer. An additional
issue was that the optimal peer performance required the user to be committed
and continuously inputting data. The problems with this were two-fold: Long
periods of inactivity would be replicated in the peer which would again make it
exceedingly obvious that the comparison was not genuine, and the peer was unable
to encourage those who had disengaged from the behaviour as the fake peer would
also appear to disengage at the same point in the behaviour change process.

A further issue was that the design of this fake peer, while seemingly effective
within the service, reinforced the ergodicity problem discussed in Chapter (3] Laut
et al. found the superior performance of the peer to be the most effective imple-
mentation [207], but applying this as the singular consistent peer state means that
any user who found greater influence from other conditions would be unaffected.
Hard-coding the performance of the peer to be 150% of what the user was capable
of rendered the influence of the system ineffective if the user in question was not
motivated by a superior peer.

This test of the fake peer concept provided both positive initial feedback as to
the potential impact of the fake peer system, and some considerations to be made.
The peer system showed that it could semi-realistically represent a means of social
competition, but the implementation was predictable and fixed to a certain relative
level of performance. The weekly changes of the fake peer were realistic in terms
of their level of change, and there were a mixture of peaks and troughs depending
on how the users themselves performed. However, the fact that these peaks and
troughs were connected to the change of the user meant changes could be pre-
dictable and had the potential to be ineffective if the user performed no activity
for a prolonged amount of time. Future implementations would need to be able to
partially separate from user performance to be able to continue realistic mimick-
ing of behaviour and would need to include multiple performance levels covering
the full scope from under-performing to over-performing. Both of these concerns
are alleviated in part by the intelligent algorithms allowing for more independent
decision-making, but these considerations are still important for the design of the
algorithms and the surrounding system. This work provided practical implemen-
tation experience which was both informative and beneficial when considering and
forming the typology and Effect-Led Design work in chapters [3] and [] respectively.
With hindsight, we could classify this work as Rule-Based /Repeated/ Indi-
vidual, and the knowledge of the prominence of this and the need to progress
towards intelligent systems may have affected the design. However, this work still
functioned as a developed behaviour change implementation, and as such allowed
us a first real taste of the landscape and what potential positive outcomes could
be obtained. This work also established the idea of the 'Fake Peer’ as a poten-
tial method of behaviour motivation, and raised the question of how this method
would operate as a direct competitive value rather than a generalised comparative
one - an idea that would form the backbone of the 'Parameter Switching’ condition
in the experimental setup.
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5.3 Main Experimental Framework

This work, which covers the main experimental system and accompanying exper-
iments, was conducted at the end of the research work. This work was conducted
after Chapter [3] and Chapter {4, and as such benefits from the findings obtained
from this work. This places this as much more developed than the work in the
previous section but still utilises some ideas from this section such as the concept
of the fake peer. Two experiments were planned to test the proposed approaches
to integrating Al into behaviour change. The initial concepts of the exact in-
teractions of techniques and their presentation were discussed there, but further
consideration needs to be given to the techniques to be included within these ex-
periments, as well as the platform and exact nature of implementation to give
the best chance of consistent data collection with data fit for analysis, as well as
allowing for the machine learning algorithms to learn and react to user patterns
and provide enhanced behaviour change interventions.

The work presented in this chapter is not presented as a fully functioning pro-
totype that uses highly intelligent Al to drive optimal behaviour change. This is,
of course, a challenge for the research community to develop systems like that in
Figure 20l However, the purpose of this work is to test key components of the
experimental framework expanding upon the conceptual blueprint, the implica-
tions of the motivational techniques, and to gain a sense of how these operate in
real-world environments. The focus of this work is primarily interested in the in-
terplay of human values and efficacy in behaviour change, specifically motivation
and movement, rather than meaningful behaviour change. We focus on testing the
individual principles and the structure of the conceptual blueprint, much as the
‘Implementation’ section of Figure [20] was tested by the evaluation of Effect-Led
Design.

5.3.1 Theoretical Design & Selection of Approach

The two experimental conditions, as described previously, are a selection of tech-
niques that can be switched between intelligently, and a single technique with a
key technique parameter that can be switched intelligently.

Intelligent Switching of Techniques

The techniques considered for intelligent switching were taken from the BCTTv1
[254] as with Effect-Led Design to give an evidence base to the approaches used.
Additionally, the techniques selected were intended to be varied, taking approaches
from different taxonomy clusters to mitigate the potential factor of ineffective or
unsuitable techniques having a significant impact on uptake and motivation levels.
In theory, this is also mitigated by the very nature of the technique switching ap-
proach, but selecting all techniques from a single cluster or theoretical background
could lead to all techniques having the same amounts of influence and the same
limitations of appeal regardless of switching.

The techniques selected (and their placement in the taxonomy) were Social Re-
ward (10.4), Graded Tasks (8.7) and a digital interpretation of Verbal Persuasion
about Capability (15.1). These techniques come from different clusters - Reward
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and Threat, Repetition and Substitution and Self-Belief respectively. Tangible
rewards, more attainable goals and reinforcement of capability each target known
barriers to physical activity of lacking motivation [159], lack of time to achieve the
full step values and the need for confidence and competence for the activity [388].

Intelligent Switching of Parameters

The intelligent switching of parameters required a single base technique structured
such that multiple different variants of a central parameter would have their own
notable impacts. It was also desirable for the design and listing of these parame-
ters to be simplistic. For example, while Graded Tasks technically has a suitable
parameter for switching, this being the tasks themselves, the design and implemen-
tation of multiple sets of multiple tasks, each set presenting a different approach
to the technique, would add levels of complexity to both the implementation and
the algorithmic learning that could have an impact on the overall experiment.

Social Comparison was chosen as the technique in question, with the parame-
ter being the competitor and their relative performance. This social comparison
system was approached as an intelligent implementation of the fake peer system ex-
plored in the Champions for Health trial study. This was selected as the approach
for two key reasons. First, the initial testing of the approach in the Champions for
Health study meant that part of the work to integrate this technique was already
considered, especially compared to the intelligent selection of real-world users.

Second, and most importantly, the fake peer resolves a concern with the use
of real competitors that was initially seen as a concern with the original fake peer
implementation. Comparing the user to real individuals is heavily reliant on those
same real individuals performing the behaviours consistently over the same period.
Additionally, as the intention would be to provide several comparisons within the
algorithm, the system would require real-world users to effectively fill a stepped set
of conditions around the user which is unfeasible in free-living scenarios of physical
activity. By utilising the fake peer system, this stepped set of comparisons could
be coded into the algorithm while still presented as real competitors, allowing for
a tangible sense of real-world competition without relying on those same competi-
tors to maintain their level of behaviour. This also raises an interesting ethical
discussion as to how people feel about competing against the artificial ’optimal’
competitor, especially if the artificial nature of said competitor is obscured.

This selection was based on the research seen into the ’virtual peer’ device
and its impact on user activity. Whereas the work of Laut et al. from which
most influence is derived established minimal fixed values of just above and just
below, the approach considered here is the use of a wide range of potential step
values for a given interval which can be swapped based on explicit and implicit
user response. Fixed step tiers were used for this initial investigation.

5.3.2 Platform of Implementation

In this experimental setup, these intelligent algorithms to switch techniques or
parameters were implemented to additional features of an existing pedometer ap-
plication. A pedometer application was chosen for this experimental system for
three key reasons.
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Firstly, a pedometer application is a straightforward digital tool which allows
for the majority of implementation time to be focused on the machine learning
algorithms and technique/parameter switching functionality. Step counts are an
established metric, and there is evidence that step counts influence positive physi-
cal behaviour |27,/57]. Sedentary behaviour may be seen as a more prevalent issue
in the current health space, and there are emerging algorithms that allow for the
intelligent detection and classification of sedentary behaviour [22,187|, but these
either require additional physical sensors or are not yet accurate enough for free
living scenarios. As such, the established approach with a greater ability to be
accurately and effectively tracked in day-to-day situations was chosen as the basis
for the experimental system.

Secondly, pedometer applications are ubiquitous in personal health and fitness.
Pedometers and pedometer-linked health promotional materials have been around
since at least the 1960s and are closely associated with health behaviours. An
advantage of pedometers is that they make use of behaviour that is engaged in
as standard during daily life and has previously been established as the method
of activity most appealing to currently inactive individuals [260]. This, combined
with the ability to passively track this behaviour in the background of living
situations allowing continuous automated tracking of behaviours [204], makes a
pedometer application a straightforward tool for data capture and presentation
for both researchers and participants.

Finally, steps as a metric are more effective in this context than metrics such as
sedentary behaviour or abstract physical activity, as steps present a quantitative
combination of activity data and success criteria. The most common of these
success criteria is 10000 steps per day, but this figure comes from the marketing
campaign of a Japanese pedometer device named the manpo-kei, or 10000 step
meter’. The similarity of the Japanese character for 10000 - JJ - to a running man
reinforced this decision and, as a result, this goal in the public mindset [213}293].
Further research has established step targets of between 4000 and 7000 steps [213],
upwards of 7000 steps [279], 8000 to 10000 steps |278| and even as high as 8000 to
12000 steps [317]. These step goals may not be consistent across the research field,
but they do present a goal that can be achieved, in that there is a recommended
number of steps to achieve such that one has surpassed the required amount to
offset any negative impacts of inactivity. Sedentary behaviour can be tracked but
lacks such an exact goal to strive for. The inclusion of machine learning algorithms
within this experimental framework requires a measure of success for learning to
be possible, as the algorithm needs to be able to select and promote certain actions
or approaches based on what is deemed most successful. It is technically possible
to track this based on absolute step numbers, but this would still require a set of
values to be determined as to how successful the given action was. The existence
of these target step values gives a starting point for such reward structuring and
therefore increases the ability of the reinforcement learning algorithms to learn
and more consistently select optimal approaches to behaviour.
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Figure 23: Screenshots of early application prototypes, demonstrating implemen-
tation of Verbal Persuasion on Capability, one of the implemented techniques as
discussed in Section

5.4 Experiment Platform

The four behaviour change techniques and associated code were built as additional
features to an open-source pedometer application. This pedometer code was de-
veloped by the SECUSO Research Group with a focus towards maximum privacy.
This focus on privacy presented a good neutral base on which to develop this ap-
plication, as the existing code contained no external internet connections or device
permissions that would need to be adjusted or overridden, instead presenting a
blank slate upon which necessary permissions, connections and code could be built
up.

The base application provided both hardware-based and accelerometer-based
step counting, tracking of steps in both numerical and graphical formats, and
multiple periods over which steps could be tracked and presented. This provided
several compatibility options to ensure steps could be tracked on any device and
presented the means through a variety of display options and time-frames for
tracking to allow for most techniques to be integrated into what was already
contained within the application with minor adjustments. Minor changes were
made to the application to remove certain included features, such as a training
service, the ability to alter and learn walking patterns and a built-in motivational
alarm system. The ability to switch between daily, weekly and monthly step
tracking in a single toolbar was also removed. These were removed to reduce
the complexity of implementation and to avoid the possibility of certain features
interacting with techniques in such a way that the effectiveness of the technique
is significantly altered. Having to include multiple versions of each technique
for daily, weekly and monthly intervals would also have increased the number
of required conditions and required participants as a result, which would raise
necessary recruitment and data capture to unfeasible levels.
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Implementation of Techniques

The four techniques were all implemented to easily slot into the existing framework
as set up by the pedometer application. This code was written by students as
part of their final year projects, specifically by Rajiv Kulkarni (Section , Noah
Mitchell (Section [5.4)), David Kajwang’ (Section[5.4) and Hadi Jalali-Lak (Section
, and was submitted as part of their dissertations. My contribution to this
work was overall mentorship of the work, as well as in-depth guidance on design
decisions. These students were also educated on the process of Effect-Led Design
to ground their thinking in this experimental space.

Verbal Persuasion on Capability

The ‘Verbal Persuasion on Capability’ technique is implemented as a set of moti-
vational messages which change upon loading up the application. These messages
were selected not to inflate the opinion of the user on their own ability, but rather
to accurately re-contextualise their step values and their goals to allow for mo-
tivation to be obtained from the steps they are achieving and how these place
themselves within the value obtained by wider society.

The three messages all communicate to the user that while they may not
consistently achieve ten thousand steps a day, the fact that they are even striving
for this is impressive, and if they do achieve a good number of steps or perhaps
even achieve their goal, that is a degree of success that is still very impressive in
context:

e "Only 58% of UK citizens even attempt 10000 steps a day, and 29% do not
even reach this goal!"

e "Most people only reach 10000 steps one or two days a week."

e "According to the NHS, the average step count in the UK sits at between
3000 and 4000 steps."

The selection of these messages cannot be specifically tailored within this im-
plementation, as these would technically classify as parameters, which would mix
the two experimental investigations and make it difficult to establish where any
potential increases in efficacy come from. As a result, these are selected randomly
each day and displayed below the step count, to provide an immediate morale
boost and a potential increase in steps each time the steps are viewed by the user.

Graded Tasks

The ‘Graded Tasks’ technique was implemented as a daily tracking task that
tracked the completion of these tasks over numerous days. This was implemented
as a very low-complexity presentation of the tasks as the technique itself does not
rely on the technology to enhance or support it, so all that was required was the
basic presentation of the content. The back end of Graded Tasks required the
ability to store goals to be achieved over numerous days, as well as the ability to
track which goals were achieved and which needed to be presented.
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The goals were set as constants, progressing in stages from 4000 steps for four
days to 5000 steps for five days, all the way through to 10000 steps for seven
days to represent the week. These were chosen to allow for the final goal of that
standard approach, with each stage ensuring the behaviour was manageable over
a longer time. The system also stores the previous week’s worth of steps, to allow
for comparisons to be made between the appropriate step goal and the step logged
by the system, ensuring that the system is updated to the appropriate goal. This
also allowed for the Graded Tasks process to persist through changes in technique
as the combined stored knowledge of the current goal and a week’s worth of steps
allowed for updating upon use.

Checks were included to identify if the goal was not being achieved. Graded
Tasks are intended to allow for the slow increase of step numbers from a number
that should be easily obtainable to the desired high value of steps such as the 8000
to 12000 step range, or the classic 10000 steps. The issue with this approach is that
while not achieving the full goal can be seen as the fault of an overly ambitious
goal, not achieving a more manageable goal may result in the user placing blame
upon themselves and negatively impacting their motivation and confidence, which
could lead to abandonment. To resolve this, the implementation uses the check of
the number of days since the last goal check to observe for how long the goal has
not been achieved, and in response, may revert to the previous task if necessary
to encourage the progression and perhaps allow for this motivation to be regained
and possibly increasing the likelihood of achieving future tasks.

Social Reward

Social Rewards were implemented as an interpretation of social standing, or re-
warding action with social praise, which took the form of a ranking system. Rather
than an explicit ranking of users based on steps or other subsets of activity, this
ranking resembled the system utilised in multiplayer video games such as Call
of Duty or Battlefield, presenting ranks and titles of increasing importance and
grandeur as the number of steps achieved by the user also increased.

A \ *

Figure 24: Examples of the ranks for the Social Reward implementation (here
pictured the 1%, 5*® and 8" ranks

These ranks were presented with a circular progress bar, which was filled as
the user performed their steps. Unlike the Verbal Persuasion on Capability and
Graded Task implementations, Social Rewards was implemented over a monthly
period to allow for the rank functionality to work long term rather than being
constrained by the changes in days potentially interrupting progression towards
ranks. As the monthly tracker calculates an overall number of steps based on
collective daily step counts, this could be used as a continuous step value that
would persist through the changing of techniques.
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Figure 25: Rewards display with step count, showing two ranks achieved through
use

The progression of ranks and badges is calculated by comparing the number
of steps achieved by the user within the period to the required steps to increase
in rank. This value is calculated by multiplying the badge number, effectively the
rank number, by a constant of 12500. This value was determined by calculating
the number of steps that would be achieved in a month if the user consistently
achieved a realistic value of 5000 steps, and then dividing this by the total number
of badges, 12. This effectively presents an equal separation of the total number of
steps achieved. If the user can achieve 5000 steps a day for a full month, they will
be able to achieve the top rank, which is a realistically obtainable goal that still
presents a level of challenge. As the number of total steps does not reset upon a
change in rank, it is necessary to multiply the rank value by the badge currently
obtained to ensure the required cumulative steps have been achieved.

Fake Peer

The ‘Fake Peer’ technique implementation, itself an interpretation of the Social
Support (6.2) behaviour change technique, was presented as a collective average
of individuals similar to the user against which they could compare themselves.
The peer steps are calculated mostly by the on-board Python algorithm, with the
number of steps calculated using the selected action. An action is equatable to
a parameter, with each action representing one of the peer value ranges that can
be selected, and these actions are what the system learns in terms of matching
parameters and outcomes. The actions available are between 1-19. This action
is incremented by one to avoid negative step counts, and then passed through a
method to produce the presented step count (between 50-2050):

1: ¢ + random between 50 and —50

2: action = action + 1

3: peer = (action % 100) + i

This follows the concept outlined during the Champions for Health fake peer

trial discussed in [5.2] using a fixed action value instead of the user change value
and adjusting it through multiplications and noise values to make it believable
as a comparable average. Additionally, the noise value is recalculated with each
calling of the method to give the impression of a fluid average value changing as
the 'users’ engage in their activity. This peer steps value is used within the system
as a comparative value, presented below the user step value to encourage pairwise
comparisons intended to increase activity levels as can be seen in Figure 206}
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Figure 26: Fake Peer display alongside user step values

5.5 Implementation Details

As well as the techniques themselves, several features were required for the sys-
tem to effectively perform the requirements of the experiment, as well as record
information that would allow for more effective performance and analysis by both
the application itself and the associated Python code. This section, as well as
the following sections detailing the machine learning algorithm, are written by
myself. Whereas the techniques are the individual components of the system, the
code here that I have written is the code that directly tests the elements of the
conceptual system architecture that underpin the contributions of this thesis.

5.5.1 Application Components
Android App Code

This section is here to give an overview of what components make up the experi-
mental system, their purpose in the overall operation of the system and generation
of intervention content, and what data each component collects and processes to
allow for the system to operate effectively.

The core application, as described above, functions much like a standard pe-
dometer system. The system records step counts, either through the standard
Android step counter functionality or a hardware-based step counter calculation
method within the application for use on older devices. These steps are stored at
half-hour intervals as dedicated objects within the application called StepCount
objects. These StepCount objects are then uploaded to a cloud-based database to
ensure all data is stored together. If uploads are not possible due to poor internet
connection, these StepCount objects can be buffered and stored in a queue to be
uploaded simultaneously.

Functionality is included to capture discrete user feedback on how motivational
a given technique or parameter was. An early system issue was the potential for
the reinforcement learning algorithm to develop coincidental associations between
actions and positive outcomes. This error comes as a result of the way the learning
is conducted, which assumes that increased or decreased step counts are entirely
dependent on the presented action. This means that if the user engages in a high
number of steps for reasons outside of their control such as a particularly high-
intensity workday or spending a day out walking from location to location, even
if they do not interact with the application a single time during this time, the
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application will store data with the assumption that this high step count was a
direct result of the unseen actions presented during this time. Therefore, it was
necessary to implement a system such that the user could assign an exact label
of motivation to each action as they were presented, which would then directly
influence the weighting of certain step count recordings during the active period of
the reinforcement learning algorithm. This manifested as notifications requesting
user feedback at the point of technique or parameter change, displaying a screen
with four options and asking the user how they felt about either the previous day’s
technique or the most recent comparative peer step value. The options presented
were that the user was motivated, they were demotivated, they were unaffected or
they did not see the technique or value at all. Once answered, this response was
collected and uploaded to the database alongside the exact intervention to give an
image of how motivations aligned.

The system then selects the new action and associated intervention content. In
the case of the Technique Switching system, each technique has an implementation
within the system that is mapped to one of the three action values. When the
system generates an action, this action is read and the respective technique content
is loaded up. In the Parameter Switching condition, as described in Section [5.4]
the action is selected and put through a calculation to generate a peer step value
which is then presented to the user.

Android Learning Code

Two main functions can be called: one that calls functions during the first run of
the system that operates before any observations, and another that uses functions
including these observations to build upon previous learning periods. In this
context, the ‘observation’ is the knowledge already held by the model in terms
of the previous outcomes and current reward assigned to each action. The action,
user steps and presented peer steps are stored in the database, with a new step
value calculated to be presented to the user. The post-learning code is functionally
identical, simply using the observation for the calling of the new action to select
one with the best chance of presenting optimal rewards. The next action is selected
in one of two ways: either a new action is selected at random, or based on the
previous observations made by the system which may allow for selections better
aligned with what the user has reacted positively to so far.

Data Storage

The data obtained from the application is uploaded to a cloud-based database,
hosted as a Google Firebase service. The storage of the data is scheduled to occur
every 30 minutes. As well as collecting the step values and storing them in a
format which can be sent with a range of accompanying data, the functionality
for calculating the new fake peer values is also contained within this method as
they run on the same time scales and as such make functional sense to run as
a single method. The steps attained since the last saved file are calculated and
presented as a StepCount object: If it has been too little time between this current
attempt to save and the last save, a time so short that no significant data has been
obtained, then the last stored step count is updated rather than creating a new
one. This is legacy code from when storing step counts was possible to activate
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manually, but in the case of an error with the alarm or an accidental firing of the
method, it’s good to retain this code to avoid excessive creation and storage of
near-identical StepCount objects:

Once this has been created, and possibly the fake peer information has been cal-
culated depending on the condition, this data is uploaded to the Firebase database.
This Firebase method takes in a date from which it calculates the same time dif-
ference as searched for in the storage method, to ensure that in the case of error,
only one Firebase upload each hour is permitted. An intent is then created that
stores all the relevant data, and calls a web service method to upload this infor-
mation. Any locally-stored StepCount objects are loaded in, and the appropriate
type of upload is selected depending on which technique was active at the time
to ensure all data is captured. These methods are similar but include technique-
specific data captures such as the task for Graded Tasks or the rank and progress
for Social Reward. The method then iterates through the stored objects uploading
them by adding database records for the given date and time under a given user-
name for simple lookup. For this implementation, the usernames were recorded
as user phone numbers to allow for easy communication if records stopped saving
or the application was seen to no longer be running. The full storage checks and
conversion to different objects for storage can be seen in Appendix [A.3]

5.5.2 Machine Learning Approach

Rewards The score used internally in the algorithm to determine how suc-
cessful an action was at delivering the target outcome

Interval The period for which a value is compared against (one hour in this
implementation)

Episode A determined number of data points used in learning

User Step Count The number of steps in a given interval

Feedback Response Response to the feedback message (positive, negative, neutral, un-
seen)

Observation Previous learning, or the weightings currently in place for selecting
the optimal action

Table 5.1: Definitions of Machine Learning Terminology

This platform makes use of an on-board machine learning algorithm. The
terminology used in this chapter to describe the algorithm and how it operates
can be seen in Table 5.1} and the full code can be seen in Appendix [A] The
algorithm used in this experimental platform is a reinforcement machine learning
algorithm. This means that the algorithm is not extensively pre-trained like with
supervised models, but rather learns through ‘trial and error’ by assigning reward
or punishment to desirable and undesirable outcomes respectively. To use this
experimental platform as an example, reward and punishment would be applied
to increases or decreases in physical activity, which would allow the system to
learn which actions it takes are more desirable for positive outcomes. The specific
type of algorithm used here is a decaying e-greedy algorithm which predicts which
technique or parameter will result in the greatest improvement in steps. The
benefit of using this type of algorithm is that over time in use, the algorithm
will transition from heavily favouring testing all conditions available to heavily

108



Implementation Details CHAPTER 5. IMPLEMENTATION

favouring selecting conditions based on prior success - The system will go from
ensuring all techniques and parameters have been tested to focusing on those which
have returned positive step counts. The algorithm predicts this by basing reward
scores on the change in steps between one technique/parameter and the next -
A greater positive change presents a higher reward score, which then increases
the weighting towards that technique or parameter in the next selection. The
machine learning algorithm runs once a certain number of data points have been
collected. Each episode is equatable to a day to ensure updates are frequent and
as close to in-the-moment as possible. The first episode is longer, with more data
points; This will be explained in Section If this threshold has been crossed,
the algorithm starts learning using the data collected up to that point, as seen in
Algorithm [I}

Algorithm 1 A representation of the code for determining when learning is run
through the algorithm

1: if firstLearning then

2: if learningPeriod > first Period then
3: call firstRunFunction

4: saveData

5: run firstLearningAlgorithm

6: end if

7: else

8: if learningPeriod > shortPeriod then
9: call observation RunFunction

10: saveData

11: run observationLearningAlgorithm
12: end if

13: end if

Two reinforcement learning methods are used, designed to learn from the initial
set of data and then update the existing observations with new data. The first
period threshold was selected following testing of the learning capabilities of the
algorithm, and these tests will be discussed further in Section [5.6] Following this,
the decision was made to retrain the data each day to repeatedly increase the
effectiveness of the algorithm over time with the user’s data to reach the optimal
level of performance in the shortest amount of time. Technically all historical data
is used each time as the observation is repeatedly built upon with the new reward
calculations, creating a perception of the space which grows more dense with every
period of learning.

The system learning utilises three streams of data: the actions (techniques or
parameters), the user step count for the same interval, and the respective feed-
back value provided by the user. Through system use, these lists of values are
accumulated and can be compared to allow for the system to learn. The output
once learning is complete is the observation, which is then added to the existing
observation to inform the following selection of data. When the system attempts
to use its learning, the observation is used to provide a prediction, which is a series
of numbers based on the likelihood of returning a positive reward score, with the
algorithm picking the action with the highest number as the next action to be
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presented to the user.

Rewards are assigned by calculating the change in steps between two points

and converting this into a percentage value of change, giving an indicator of the
influence of a given action. This percentage is then compared to several prede-
termined states to find which reward will be applied for that given step-action
pairing, the process of which can be seen in Algorithm

Algorithm 2 The process through which reward scores are calculated to be
awarded to the algorithm - Appendix [A.T] Lines 27-45

1:
. if change >= 30% then

— s s =
= w N = O

© PNy

change = difference between oldSteps and newSteps

reward = 30

. else if change = 20%t030% then

reward = 20

. else if change = 10%t020% then

reward = 15

. else if change = 5%t010% then

reward = 10

. else if change = 0%t05% then

reward =5

. else

reward = —50

. end if

Feedback was also stored as an integer value to allow for weighting to be applied

to the algorithmic rewards as seen in Algorithm [3]

Algorithm 3 The feedback options and their influence on system learning - Ap-
pendix [A.2] Lines 75-93

1:
2:

10:
11:
12:
13:

3
4
5
6:
7
8
9

if noFeedback then
feedbackV alue = 1.0

. else

if feedback = Positive then
feedbackV alue = 2.0

else if feedback = Negative then
feedbackV alue = 0.5

else if feedback = Neutral then
feedbackV alue = 0.75

else if feedback = Unseen then
feedbackV alue = 0

end if

end if

This combined value of the reward score multiplied by the feedback value is

the final value the system uses to reward a given action.

110



Off-Platform Algorithm Testing CHAPTER 5. IMPLEMENTATION

5.5.3 Edge Conditions

Some minor edge cases will be described here. For the calculation of reward, in
instances where either value is 0, the change value is treated as the other value,
with the value being negative if the current steps are 0.

A system is included if feedback responses are not provided, to ensure the
lists are of equal lengths so the algorithm can correctly work through the lists in
parallel. In this instance, a base value of 1.0 is provided to avoid any unwanted
major changes.

As described above, the first learning episode is longer. This is to capture more
data for the first learning period, as this first observation has no prior basis and
as such will benefit from more data to build a more robust observation. This first
episode is equatable to six days, the reasoning for which will be described below
in section

5.6 Off-Platform Algorithm Testing

Initial testing of the algorithm helped to determine the required number of data
points for the system to begin to learn and make effective predictions. This testing
was done separately from the experimental platform system to try and determine
this number before implementation and used simulated step data. This was to
reduce the time requirement for algorithm testing and allowed for rapid testing
of varied episode lengths, learning lengths and epsilon values. It was felt that
repeated implementations to test these different conditions in real-world testing
would not have provided sufficiently more useful data that could be obtained
through simulated tests.

The learning for this system was conducted as episodes of 60 data points. The
system ran the learning algorithm after each set of 60 points, much as the on-app
version learns every 24 data points following the initial learning call. The model
was tested with different amounts of episodes to find how this affected the score
and epsilon value, or how the episodes affected at which point the system could
be said to be learning effectively.
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Figure 27: Evaluation of Learning Progression with 7, 10, 15 and 20 episode
lengths. Orange dots represent the averaged reward score. The blue line represents
the epsilon value, a pre-determined value that determines whether the action of
the algorithm is random or based on previous outcomes.

The graphs presented in Figure 27] show four experiments with different num-
bers of episodes to test the time required for the algorithm to learn effectively.
The blue line represents the epsilon value set for the decaying e-greedy algorithm
to allow for the transition from frequent exploring to frequent exploiting. This is a
consistent, pre-determined decaying value that illustrates in essence a percentage
chance that the selection of algorithmic action is random. For example, in the
20-episode graph, at Episode 5 the epsilon value is 0.6, giving a 60% of the action
being random and 40% of the action being selected based on prior observations.
At Episode 15, the epsilon value is 0.1, giving a 10% chance of a random action
and a 90% chance of an action based on observations, which is desirable given the
additional observations obtained over time. The orange dots each represent the
average score across the episode. The scales on each graph are different but illus-
trate the general region in which the score resides - In the seven-episode graph, the
highest obtained score is -1200, while in the 20-episode graph, the highest score is
250, despite beginning at approximately -1750, showing the scale of improvement
in score over the longer length of time. The important information to be gleaned
here is the change in score as the episodes progress as well as where the tests start
from, as a lower beginning score is not important in the long run if the score at the
end of the test is significantly more positive. Each episode is made up of a series
of steps, which in this instance would be the comparisons between step counts as
the technique or parameter changes. The desired outcome here is an increase in
score, or for the orange dots to increase in score value (seen on the right-hand
axis) as this indicates the actions selected by the algorithm are resulting in posi-
tive rewards, which in this instance would indicate more positive activity from the
user.

This testing indicated that a value equivalent to 2-2.5 games, or episodes, was

112



Off-Platform Algorithm Testing CHAPTER 5. IMPLEMENTATION

the point where the epsilon value began to reduce below one, which indicated
the ability to exploit knowledge and present actions based on learned patterns
rather than for learning purposes. This equated to around 127-129 data points,
which is reflected in the value presented in the reinforcement learning algorithm
implemented in the experimental platform. These tests also indicated the ability
of the model to produce highly effective reward scores with higher amounts of data,
indicating that over time the model will produce effective results given adequate
amounts of data.

The possibility for prior training of the data was discussed but eventually was
not seen as appropriate due to the purpose of the model being a very individ-
ualised system. Training the model of each user on a uniform data set would
increase the immediate effectiveness for users whose needs aligned with the out-
comes of the training data, but for others it would arguably further negatively
impact the model, requiring it to not just learn the user but also unlearn the
trained associations that prove ineffective.

Original implementations of the machine learning algorithm were subject to
the ‘Personalisation Paradox’ as discussed by Zhu et al., as it was originally defined
using a single step goal. The Personalisation Paradox describes the phenomenon
that if a behaviour change system is perfectly personalised to a single individual
through design, then this personalisation is inherently short-lived as it is specified
to the state of that user through complete user modelling. As soon as the user’s
behaviour is changed by the system, the personalisation is no longer appropri-
ate as their state is technically changed due to their differing outlook and action
regarding their behaviour [405]. This is why the application implementation cal-
culates the required reward based on the difference in behaviour to allow for the
personalisation to adapt alongside the behaviour of the user and remain relevant
at the minor cost of a slightly less specific user model.

Experimental Study Outline

The implementation of this experimental platform was specifically designed to best
explore the influence of technique and parameter tailoring without additional fea-
tures which could influence the clarity of conclusions drawn from these inclusions.
This system was built on an existing pedometer application to ensure underlying
systems for step tracking and data processing were present, but all other fea-
tures were removed such that only the required features were present and visible
depending on the condition.

The machine learning algorithm was integrated into the necessary conditions,
and implemented in such a way as to fully explore conditions and weight based
on step count intake and specific comments on motivational impact. This allows
for the system to learn effectively based on both implicit and explicit responses
and ensures this is consistent for all behaviours. The implementation of this
algorithm on the device itself ensured the ability to learn without the need for
communication and also allowed for offline devices to still learn, although the lack
of database communication made this more difficult to track if this was consistent.
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5.7 Experiment Details

The previously described implementation was used in an experimental study to
provide answers to questions RQ2 and R(Q3 as described at the beginning of the
chapter. As part of this study, three condition-specific predictions were made:

e Condition FP (Fake Peer) and Condition IS (Intelligent Switching) would
provide the greatest levels of motivation and engagement compared to Con-
dition US (Unintelligent Switching) and Condition C (Control).

e Condition US would outperform Condition C.
e Condition US would be less effective than Condition IS and Condition FP.

These predictions outline the expectations of the experimental platform in
terms of its benefits over typical approaches. The two intelligent conditions are
expected to produce the most positive results, more so than the standard approach
or switching approach without intelligent algorithms. However, the unintelligent
switching approach is still expected to outperform the standard approach due to
the inclusion of multiple behaviour change techniques providing a greater chance
of applicability of the technique to the user. The study conducted to test these
ideas was made up of four conditions. All four conditions were built from the same
base code to avoid any confounding factors relating to application design:

1. A Control condition, C, with basic step counting and a fixed 10000-step
goal, to provide both a baseline set of measurements with which to compare
the intelligent approaches, and a set of values to remove the confounding
factor of increased step counts due to the inclusion of a step counter of any
description into their daily routine.

2. The Fake Peer condition, FP, with an intelligent peer value presented that
is updated at hourly intervals, and supported by intelligent algorithms.

3. The Intelligent Technique Switching condition, IS, switching between
the implementations of Verbal Persuasion on Capability, Graded Tasks and
Social Reward at daily intervals, also supported by intelligent algorithms.

4. An Unintelligent Technique Switching condition, US, which switches
between the same three behaviour change techniques as the intelligent system
at the same intervals, but does not utilise the intelligent algorithms to learn
the patterns of the user over time. This system does not include intelligent
algorithms and therefore acts to identify the impact of confounding factors
such as novelty on motivation and behaviour when compared to Intelligent
Technique Switching.

5.7.1 Qualitative Data Capture

Qualitative questions were also produced to better capture user outcomes and
attitudes surrounding system motivation. A full list of the qualitative questions
can be found in Appendix [C| These questions were asked as part of an interview
following the use of the system, to capture opinions in the context of use.
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Questions included were specific to differences in content and approach. Pa-
rameter Switching, specifically in the context of fake social comparison, explores
the ethical implications of users competing against a value they believe is a real
person but is instead an artificially generated value specifically chosen to best in-
fluence their behaviour. This value may give exactly what the user requires to
best encourage positive behaviours, but being influenced in this way by a digital
device may raise concerns about free will. Furthermore, the knowledge of compet-
ing against a device with no stake in the competition may affect motivation and
engagement.

Both Technique Switching approaches raise questions about novelty, habit-
forming and eventual habituation. In this experiment, the effect of ‘novelty’ refers
to an increase in motivation or interest due to the presence of a new or unfamiliar
technique or parameter, regardless of the actual impact of the technique or param-
eter on the user. The key focus of the Technique Switching approach is combating
habituation while introducing an element of novelty to try and keep the user en-
gaged long enough for the habit to form. As discussed by Fritz et al. and Pinder
et al., the eventual goal of a behaviour change application is to establish the tar-
get behaviour as a habit, such that the stimulus is no longer required [119,289).
The difficulty with this approach is that if a single approach is used, habituation
can set in before the habit is formed, which reduces the impact of the stimulus,
affecting the ability of the device to encourage the behaviour and in turn, estab-
lish the habit. A question arises here, however, whether the regular switching of
techniques in itself acts against habit formation. The repeated alteration of goals
and targets may disorient users and reduce their ability to engage with the system.
Another question is whether improved engagement is solely due to novelty rather
than the intelligent switching of techniques, which is the reasoning behind the
inclusion of both Intelligent and Unintelligent Technique Switching conditions.

5.7.2 Participants & Recruitment

Recruitment for these studies examining intelligent adaptive fitness trackers was
aimed at the age ranges that most frequently utilise such applications. According
to statistics captured in 2017, the age group with the largest share of fitness
technology users was the 30-39 years age range with 41% of people using such
systems, closely followed by 20-29 years at 39% [100]. The difficulty this path of
recruitment presented was how to effectively reach out to the individuals in these
40% subsets, and how to encourage them to engage in the use of the application
for the required amount of time. These ages were the target focus points for
recruitment, but no age groups were excluded from participation.

This study utilised two key methods of recruitment to try to obtain the required
user numbers. The first method of recruitment was the recruitment of University
students through official University channels. University students filled a wide
reach of the 20-29 bracket and presented a wide range of background demographics
which gave a variety of insights into system appeal and influence. The second
path was approaching individuals in both key age brackets, as well as others,
through social media. This was split between individuals known to the research
team and social media groups and tags relating to fitness and physical activity.
These individuals were less diverse due to being approached through narrower
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channels but were more likely to be directly connected to either the researchers
or the research goals due to this direct approach. This approach also gave a
more diverse age range due to exploring outside of the student demographic to all
those involved with fitness groups and social media which covered a far wider age
range. This recruitment was mostly conducted remotely. Participants recruited
through student-focused channels had the potential to be engaged through on-
campus meetings to provide a connection between the system and the research
team, theoretically promoting engagement. Those recruited through social media
were contacted and recruited online.

5.7.3 Study Procedure

The four conditions (FP, IS, US, C) were developed as independent applications
built on the same underlying code base, and were downloaded as four separate
APK files which could then be distributed to participants. As described in Sec-
tion [5.4] the prototype device was a basic pedometer application with the rel-
evant technique code inserted as the key feature of the main application screen.
Other features included in the original application code, such as activity types and
graphs, were removed to avoid the potential of these elements encouraging activ-
ity and motivation, which could confuse potential outcomes. This application was
intended to be run mainly as a background system, with a persistent notification
to show the system running and additional push notifications when the technique
or parameter changed to encourage engagement with the system. All intervention
content was contained within a single application screen to reduce confusion and
avoid any chance of participants missing content and therefore not engaging fully
with the study.

Upon recruitment, participants were provided with an initial rundown of the
study, the details of which were partially obfuscated to not make known the Al
aspects of the system which needed to remain hidden for the fake peer system
to be effective. Upon agreeing to the details of the study, participants were sent
one of the four APK files, along with a short tutorial video developed by the
research team which guided participants through installing the APK file on their
mobile device. The APK files were provided in the order of Parameter Switching,
Unintelligent Technique Switching, Intelligent Technique Switching, and finally
Control.

Once the application was installed on the user’s device, their activity and
usage of the application were able to be tracked passively through the regular
Firebase uploads. These uploads not only served to provide the data that would
be used to evaluate the application but also acted as a regular confirmation that
the application was successfully operating on the device. During their involvement
with the study, participants were asked to act as they normally would and to follow
the advice and actions of the application where necessary. The only exception to
this was an element of encouraged engagement - regular notifications were included
as an element of the application, but participants were further asked to open the
application regularly both to ensure it was actively running and uploading data,
but also to ensure they engaged with the content of the application, be it technique
or parameter.

Participants were asked to use the application for four weeks from the initial
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download, with the research team keeping track of start and end dates for each

participant. There was no identifiable data captured from participants - The only

form of label used was phone numbers, requested to allow for the research team

to contact participants in the instance of lost data to ensure the system is running

and to guide the participant to restart the application if not functioning properly.
The data collected was as follows:

e Regular step data from the participant’s device was uploaded to a remote
Firebase database, which was broken down into half-hour increments to pro-
vide a balance between enough data points for the machine learning al-
gorithm and large enough periods to identify the impact of techniques or
parameters.

e Qualitative motivational feedback upon the change of a technique or param-
eter which provided an immediate personal response to the elements of the
system. The user provided this qualitative feedback by selecting one of four
options on a notification delivered through the mobile device - ‘Motivated
Me* as a positive response, ‘Demotivated Me‘ as a negative response, ‘Didn’t
Affect Me* as a neutral response, or ‘Didn’t See It’ to attempt to control for
high step counts completely unrelated to the application content.

e Qualitative responses from interviews were conducted once the four-week
period of use was complete. Questions were asked around motivation, en-
gagement and behaviour change, as well as questions specifically relating to
the experimental condition if relevant.

The majority of data analysis was conducted on the interview responses, due
to technical issues which will be discussed in Section [5.9.1] Despite this, the avail-
able step data was analysed by performing between-groups analysis to view any
significant differences generally between the activity levels of different conditions.
The motivational feedback was mostly used in conjunction with the analysis of the
machine learning outcomes but was also collated to be used as an aide in interviews
to examine whether responses around which techniques or parameters were seen
as most motivating lined up with the in-moment responses to the notifications.

The interview responses were thematically analysed in a bottom-up fashion,
with a loose focus on the key elements of the experiment (e.g. motivation, en-
gagement, behaviour change). The condition-specific questions were analysed in
a fully bottom-up fashion to ensure the collective themes were based on the par-
ticipant attitudes towards elements of the system rather than what the research
team perceived would be seen as positive and negative elements. These themes
were recorded separately for each condition but analysed between conditions to
find any notable differences in response.

5.8 Study Description

There were 61 responses to the recruitment materials. 36 participants downloaded
the trial application, with 31 participants finishing the full four-week study period.
Of the remaining five that did not finish this period, two encountered technical
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difficulties during installation which prevented use, and the remaining three en-
countered technical difficulties during use that prevented the application content
from being engaged with to an acceptable level. Each condition contained between
six and nine participants (Fake Peer = 9, Unintelligent Switching = 8, Intelligent
Switching = 6, Control = 8). Of the 31 participants who finished the four weeks,
28 attended a follow-up interview (Fake Peer = 9, Unintelligent Switching = 6,
Intelligent Switching = 6, Control = 7). Participants were recruited primarily
through email exchanges, the content of which can be seen in Appendix [C.1]

The majority of participants (19/31) were in the 20-29 age bracket, with the
next largest being 30-39 (6/31). The gender balance of the participant group was
skewed towards males, with a percentage of 76% (n=22). All participants had at
least some interest in fitness and fitness tracking, with 28 of the 31 being interested
or very interested and the remaining three being somewhat interested. 29 of the
31 participants had previously used a fitness device, with the average rating of
experience with previous applications being around a 7/10 (mean average = 6.689).
Education levels were high, with only one of the 31 participants not educated to
a University level, be this holding an undergraduate degree or currently working
towards one. Ten participants were working towards undergraduate degrees, with
eight holding this degree, nine holding a Master’s degree and three holding a
Doctorate-level qualification. All participants provided consent to both take part
in the study and for the use of their data for analysis, and this process received
full ethical approval from Swansea University.

During recruitment, participants were given an overview of the research goals
and the purposes of the study and were asked to fill in both a participant consent
form with an attached information sheet, and an online questionnaire which pro-
vided demographic data (age, gender, education) from which possible comparisons
could be made. Study participants were left to use their application at their own
pace, with minimal interaction or interference from the research team. The only
instance of researcher influence came when participants had been seen to not up-
load any data for multiple consecutive days, which suggested the application had
closed and therefore the user was not engaging with the system, preventing mean-
ingful interactions. All participants were given the same instructions regardless of
condition, which were to use the application as they would any other application
of this type, and to try and engage with the content of the application as much
as possible.

Following the four weeks of use, participants were sent a questionnaire to cap-
ture their feelings on the system, as well as additional factors specific to their con-
dition. All users were asked the same base questions covering usage of the app,
influence on behaviour and self-held belief of behavioural improvement. Those
in the technique switching condition were also asked about their feelings towards
the techniques, in particular, which they found most effective and whether the
changing of techniques was beneficial or detracted from the effectiveness. Fur-
ther questions were asked about the influence of the switching on the appeal of
techniques and the ability to form consistent behavioural patterns. Those in the
parameter switching condition were given questions about the content of the peer,
namely whether the changing of peer values helped and whether higher or lower
values were preferred. Participants who engaged with the fake peer also answered
questions following the reveal of the peer as fabricated, mainly about the per-
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Figure 28: The graphs represent two different users having continuously used the
application for 24 (top) and 46 (bottom) days respectively. The actions selected by
the machine learning algorithm for two users of the Intelligent Technique Switching
condition. Each colour represents a technique, and each vertical line represents a
day of use.

ceived believability of the peer, attitudes towards the system through the lens of
the newly obtained knowledge, and whether the knowledge of the artificial nature
of the peer had significant impacts on the desire to use the system and overall
motivational influence provided by the peer when known to be fake. These in-
terviews were then transcribed and thematically analysed. Key themes of the
thematic analysis pertained to overall usability, motivation and feelings of engage-
ment, condition-specific information, and the potential impact and performance
of the machine learning algorithms as perceived by the users.

5.9 Results

5.9.1 ML Performance and Perception

Intelligent Switching

Figure [28| shows two participants on the Intelligent Switching condition, each con-
tinuously using the system and providing data to learn from for different amounts
of time. As can be seen from the graphs, while the first user sees balanced oc-
currences of the techniques, the second heavily favours the Rewards condition
late in the process. This may give some indication of learning, although it is
equally possible this is a series of random occurrences. There is a high amount of
random noise that comes with real-world environments, which heavily limits the
algorithm’s ability to learn.

Figure [29 shows this lack of consistent growth, presenting the average score
across all participants in this condition at each learning cycle. The high level of
variation illustrated by the error bars indicates the need to account for factors
outside of the simple pairing of action and activity to ensure learning is based on
the exact influence of the action. This high level of variation is also an indicator
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Figure 29: The average score at each update across the users of intelligent switch-
ing, where multiple scores were available across users. This is shortened by the
long lead-up to learning initially, user drop off and missed data.

of a core issue with the algorithm. As the rewards are mostly based on steps,
with only slight steering based on motivation, the overall reward and therefore the
ability of the algorithm to learn is heavily dependent on steps being conducted
mainly in line with the intervention content. If the steps are conducted for reasons
outside of this, the system must take this as a response to the content, which
means certain actions may gain some conflicting rewards due to situations outside
of its control, or actions may be promoted by the system due to high step counts
entirely unrelated to the intervention. These ideas, and potential solutions, will
be explored further in Section (6.1}

Parameter Switching

Figure 30: The actions selected by the machine learning algorithm in one instance
of the Parameter Switching ‘Fake Peer’ condition. Each colour represents one of
20 parameters. These parameters were displayed as 100-step windows of fake peer
performance e.g. action 5 represented a peer values of 550-650.

Figure shows two examples of parameter selection in use from the Fake Peer
application. The main concern of the parameter switching condition is that the
selections do not appear to follow a pattern, and do not appear to bear any
relation to the parameters picked out by participants as their preferred options
for motivational purposes. This is likely due to surrounding contextual factors
having a much stronger impact on parameter learning due to the frequent changes
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Figure 31: The average score at each update across the users of parameter switch-
ing, where multiple scores were available across users. This is shortened by the
long lead-up to learning initially, user drop off and missed data.
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Figure 32: Average step counts from all users grouped by condition. Steps are
represented as moving averages. The graph covers the length of the trial period.
Shaded regions represent a 95% confidence interval for each condition. The top
graph shows all confidence intervals, the bottom graph highlights confidence in-
tervals for Control and Parameter Switching conditions.

in value across a day and the lack of consistency in when parameters appear. The
variance in selecting parameters is high, which supports this lack of significant
learning.

Figure [31] presents the average reward score for the algorithm across the user
base each time the algorithm learns behaviours. Difficulty in presenting significant
growth is likely due to the noted issues in parameter presentation and the impact
surrounding factors have on this. The inability of the score to vary much past a
neutral point coupled with high levels of variance at each learning point indicate
that external factors heavily impact the ability of the algorithm to learn rapidly
changing parameter responses in free-living situations as discussed above.

5.9.2 System & Behavioural Outcomes

Figure [32] shows the average steps of users across the different conditions, repre-
sented as a rolling average from the point where the learning algorithm begins
to exert an influence in the intelligent conditions. The top graph shows all four
conditions with 95% confidence intervals shaded. The lines on this graph repre-
senting the rolling average indicate a difference between the control condition and
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the three experimental conditions, but this difference is hard to see with the confi-
dence intervals present, especially due to the high level of variance in the Technique
Switching conditions. The bottom graph highlights the Parameter Switching and
Control conditions to try and identify whether the two conditions with less vari-
ance showed any signs of significant difference. There are some instances, between
days 10-15 and around day 18 where the two conditions appear to be significantly
different, and this may indicate a potential improvement in steps from the Pa-
rameter Switching conditions specifically compared to the control. This reflects
the qualitative results, which found Parameter Switching had the most positive
response in terms of personalisation efficacy and changes in behaviour outcomes.
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Parameter Switching 66.67% 33.33% | 77.78% 22.22% | 88.89% 11.11%
Unintelligent Switching | 33.33% 66.67% | 66.67% 33.33% | 83.33% 16.67%
Intelligent Switching 50% 50% 83.33% 16.67% | 83.33% 16.67%
Control N/A N/A | 57.14% 42.86% | 71.43% 28.57%

Table 5.2: Assessment of the experimental outcomes through the lenses of per-
sonalisation efficacy, user experience and self-perceived behaviour change. Fake
Peer condition displayed more outright efficacy, while Intelligent Switching had a
better user experience. All conditions generally felt their behaviour had improved.
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Condition Positive Negative
Variation in Content Variation in Content
Preference in Content Realism of Peer
C 1 Engagement Presentation of Peer
Parameter Switching Awareness Technical Problems
Behavioural Improvement | Untracked Behaviours
Motivation
Variation in Content Visibility /Ease of Use
Content Switching Technical Problems
Unintelligent Switching Awareness Untracked Behaviours
Engagement
Behavioural Improvement
Motivation
Variation in Content Visibility /Ease of Use
Content Switching Technical Problems
Preference of Content Untracked Behaviours
Intelligent Switching Awareness
Engagement
Behavioural Improvement
Motivation
Awareness Lack of Content
Behavioural Improvement Engagement
Control Motivation
Technical Problems
Untracked Behaviours

Table 5.3: The themes used to conduct the thematic analysis, along with whether
the overall sentiment of each theme was positive or negative, separated by exper-
imental condition.

5.9.3 Qualitative Outcomes

Qualitative results supported the concept of the experimental conditions, as the
regularly changing content of the applications increased behavioural awareness
and the likelihood of engaging in behaviours in response. The Control condition
with 71% presented the lowest perception of behaviour change. Both Technique
Switching conditions saw 83% of users feel their behaviour had changed. The
Fake Peer condition was the most successful in this metric with the highest value
of 89%.

The themes emerging from the qualitative analysis, as well as their general
sentiment, can be seen in Table[5.3] Opinions on usability were generally positive,
although some users experienced technical issues. A sense of motivation from
the presence of the application alone was seen across conditions. In forthcoming
quotations, participants are referred to by condition, for example, participant C1
would be Participant 1 within the Control Condition.

Qualitative results supported the concept of the experimental conditions, as
the regularly changing content of the applications increased behavioural awareness
and the likelihood of engaging in behaviours in response. The Control condition
with 71% presented the lowest perception of behaviour change. Both Technique
Switching conditions saw 83% of users feel their behaviour had changed. The
Fake Peer condition was the most successful in this metric with the highest value

of 89%.
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The themes emerging from the qualitative analysis, as well as their general
sentiment, can be seen in Table[5.3] Opinions on usability were generally positive,
although some users experienced technical issues. A sense of motivation from
the presence of the application alone was seen across conditions. In forthcoming
quotations, participants are referred to by condition - for example, participant C1
would be Participant 1 within the Control Condition.

Awareness

Numerous participants commented on notable increases in awareness and moti-
vation just from knowing the application was tracking their behaviours: 1S3 - “I
think it was just a background thing for me, just having the app on my phone...
was more motivation”. Many users specifically referred to the persistent notifica-
tion presented by the application: IS5 - “the persistent notification... whenever I
did look at my phone 1’d see the app is just running in the background and that in
itself would make me remember to move”. Some in the Control condition did note
that any issue that caused the persistent notification to not be presented could
lead to overall disengagement: C71 - “In the first few days, when I saw the little
bar in the top of my phone I was like, oh yeah, I can do my steps and... when it
went away, probably wasn’t as conscious about it".

Some used their newfound awareness of their activity as a catalyst to challenge
themselves to increase their steps: C2 - “I’d look at my progress and I'd be like,
I can do more than this, I know that for a fact... I just felt I wanted to be more
competitive with myself, try and get better”. Participants felt that even if their
activity hadn’t increased, the awareness of their behaviours had increased. One
participant was unsure if their actual activity had improved, but found themselves
more likely to look for opportunities to get up and move: C6 - “My intent was
there and thinking about right, when can I take a little ten-minute break”.

In some instances, this new-found awareness was obtained from application
content intended to more directly drive behaviour change. In the case of the
Parameter Switching condition, the peer step value was used by some as a point
of curiosity rather than a point of competition: PS5 - “I think it was, I didn’t use
the steps to motivate me, I just found it interesting”. When viewed in this way,
being above or below the number was less important, as it was mostly used to see
when others were active to align their actions with that of the group: PS2 - “it
will help in that way as well, shows that other people are active at the same time,
so it does sort of help”.

Motivation

Participants in all experimental conditions noted increased motivation from using
the application and engaging with its content. Within the Technique Switching
condition, motivation was derived not only from the techniques themselves but
from the passive knowledge of their continued tracking when other techniques
were visible. There was a factor of anticipation for certain techniques, such as days
without Social Reward maintaining interest due to wanting to see the increase in
rank: US5 - “it [motivated me| anyway, because I knew [the ranking] will sometimes
appear”. There was also motivation to remain engaged due to wanting to see
what technique would be seen, not knowing what options were available within
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the technique rotation: 1S3 - “Yeah, every day I would open the app, I would look
it would come up with the quotes about walking, and I would open it throughout
the day”". Another participant echoed this sentiment but also noted that this
motivation dwindled once it became apparent they had seen all the techniques
in the rotation: IS4 - “at first there was the element of that, oh it’s changing, I
wonder what it’ll be today, but after a couple of weeks you’ve seen everything or
you feel like you’ve seen everything so there’s not enough”.

For the Parameter Switching condition, there were more mixed responses re-
garding motivation, most centred around the idea of the artificial peer and their
competition against it. When perceived as an Al competitor, many users saw the
actions of the Al as just picking a number to beat, which removed any personal
stake to compete for this and outperform the value given: PS6 - “when you’re
seeing a fabricated number of steps higher than your normal number of steps then
the app is trying to motivate you, it’s like just an algorithm doing that, it’s not real
people”. It was seen as less motivating to compete against a number generated by
an algorithm, as the belief an actual person performed a certain number of steps
gives the incentive to outperform said action: PS2 - “John down the road has done
20000 steps today when 've only done 8000, where here it’s a computer going this
person could have done this but you’ve only done this”.

Some users, however, felt that the artificial nature of the competitor made no
real difference to their desire to engage with the competition. The complaint of the
artificial peer being nothing more than a value picked by the system as a feasibly
achievable value was seen as a positive point by one user. The fact that this value
was selected by the app was seen as motivational as this was effectively the ‘ideal’
value for that given user, which was then motivational as beating this value meant
you were outperforming what was seen as your requirement: PS7 - “I think it
would still motivate me in a way to still do exercise because it would still kind of
push me to do more”. The fake peer was seen as a positive in terms of its ability
to match up to an optimal competitor value, rather than hoping a random user
is hitting those values: PS3 - “having something that is a little more reflexive and
interactive whether you know it or not could definitely be more useful than relying
on, hoping that someone is doing something you want to shoot for". This same
user described losing motivation due to the disengagement of another competitor,
which again supports the reasoning behind the fake peer system: PS8 - “It was
very useful to have someone to directly compete with, but when they stopped, or if
they had an off-day, that then gave me nothing to shoot for".

There was also the perspective that, artificial or otherwise, the motivating
factor was the general experience of being challenged: PSj - “some competition, I
don’t mind... it pushes me, you know?. The Al was seen as a benefit to this as it
was able to more directly tailor this challenge, being seen as a learned benchmark
to compete against which only enhanced the feeling of beating it. The general sense
of challenge was also presented as a negative element of the artificial peer, as the
nature of the peer not being another user’s steps meant their personal step counts
were also not being presented to other users, which reduced the desire to maintain
a strong level of activity: PSI - “I think, it being tangible, as opposed to being. . .
like, the notion of having my steps on my peer’s phones is quite motivating”.
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Behavioural Improvement

All conditions suggested some form of behavioural improvement, with users en-
gaging in more short-form physical activity: PS8 - “I usually take the bus down
the road... but instead, I thought I'll take a walk down there instead. The presence
of the app also increased the likelihood of choosing walking over public transport,
increasing activity in these split-decision scenarios: C4 - “I think without the app,
I would’ve been a lot less motivated to walk into town instead of taking the bus”.
Behavioural improvement was also positively linked to increased awareness of
the behaviour, even if this improvement was only minor: PS% - “I would say I did
increase my awareness of the behaviour, and, yeah it was definitely slightly more
present in my mind... a small increase potentially in the actual behaviour”.

Variance & Preference in Content

A key benefit of the experimental conditions was the ability for the content to
change, which could capture motivations and promote engagement since there
was a reasonable chance at least one of the techniques or parameters on offer
would be at least slightly motivating.

Diversity of technique preference supported the Technique Switching approach,
as each technique was heavily favoured or unfavoured depending on motivational
requirements, which the system could then account for and adapt to through
extended use. Technique Switching participants typically found the changing of
techniques interesting, and most participants found a technique that they preferred
compared to the others included. Participants expressed preferring each of the
three techniques, be this Graded Tasks: US1 - “the initial four days where it tried
to get you to have more than, I think, 4000 steps four days in a row actually
kind of made me feel bad when I lost my streak one day”, Verbal Persuasion on
Capability: US2 - “Um, I would say that notifications with the comparisons was
best" or Social Reward: IS4 - “So I think possibly the most motivating one was
where I was getting ranked, and the first time I saw that I was like, oh I wonder
what happens, I wonder what the higher ranks are and how high I can get". There
were also negative statements on each from participants who found them least
helpful of the options - Graded Tasks was frustrating when goals changed once
they were grasped: 1S4 - “it says like, can you meet that target for four or five days,
and it was four thousand steps, and I did four thousand steps... it had changed to
can you do 5000 steps and I was like... that’s not fair, Verbal Persuasion was not
immediately helpful upon viewing: 152 - “I understand the concept of percentage
of people in terms of quantity of it, and I think some people might struggle to grasp
what, if it says only 50% of the population try it, I don’t think they can quantify
that number”, and Social Reward was obtuse without a grander sense of scale:
US2 - “I’'m not super aware of what it means, so I guess you need some sort of
awareness of the rankings to full understand, oh yes, I'm now higher, even though
it says rank 5, 5 of what? Of 107 Of 1007” or required longer to be productive
as a means of motivation: IS1 - “after all I've only had the app for a small period
of time so it’s not like I can become emotionally invested into that, the rankings
or whatnot”.

One participant expressed the benefit of switching for different sources of mo-
tivation: 152 - “you struck a chord with me with one of them, you’re going to do
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something else with somebody else I imagine, nobody is the same... you have to
keep the cycle changing”. This ability to address differences in individuals was
also visible in terms of certain techniques or approaches being unfeasible due to
external factors. For example, one participant had sustained a minor injury that
reduced their ability to engage in high levels of activity for the early stages of the
study. This participant was drawn to the Graded Tasks technique in the rotation,
as it was a reduced target that only the single participant was competing for:
US1 - “a community ranking... but then they’re of course going to walk thousands
of steps more than me so it doesn’t mean anything to me, where this one is just
me so it does make me feel better”. This uncovers another positive effect of the
Technique Switching condition, which is the ability to adjust technique selection
in the case of injury or sudden changes in conditions which limit the ability to
engage with learned positive techniques.

The continuous switching of techniques was met with mixed reception. The
switching of techniques was generally seen as a positive factor, with participants
saying it provided a sense of change within the system: US5 - “I think it’s more
interesting for the user... it’s more encouraging to see something else rather than
one view for the whole thing”. On the other hand, some participants found the
changes of technique difficult to follow, especially without any cohesive connections
between techniques: US4 - “I was a little bit confused... it went from military-style
rankings then to one app that seemed to just be a number ranking?... I was just
not sure how they married up", and without an understanding of why techniques
were changing: US4 - “if I understood why they changed and what the difference
was, what the point of the difference was, that might have helped”.

The continuous switching of techniques was viewed more negatively by partici-
pants who had engaged heavily with a single technique. For some, the switching of
techniques to those less interesting meant they effectively viewed days with those
techniques as lost motivation: 182 - “you’re waiting like, obviously, I think it was
the last one I didn’t really engage with... I would be waiting for it to move on”.
For others, the moving of a given technique to the background made it difficult
to continuously engage with that technique, be it the inability to view progress
in a set of Graded Tasks: US1 - “I was more focused on getting my streak and
knowing that I did it and that was it" or difficulties in visualising progression in
ranks in Social Reward: IS/ - “wanting that consistency of wanting something like
the ranking where you want to see yourself moving up through the ranking, where I
found it difficult to get a clear picture of whether I was moving up because I might
have seen that one day and then not seen it for a few days”.

Users in the Parameter Switching condition differed in whether they wanted
to be ahead of the peer or behind them in terms of step numbers. Some users
found being outperformed by the peer motivational as they were behind what was
perceived to be the societal norm, so felt the desire to match the output: PSTI -
“you felt as if, if you were underneath what your peers are doing, you’d want to
increase it to what I'm meant to be doing, this is how many steps I'm meant to be
taking because it’s just what everyone else is doing”. Some users found a sense of
motivation in being ahead as they enjoyed being in lead and were motivated by
others seeing their high values, so felt the desire to push further ahead to avoid
being caught by users in the opposite position of chasing the peer ahead of them:
PS1 - “being higher helped me, like I’d strive to be higher than everyone else... the
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days I was ahead, I would try to get further ahead, or try and maintain staying
ahead”. However, some users felt complacent if they were ahead of the value
presented and would do less activity, since they felt already being ahead of the
peer average gave them space to be inactive and still be level with the general user
group: PS6 - “f the value was lower and I had already had higher steps than the
other peers, I didn’t then feel like that encouragement I had before to walk more”.

Presentation of Peer

The presentation of the peer was a key point in discussions on the Parameter
Switching condition, especially concerning clarity of what exactly the peer repre-
sented. The presentation of the steps implied an updated average within a window
of time, and those that perceived the steps as such were generally motivated: PS7
- “I saw, oh the peers are doing a little bit more... I can just pop down to the gym,
do a little treadmill, that sort of stuff . Other users who misinterpreted the ’re-
cent’ step counts as a rolling daily value were less motivated as they would quickly
outperform the step counts and therefore lose motivation: PS9 - “perhaps within
the last half an hour someone has completed 386 steps or if it’s been a full day or
anything like that, so wasn’t quite sure where those figures were coming from so
I ignored them in a way". These same users often saw the peer value as a day’s
worth of steps and often found the values to be far too low for what would be
expected: PS4 - “I walk a lot and usually I do at least ten thousand, fifteen thou-
sand steps a day, and my peers were mostly one thousand, two thousand, it didn’t
give the competition of things”. One user even explicitly outlined this question of
timings: PS3 - “3000 steps across a whole day might be quite low but 3000 steps
within the last hour is obviously relatively high".

All users responded neutrally or positively to the information of the peer be-
ing an Al construct, with some even stating they had wondered at times if the
comparisons were made up due to inconsistencies or step counts which created
a disconnect with the belief of normal step patterns: PS8 - “I thought that the
numbers, it’s either these are randomly picked... or it’s the person with the most
or the least average sort of things, I thought if this is like an average or a highest
number, this is... people aren’t moving that much. Some users were able to see
issues with the peer values due to how they were generated, and these issues in-
creased the chance of them working out the fabricated nature of the competitor:
PS1 - “I'll be honest, I did suspect a little bit... like it was generated”.

Realism of Peer

The randomness of the peer values in Parameter Switching impacted the believ-
ability as a 'peer average’. One user felt the high level of step count fluctuation
caused doubt as the nature of the study meant this average would consist of a
small number of users, and as such wouldn’t change much: PS6 - “I'm pretty sure
if it was showing the real results of a group of people, the other testers, then it
should be pretty steady across different days, you know? People have habits and
they walk more or less, and I think they do it quite regularly... in the app, it was
different every day and very different sometimes”. However, another user felt this
fluctuation increased how believable the values were, as the multi-week nature of
the study would naturally increase variation in step counts: PS3 - “I know on
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certain days, it’s like exam season and that sort of thing, I'd get very very few
steps in, so it didn’t seem unrealistic at all .

The semi-random generation of peer step counts meant that these values did
not always reflect expected time-appropriate step values. For example, one user
who worked nights found that the values did not follow the expected patterns of
step counts that one would see in a rolling average: PS2 - “12 o’clock it’s saying
other people around you have done like, 200 steps, I'm thinking if other people
are usually out then, it should be a lot more”, and another who often engaged in
running sessions in the early hours of the morning found they often started these
sessions to find the app reporting the average had already done thousands of steps
that morning: PS1 - “like four in the morning when it has two, three thousand
steps I would think. .. ".

This perception of issues with the presented values correlated well with existing
levels of active behaviours. Users who were active outside of the influence of the
application had a stronger understanding of what step counts would be reasonable
for a given time of day and situation, which would lead to suspicions when the steps
did not align with this understanding: PS9 - “your peers have recently completed
356 steps, I suppose I do that when I walk to the toilet and back, you know what
I mean”.

Visibility

A major problem with the implementation of the Technique Switching condition
was a lack of convenient visibility of application content. Some participants found
that their engagement with the techniques was negatively impacted by the lack
of immediate visibility, as the only means of seeing the content was by going into
the application. All three techniques provided visual tracking of progress, be it
checked boxes for tasks, a circular progress bar for ranks or specific statistics to
motivate users, so opening the application was required to fully engage with these
techniques: US4 - “it was a case of having to go out of my way to open it to see
the step count sort of slowed it down a bit". One participant, in particular, noted
that the purpose of a system built around tailored, challenging content to motivate
users is undercut by having to rely on internal motivation to open the app in the
first place to view this content: IS1 - “If there are challenges, they should come in
your notification bar... It should be like some nudge towards it, but if it’s going to
challenge you, you shouldn’t have to go in to ask for your challenge”.

Lack of Content

Within the Control condition, a common issue was the lack of specific content on
offer outside of the step counter itself. Participants found a lack of application
content or drive to engage led to a lack of improvement: C7 - “At the start,
I wanted to try and hit the goal, but that definitely waned very quickly”. This
differed from the experimental conditions as these at least gave some incentive
to check the specific technique or parameter, while the Control condition system
could easily be forgotten about: C3% - “it’s easy to just have it on the background
and not think about it at all, and that doesn’t really push you to keep going”.
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5.10 Discussion
The initial predictions:

e Condition FP (Fake Peer) and Condition IS (Intelligent Switching) would
provide the greatest levels of motivation and engagement compared to Con-
dition US (Unintelligent Switching) and Condition C (Control).

e Condition US would outperform Condition C.

e Condition US would not perform as well as Condition IS and Condition
FP.

were supported by the results obtained from the experimental study. The
qualitative responses by participants within the scope of the study indicated that
the two conditions that utilised machine learning were most effective, followed by
the Unintelligent Switching condition and finally the Control condition. There
was a 16% difference in positive responses between the Fake Peer and Control
conditions and a 12% difference in positive responses between the two Technique
Switching conditions and Control. This initially suggests no difference between
Intelligent and Unintelligent Switching in terms of changing behaviours, but Intel-
ligent Switching performed more positively in both Personalisation Efficacy and
Interaction Experience, with Interaction Experience also more positive than the
Fake Peer condition. This raises interesting questions regarding machine learning,
as there is a difference between the conditions even without any evidence of the
machine learning performing effectively.

The themes drawn from the qualitative analysis indicated the experimental
systems were generally engaging and motivating, with positive and negative com-
ments on all conditions regarding their approaches to behaviour change. All
conditions also generally felt their behaviour improved (as indicated by Table
[.2] although the thematic analysis indicates Control participants may have only
improved their awareness of their behaviour while the experimental conditions
improved their motivation and engagement in changing behaviours. Technique
switching participants praised the ability to focus on specific sources of motiva-
tion with all three techniques being preferred by at least one participant, although
there were some comments on the potential for confusion and disruption of interest
due to the switching mechanism. Parameter Switching participants were positive
about the system and the peer comparisons, with competition found engaging
whether the user desired to be ahead of the peer or behind the peer. However,
some issues with the presentation and the believability of the peer reduced the
potential impact. There is some evidence that the Parameter Switching condition
promoted a significant change in steps against the Control condition (as visible in
Figure[32)), but high levels of variation in the Intelligent and Unintelligent Switch-
ing conditions make it difficult to make any claims on the step counts in these
conditions.

The machine learning was unsuccessful in learning user behaviours, with no
clear evidence of successful learning presented in either intelligent condition. A
more in-depth discussion of the model and how these issues may be resolved is
presented in Chapter [6]
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5.10.1 Literature & Previous Work

The findings here align with some of the initial insights from the literature in
Chapter [2| helping to situate this new intervention approach within the wider
space. Section outlined the sources of motivation, and found there were
a wide range of determinants including age, gender, background and economic
status which could impact how well the content of a system influenced positive
behaviours. There is potential for the adaptable nature of the experimental condi-
tions to be able to align their content with the specific elements of each determinant
which alter the impact of a given technique or parameter. Whereas current re-
search may find differing outcomes in different demographics due to the alignment
of content and individual (similar to the comments of De Roos & Brennan [87]),
the systems presented here can overcome that issue to potentially provide a more
uniform level of positive behavioural impact. It is true to say that this issue could
be overcome in the current design space by utilising a more hands-on approach to
intervention design and deployment, working with the user to align the content
with their needs. However, this would go against the concept of the 'minimal con-
tact intervention’ which was seen as highly effective. The experimental conditions
presented here combine these concepts, able to tailor intervention content to the
continuously changing state of the user without sacrificing the passive nature of
the intervention which allows it to operate effectively in real-world conditions.

Shin et al. named the “interrelationship between people and their information
needs" as one of the key elements to better serve user needs and improve overall
system adherence. There is the potential for the system presented here to begin
to explore this relationship, especially as more techniques begin to be included
within the Technique Switching condition - there are Behaviour Change Tech-
niques such as ‘Monitoring of emotional consequences’ and ‘Framing/re-framing’
which could find what information needs are possessed by a given individual and
utilise parameters or alternative techniques to best serve and address these. This
also highlights a potentially interesting issue with the current approach to inter-
vention evaluation, specifically in the area of certain demographics responding
more or less strongly to a given technique. Certain ages, genders and backgrounds
not finding success with these applications may be due to poor alignment between
technique and user, and the ability to shift and change content in use may help a
wider range of users find the same long-term system success.

There is also an interesting parallel in play to the outputs of the Effect-Led
Design work presented in Chapter [l In the exploratory study, a concern raised
around one of the design concepts presented was fairness and reliability, specif-
ically in the context of a system which compared activity numbers without any
concern for health conditions or contextual factors impacting how much activity
an individual can perform. Related to this is a comment from one participant
in the Technique Switching condition, who praised the Graded Tasks technique
as it allowed them to engage with activity despite having sustained an injury
which limited their ability to engage with a typical leaderboard-based health sys-
tem. This ability to change techniques and parameters to address external factors
which may leave certain techniques temporarily ineffective helps to address these
concerns around fairness and reliability in Al systems.
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5.10.2 Limitations

Some limitations in this study may have impacted potential outcomes. Technical
issues with the application resulted in losses of data. A lack of measures in place
to ensure users continuously used the application meant some instances of the
Fake Peer and Intelligent Switching conditions were not as effective as a limited
introduction to these conditions confused or did not engage users. Additionally,
the time scale of the study means that there may have been instances where
the intelligent algorithms were not able to effectively adapt to user behaviours,
especially if data was missed due to the previously discussed limitations.

5.11 Chapter Summary

The experiments described in this chapter explored the approaches of Intelligent
Parameter Switching and Intelligent Technique Switching in real-world environ-
ments compared to a standard step-counter system. These experiments returned
positive qualitative results, indicating that these approaches can provide high lev-
els of motivation and behavioural impact, with users praising the novel approaches
of each system for their ability to encourage behaviour. There were some minor
issues, although these were mostly due to the exact nature of implementation -
Parameter Switching presented issues with content presentation influencing the
degree of impact on user engagement, and Technique Switching saw issues with
limited technique numbers eventually leading to reduced interest in the switching
content. The machine learning algorithms were initially unsuccessful in perform-
ing any meaningful degree of learning, with the outcomes presented showing no
clear evidence of trending towards intelligent selection of techniques and param-
eters. This experiment explored the system presented in both the conceptual
blueprint and the more specific experimental platform outlined at the beginning
of this chapter.

With the positive qualitative outcomes explored in this chapter, the next chap-
ter, Chapter [0}, examines the negative outcomes of the machine learning algorithms
in this experiment. The algorithm itself is explored through a small number of
data sets and focused examinations, before going on to explore possible changes
to the algorithm and its implementation that could lead to more effective learning
and system outcomes for users in future.
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CHAPTER 6

ANALYSIS OF ML FAILURES &
ALGORITHM REDESIGN

6.1 Analysis of Machine Learning Failure

The outcomes of the deployed experiment indicate clear issues with the machine
learning algorithms failing to learn from real-world data. Here we present a series
of post-experiment tests, using the ML model on the real data captured during
the live experiment, and trialed a range of conditions and changes in an attempt
to understand why the ML failed to learn.

6.1.1 Current State of the Model

S
Figure 33: The performance of the application machine learning algorithm when
presented with random values, without controls such as motivational preferences
or feedback modifiers. There are some instances of growth and decline, which
come as a natural outcome of the structure of rewards.

Figure presents a baseline for machine learning performance - the input of
random numbers to view the ability of the model without any confounding factors.
These graphs are similar to those seen in Section [6.1; The blue line represents the
epsilon value and indicates the point in exploration or exploitation, and the orange
dots represent the averaged score from each episode, with dots higher on the graph

133



ML Analysis CHAPTER 6. ALGORITHM REDESIGN

showing a higher reward and therefore more evidence of learning. These graphs
show a lack of consistent improvement in score, with the dots either decreasing
or remaining relatively stable in terms of their score. This lack of learning is to
be expected, as there is no connection between step values and actions, which
means no actions are going to emerge as high reward options due to no consistent
behavioural response. This graph tells us the expected outcome that highly noisy
inputs, or inputs without any sort of relation to the algorithmic actions, prevent
the system from learning. The next step of understanding the model is seeing
what happens when trends are introduced, to show the algorithm can learn trends
that are present and to understand what may influence this learning.

EY & 8 100 0 2 0 0 80 100

Figure 34: The performance of the application machine learning algorithm in
two conditions: Left shows step preference towards actions, right shows feedback
preference.

Figure shows two variations on this same experiment, expanding upon
whether the rewards structure operates more effectively when certain actions are
actively promoted. The left-hand image shows skewed steps, with 100 steps for
actions 0-6, 5000 steps for actions 7-14 and 10000 steps for actions 15-19. The
right-hand image shows skewed rewards, with a negative response modifier (x0.5)
to actions 0-6, a neutral modifier (x0.75) to actions 7-14, and a positive modifier
(x2) to actions 15-19. These graphs demonstrate a strong incline, which demon-
strates the system is learning from the trends that have been introduced. This
learning is expected from the left-hand graph which has tailored its step outcomes
to the actions, but the right-hand graph demonstrates a more interesting outcome
in that the noisy step values were still able to learn when supported by another
more stable metric. This shows that the model is capable of learning when the
user’s actions directly relate to the actions of the model, or when noisy behaviour
data is effectively supported by other user measures. This understanding of the
model can be used to identify where issues arose in real-world studies.

6.1.2 Model Performance with Real Data

The noise of real data combined with inconsistent feedback modifiers limits the
ability of the model to learn in free-living environments. The tests with random
data show that learning from solely noisy activity values is not possible and that
the inclusion of consistent feedback responses or trends in steps can help correct for
these values. The examples found in real-world data show feedback and trending
behaviour shape the model slightly, but not enough is given to allow for a strong
positive progression of learning.

134



ML Analysis

CHAPTER 6. ALGORITHM REDESIGN

)\
N

N

0

5 1 15 22 X 330 B 40
Game

0

5 W 15 20 B W B 40
Game

Figure 35: The performance of the application machine learning algorithm with
real data from a Technique Switching participant. The left shows the performance
from solely captured step values, while the right shows the performance with
feedback modifiers.

Figure [35| shows the outcome of the learning algorithm for a participant in the
Technique Switching condition. The left-hand image shows the outcomes without
the feedback modifiers, while the right-hand image shows the experimental set-
up, with the feedback modifiers included and the score adjusted accordingly. The
difference shows both the benefits provided by the reward modifiers, as well as
where these still may fail to adequately guide the model.
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Figure 36: The performance of the application machine learning algorithm with
real data from a Parameter Switching participant. The left shows the performance

from solely captured step values, while the right shows the performance with
feedback modifiers.

Figure [36| shows the same comparison being made with Parameter Switching
data. These graphs are much more similar in shape than the graphs in Figure
[B5] The reward scores also appear to be similar, indicating that the feedback
modifiers in the Parameter Switching condition may serve as corrections rather

than enhancements.
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Figure 37: Graphs showing the scores produced when just the reward scores are
read in and used to make decisions. In these examples, the left-hand side shows
the Technique Switching condition while the right-hand side shows the Parameter
Switching condition.

To try and ascertain the isolated impact of the feedback modifiers, Figure
shows scores based solely on the feedback modifiers, with positive responses
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Action | Motivated Me | Didn’t Affect Me | Demotivated Me
0 76.74% 11.63% 11.63%
1 37.50% 12.50% 50.00%
2 0.00% 80.00% 20.00%
3 50.00% 25.00% 25.00%
4 75.00% 25.00% 0.00%
5 66.67% 16.67% 16.67%
6 75.00% 25.00% 0.00%
7 0.00% 25.00% 75.00%
8 33.33% 0.00% 66.67%
9 25.00% 25.00% 50.00%
10 75.00% 25.00% 0.00%
11 66.67% 0.00% 33.33%
12 60.00% 40.00% 0.00%
13 81.82% 18.18% 0.00%
14 33.33% 33.33% 33.33%
15 75.00% 0.00% 25.00%
16 100.00% 0.00% 0.00%
17 11.11% 55.56% 33.33%
18 10.00% 20.00% 70.00%
19 60.00% 0.00% 40.00%

Table 6.1: Balance of feedback responses for each parameter from one participant,
excluding Didn’t See or non-response to indicate meaningful balance of parame-
ters.

giving positive rewards and negative responses giving negative rewards. Technique
Switching shows extreme changes, seen between games 10-15 and games 25-30. On
the other hand, the Parameter Switching example is much more stable.

6.2 Proposed Refinement of Learning Algorithm

If the user continuously does not engage with the feedback system in place and
their steps do not strongly trend towards certain actions, then the system will not
have enough rewards to learn from to provide optimal parameter actions. Table
shows the responses from a single participant for the Parameter Switching
condition for each feedback request. Parameters such as Action 0, Action 13,
Action 16 or Action 19 all returned highly positive levels of response when feedback
when given, but the overall lack of feedback meant these trends could not be
exploited.

Further tests were conducted using three participants who were encouraged
directly to answer all feedback prompts to aid algorithmic learning. As this was
an exploratory piece of work, participants were known to the research team to
allow for repeated contact and were selected to be more likely to respond to both
the system prompts and further encouragement. Participants were contacted every
two to three hours, as well as when feedback was seen to be missing, to ensure
prompts were being answered.

The initial outcomes of this second run visible in Figure are once again
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Figure 38: Average score from the second run with high response rate.

unsuccessful, although there is some evidence from the positive trend line and
growth later in the process that some learning is in progress. The lack of success
even with full utilisation of the feedback process suggests that a fundamental
change is needed in how the scores are calculated. Feedback scores were a step
towards this change, but the feedback scores are unable to act effectively due to
how they are implemented - their use as a modifier to the change in steps means
these values are heavily constricted in what impact they can offer. Therefore, these
feedback responses may be better utilised as a standalone influence, balanced with
the absolute activity change to best guide the system to what is preferred. The
proposed solution treats both steps and motivation as key metrics in the decision of
optimal actions. Another inclusion is the ability to shift the focus of the algorithm
between activity and motivation, depending on which is required. Below is the
proposed solution:

Ri=(a)M+(1—-a)A

Where R; represents the reward score for that interval, M represents the feed-
back score, A represents the level of activity, and « represents a constant between
0 and 1 which can be altered to shift the balance of learning entirely activity-based
or entirely feedback-based.

6.3 Experimental Testing of New Algorithm

The new process of reward calculation was tested with the Technique Switching
and Parameter Switching conditions. Both conditions were tested to ensure any
potential benefits applied to both conditions - For example, a solution that pro-
vided better reward selection for Technique Switching may provide no benefit to
Parameter Switching, which could complicate the inclusion of such an algorithm
within the identical underlying system framework. Additionally, in the case of
the algorithm described above where a key element is the alterable constant, there
may be notable differences in the optimal position of this constant which are worth
analysing to better tune the algorithm in future.

6.3.1 Testing Methods

The first experiment with this new algorithm was conducted as a desk study, using
the data captured to conduct the initial investigation presented in Figure[38 The
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step data, respective system action and motivational response were presented as
continuous lists which a computer-based simulation of the application could take in
as the hourly values. Once all lists were depleted, the system selected random step
values within the range of the values within the list (the upper and lower bounds
being the upper and lower bounds of the recorded data) and the motivational
values aligning with what was previously seen.

The second experiment was run on mobile devices in a real-world setting with
the balancing system implemented, with a setting of &« = 1. The same individ-
uals were used as in the previous study, once again due to ease of contact and
trustworthiness in providing consistent, usable data.

6.3.2 Testing Results

Figure [39 shows that calculating a score solely on feedback returns very successful
learning outcomes for the Parameter Switching condition, while solely activity
response returns mixed-to-negative outcomes. However, the learning algorithm
returns increasingly positive scores from as low as a = 0.4, which suggests that
the influence of feedback is highly beneficial, and was mainly hindered by the
need to be attached to the steps rather than seen as their necessary impact on the
direction of system actions.
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Figure 39: Average score from the second run of the Parameter Switching condition
with high response rate, with multiple lines representing different values for a.
Low « values (activity-based) return poor learning, while high « values (feedback-
focused) perform well.

Figure shows this process with the Technique Switching condition. This
shows positive growth of reward score and subsequent tests with adjusted o values
generating progressively worse outcomes. The early downward trend of this graph
is due to the reduced number of actions available. The higher number of actions
in parameter switching systems means that while there are more demotivating
actions that can be chosen, these each only contribute a single negative point. The
daily nature of technique switching means that a demotivating action generates
24 negative points, even if the overall odds of this being chosen during algorithmic
exploration are theoretically lower. This is similar to what is seen in Figure [37]
with the influence of a single technique leading to potential huge shifts in reward
each day. Figure 40| indicates, however, that despite the potential for large shifts

138



Chapter Summary CHAPTER 6. ALGORITHM REDESIGN

in score due to days with demotivating techniques, the overall learning afforded
by the focus on motivational feedback is not significantly impacted. There is also
an interesting plateau in the learning graph between episodes 13 and 19 - This
plateau is visible in all variations of a which may indicate a user-based drop-off or
complication as opposed to the algorithm itself experiencing difficulties, indicated
by the subsequent increase from episode 19 onward.
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Figure 40: Data captured from an experimental run of the Technique Switching
system using the new reward calculation method, with alpha shown here once
again from 0 to 1.

6.4 Chapter Summary

Investigations were conducted into how the model operates with different levels of
steps and the specific impact of feedback itself upon the model. Much as the lit-
erature highlighted a concern around over-tuning to performance metrics creating
problematic Al deployments, the use of physical activity as a core driving metric
with motivational feedback used only to scaffold this metric led to a system which
was unable to effectively learn what best drove user behaviour and encouraged
continued motivation and engagement. A theory was formed around the need to
consider activity and motivation equally rather than one supporting the other,
and subsequent tests showed the ability of this new approach to learn behaviours
much more successfully. This is not presented as a key contribution of the thesis,
as more experiments are required to identify how this new approach operates in
real-time on the system, especially in instances of long-term system engagement.

The next chapter, Chapter [7] serves to conclude the thesis as a whole. The
chapter will provide:

e High-level discussions on the thesis narrative as a whole, exploring the bal-
ance between activity outcomes and user engagement and motivation which
pervades the thesis throughout.

e Resolution to the research questions established in Chapter [I], with specific
discussions on how chapter content links to each question.

e Links between thesis work and the overall research landscape, using current
literature to establish the place of this work within the wider space.
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e Future work suggestions for where the emerging ideas in this thesis could be
taken forward to explore avenues to greater behaviour outcomes
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CHAPTER 7
CONCLUSIONS

7.1 Thesis Discussion

This thesis set out with the goal of provoking designs for Al-enabled person-
alised digital health and behaviour interventions that are grounded in scientific
evidence and based on established behavioural change techniques. The focus on
evidence-based approaches was intended to promote an increased level of efficacy
from the resulting systems, facilitated by the timely inclusion of AI which could
enable greater levels of effective personalisation. This intuition in the potential
AT afforded to this space was evidenced by the outcomes of the digital personal-
isation survey, which found that Intelligent systems (as defined in the survey)
often present positive outcomes. From this survey, two key sides of personalisation
emerged - the physical lived experience and mechanical actions of system efficacy,
and the mental internal experience of values and motivations that both impact
the ability of personalised content to present a significant impact. In this work, we
have witnessed and explored the interplay and importance of both components on
personalised digital behaviour change systems powered by data-driven algorithms
at several stages: Literature meta-analysis; design process; and the implementa-
tions of embedding this interplay into experimental learning objectives tailored to
a specific behaviour change intervention.

The Effect-Led Design process is designed to explore this interplay between
physical and mental elements of personalisation, with both playing a key role in
the process. In this process, initial conceptualisation flouted the mental side of this
interplay by driving maximum efficacy. The values of the user, representative of
the mental side, were used as a means of correction to evolve concepts to designs,
taking systems with little-to-no consideration for values and reinserting values into
the concepts generated to try and create a balance between the outcomes of the
system and the feelings of the user towards the system. These interactions were
seen as ‘trade-offs’, exchanging system efficacy for better value consideration or
vice versa. Users within the Effect-Led Design process did show some instances of
changing their attitudes towards systems, and these users were often less intent on
some user values which would often be fore-fronted in intervention design. How-
ever, there were still some values which were seen as highly important, and these
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were seen as central to the user and their interactions with the system, acting
as their most ‘true’ values within the intervention space. Effect-Led Design pre-
sented the need for balance: While the process was structured around encouraging
maximum efficacy in the initial conceptualisation phase and used values to taper
these concepts, the final designs that emerged were built up through a nuanced
combination of efficacy and values, a specific balance of these physical and mental
elements.

The experimental platform, and in particular the design of the Al algorithm,
was approached initially in much the same way as the Effect-Led Design process,
with a heavy focus on these physical elements by using physical activity as the
core goal and structuring algorithmic rewards around the change in activity, with
the mental elements of motivation used as a secondary method to try and steer the
learning once the reward was calculated. This heavy dependence on activity-based
efficacy in the algorithm rewards shows this imbalance, but the specific experimen-
tal research questions of learning potential and changes in motivation gave some
hint as to the solution to see them separately, as these questions were structured
around what were seen to be the core principles of the experimental framework,
and focused on the performance of the algorithm (physical) and the ability to en-
courage motivation and engagement (mental). Qualitative motivation was high in
the experimental conditions, but the learning struggled due to the noisy nature of
the physical activity metric. Steps as a performance metric are heavily influenced
by external factors, which means the learning is also heavily affected by these fac-
tors. Although motivation was included in the reward algorithm, it was secondary
in its effect compared to steps and therefore the system was less responsive in its
learning from motivational feedback. Much like the strongest held user values in
Effect-Led Design were unaffected by the high-efficacy solutions presented, mo-
tivational feedback represented a ‘true’ representation of the attitudes towards a
technique - A technique or parameter is likely to be motivating or demotivating to
an individual regardless of factors like weather, time or other commitments. The
subsequent simulated experiments on real-world data illustrated this, and once
again presented the need for nuance. The algorithm was able to learn when the
reward structure was balanced around these physical and mental elements in the
pursuit of behaviour, rather than using the more stable mental elements to scaffold
the unpredictable nature of the physical elements more closely related to system
efficacy.

This clear thread throughout the work and contributions in this thesis has
highlighted the need to re-evaluate the relationship between the physical and
mental elements of personalisation and behaviour change. Effect-Led Design used
the term ‘trade-offs’ to discuss this relationship, which placed these physical and
mental elements as adversarial in that one actively detracted from the other -
values needed to be infringed upon to promote efficacy, and efficacy needed to
be infringed upon to promote user values. However, the findings from the test-
ing of the experimental platform seem to indicate that this is more of a nuanced
‘interplay’ between the two elements that persist throughout the landscape of be-
haviour change. The survey revealed Behaviours and Attitudes to be the two key
data types that drove behaviour change, and this is again apparent here with their
mutual benefit to personalisation clearer following the simulated studies of the ma-
chine learning algorithm. The nature of this interplay is also potentially specific to

142



Research Questions & Findings CHAPTER 7. DISCUSSIONS

each intervention, and each technique and parameter within these interventions,
with different approaches requiring different balances between the physical and
mental elements of behaviour change and personalisation.

7.2 Research Questions & Findings

The content of this thesis was structured around a set of research questions es-
tablished in Section [I.I} The initial overarching research question, as reiterated
below:

How can Al be designed and utilised in the personalised physical activity
intervention landscape, and what alternative approaches to designing such
systems best harness the potential of intelligent algorithms?

Has been answered through a combination of the key research contributions
- The literature survey, Effect-Led Design, and the experimental platform and
subsequent experiment. To guide the overall question, and to better divide the
grander investigation into its contributions, the following sub-questions, or S@s,
were established:

1. SQ1: What Al implementations exist currently in the landscape of health
and behaviour change, and where exists scope for Al innovation?

2. SQ2: How can current intervention approaches be redesigned to best harness
the potential for innovation afforded by machine learning?

3. SQ3: Do these intelligent interventions have a significant impact on those
using them compared to standard approaches?

Chapter [3|answered Q1 through the development and subsequent use of a clas-
sification system for the wide space of digital personalisation. This classification
showed the current space focuses on rule-based approaches to personalisation, us-
ing updates at regular intervals to tune personalisation content mostly based on
the problem behaviours and self-reported attitudes to them. Currently, existing
intelligent innovations are individual-focused and often focus on the generation
of user models, although there is scope for intelligent systems to better provide
the services offered by current rule-based approaches. Potential spaces for inno-
vation were an increase in intelligent, real-time systems, and an increase in the
use of certain data types which can be more effectively utilised by intelligent sys-
tems such as context and in-the-moment behaviours. These findings were used to
build a conceptual blueprint for intelligent personalised behaviour change, which
positions itself to challenge the current perception of the space and drive more
innovative behaviour change solutions.

Recent papers attempting to provide some form of an overview on the pro-
gression of the intervention space such as Alslaity et al, [12| are able to outline
the increasing prevalence of intelligent systems in this space and broadly discuss
these systems in terms of their theories and goals, but are less able to discuss
the concrete mechanisms of these applications and how they approach changing
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behaviour. Similarly, the limitations described in the literature review of context-
aware digital interventions by Craig et al. show major issues with reporting in-
terventions and methodologies, and the nature of these systems makes it difficult
to perform head-to-head comparisons of intervention efficacy [353|. We hope that
the classification structure presented within Chapter |3| provides a more concrete
structure to classify and report such systems, one that could be used to facilitate
such head-to-head comparisons in future based on elements such as personalisation
specificity relative to efficacy. This will hopefully also provide a clearer picture
of both how intelligent digital interventions are progressing within this emerging
space and where recommendations such as those presented by Alslaity et al. are
beginning to be fulfilled within state-of-the-art designs.

SQ2 and SQ3 were re-framed as refined research questions to better structure
the upcoming contributions:

1. RQ1: Will the approach of pre-design in the focus space of behaviour change
theory result in more effective technique designs, and will these present pat-
terns in desired techniques and approaches to using these techniques that
work within the scope of the system?

2. RQ2: Can a machine learning algorithm function on a mobile device in
real-world situations and learn user patterns?

3. RQ3: Will the two experimental approaches, technique and parameter switch-
ing, influence motivation and engagement?

RQ1 was explored in Chapter |4/ which developed and trialled Effect-Led De-
sign, a process placing immediate design focus on Al algorithms and established
behaviour change techniques by first intentionally removing any consideration for
the user from the space. Afterwards, Effect-Led Design provided a phase for
end-users to reclaim only the values they deem important by making changes
which specifically targeted their most closely held values. The focus on behaviour
change techniques and Al, coupled with the high-effect focus, resulted in designs
built around efficacy and saw a departure from the techniques and approaches
commonly seen in the space.

Effect-Led Design places itself at a nexus in the design research landscape by
aiming to address the concerns of both design methods which build their entire
process around the perceived needs of the potential user base and design methods
which are solely focused on maximum-efficacy outcomes. Regarding the former,
we return to French et al.’s four steps which consider best practice to be derived
from theory and evidence rather than pragmatic solutions. Effect-Led Design fully
bases itself within this stance, with all initial concepts built up from behaviour
change theory and using this foundation to ground all concepts in evidence-based
approaches. However, this stance is fairly countered by the comments of Carvalho
et al. that placing too much focus on the rigid and evidence-driven implementation
of theory-based techniques may undermine the ability of the system to influence
behaviour. Carvalho et al. further highlight the importance of not silencing qual-
itative methods which serve to understand the reception of such evidence-driven
implementations [48|, a concept which Effect-Led Design serves through the user-
centred second and third stages of the process. The combination approach utilised
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by Effect-Led Design aligns the process with the comments of John et al. ensuring
that optimised efficacy is not the sole focus of the process, and the inclusion of
users attempts to drive more effective and engaging system design.

To ensure user attitudes are properly included alongside the heavy focus on
efficacy, Effect-Led Design takes an approach similar to the concept of ‘embedded
ethics’ as presented by McLennan et al., integrating those with a strong under-
standing of ethics throughout the process to ensure design decisions don’t lead to
ethical shortcomings [246]. Where Effect-Led Design takes a different approach is
that these individuals are the users themselves, who are introduced at a slightly
later stage once initial design decisions regarding conceptualisation have been
made. A problem with the ‘embedded ethics’ concepts is that it may fall into
the same pitfalls as the designer who believes they know what users want from
their system - Allowing the users to act as ethical experts of systems within their
own sphere of interest ensures the systems are properly aligned with the potential
userbase without sacrificing potential efficacy.

Overall, the approach of Effect-Led Design is best aligned with the statement
by Rothman in 2004 that theory and intervention are separate [314]. The theory
in this case is handled by the designer’s usage of behaviour change techniques and
designing concepts based solely around these techniques and their proper usage
to drive behaviour change. The intervention is the input of the user, ensuring
that the approaches built from these techniques are able to be altered and tuned
based on user requirements to be truly effective as a user-focused intervention.
The third stage where both parties are joined together ensures these two elements
are both able to be properly integrated, and avoids either party making decisions
to undermine the other - Designers aren’t able to make decisions based on their
own perceptions of user needs, and users aren’t able to make decisions on efficacy
which don’t align with the present theory and evidence.

The development of Effect-Led Design and subsequent tests of the design pro-
cess partially answered R@Q)I as the high focus on behaviour change techniques
and behavioural outcomes in the design phase resulted in designs that differed sig-
nificantly from commonly available systems which were deemed ineffective. The
comments of users and experts following the initial exploratory study also high-
lighted this difference to the parties involved in the design, which places Effect-Led
Design as a potential driver of designs which adhere more accurately to the actual
desires of users regarding efficacy and acceptability. The encouragement of ab-
surd and exaggerated concepts within Effect-Led Design makes it difficult to state
with certainty that these designs would be more ‘effective’ in strictly behavioural
terms, and further research is required both by utilising the method with multiple
disciplines and specialities to find where differences emerge and by taking some of
these concepts forward to be designed and real-world tested.

Chapter [5| sought to address RQ2 and RQ)3 by testing a system that promoted
increased step counts in free-living scenarios. We aimed to examine both the
learning capabilities of the reinforcement learning algorithm in highly unregulated
spaces and the impact of technique and parameter switching both comparatively
to each other and a basic pedometer alternative.

The ideas presented in Chapter [5| hold an interesting place in the literature
space as it currently stands, as more recent publications attempting to direct the
future of the space seem to suggest concepts that can be seen in the design ideas

145



Research Questions & Findings CHAPTER 7. DISCUSSIONS

presented within this thesis, and particularly within the experimental system. Two
publications of note here are the work of Mamykina et al., looking at grand chal-
lenges for including AT in personal informatics systems, and the work of Alslaity
et al. establishing a ‘panoramic view’ of the personalisation research landscape.
In particular, as originally highlighted in Chapter [2}

1. “Integrating a combination of personalisation techniques... to increase effec-
tiveness for motivating behaviour change [12|" - This is the core concept of
the experimental platform in action, that being the utilisation of multiple
techniques and parameters to help align the content of the system with any
potential user regardless of needs. Where the suggestion by Alslaity et al.
may be referring to multiple techniques in parallel, an approach which is
also potentially effective if the techniques are properly aligned, the system
here suggests individual techniques selected based on the user to help ensure
continuous motivation.

2. “Continuously monitor the user so that the system is kept up-to-date about
the user’s habits and motivation [12|" - The tracking of both user behaviour
in near-real-time and user motivation upon the changing of a technique or
parameter serve this idea of monitoring the user’s habits and motivation,
and in fact monitoring user motivation is the core tenet of the entire de-
sign, in that the learning of the algorithm and the selection of techniques
and parameters is intended to maintain user motivation by selecting the
intervention content which maintains this motivation.

3. “Difficulties with passive tracking of behaviour that may result in noisy
datasets, and the suggestion of triangulating between passively and actively
captured data to get closer to what is deemed ‘correct’ by the user and their
circumstance [235]" - The first of these two challenges is, in fact, a reflection
on the very circumstances that caused the initial algorithmic design to be
less effective in real-world settings. The noisy activity data meant techniques
and behavioural outcomes did not accurately align, and the inclusion of mo-
tivational feedback only served to slightly correct a learning process which
was already beyond repair. The concept of ‘triangulating’ between active
and passive data to find the ‘correct’ situation for the user and circumstance
is what the initial algorithmic design tried and the subsequent re-design suc-
ceeded in accomplishing by utilising both passive activity data and active
motivational feedback to drive learning and find techniques or parameters
which were the actual best fit for the user and their motivational needs.

4. “What opportunities exist for personalisation such as timing, form and tone
of intervention content and, in the specific context of ‘human-in-the-loop’
systems, what different user actions could enhance the functioning of the al-
gorithms contained within these systems? [235]" - The idea of the ‘behaviour
change strategy’ as defined in the conceptual blueprint and experimental
platform, and the concept of parameters as included (in a limited fashion)
in the experimental platform gives an emerging answer to this concept of
personalising timings, form and tone of content by placing these are param-
eters which could be actively changed by the system based on user response.
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The inclusion of user response more generally through the use of explicit
motivational feedback also answers the question of user actions to enhance
the functioning of the algorithm; As seen in both the initial implementation
and the subsequent re-evaluation of the approach seen in Chapter [0}, the use
of this explicit feedback can help provide much more accurate and effective
learning that would be seen from solely relying on the activity levels observed
alongside a given technique or parameter.

Regarding RQ?2, we were unable to conclusively show evidence of learning
behaviour in the experimental study. This was due to the high levels of noise
in passively collected activity data (as alluded to in the challenges presented by
Mamykina et al. [235]) which left the learning process unable to find consistent
outcomes on which to base recommendations of techniques and parameters. How-
ever, subsequent tests using altered versions of the algorithm (as seen in Chapter
@ presented evidence that learning in such an environment is possible when be-
haviours and attitudes are considered as balanced factors in learning, echoing their
status as the primary data types in Chapter [3] This demonstrates that there is
potential for the intelligent personalisation proposed in this system to be effective
with sufficient data intake, and more research is required to identify whether this is
successful in a full-scale experiment. The outcomes of R(Q)3 were far more positive
- The two approaches both returned more positive outcomes than simply counting
steps without additional feedback or a predefined behaviour change intervention,
with key differences between the two. This shows the benefit of increased numbers
of techniques and technique parameters and establishes the positive influence on
motivation from these new approaches to intervention design.

7.3 Impact on the Research Landscape

These studies demonstrate the potential of real-time tailoring of behavioural inter-
ventions to better attract and maintain user engagement and motivation. Digital
Al-enhanced intervention research in recent years, such as intelligent calendar-
based recommendations [83] or Al-enhanced conversational systems to support
health care [205], typically follows something akin to the parameter switching
approach, where a single approach decided upon in design is enhanced with Al
Where these systems look for patterns that have been pre-determined, the pa-
rameter switching approach takes this a step further by learning the patterns of
use within the normal flow of behaviour, and can potentially learn an individu-
alised set of patterns to account for with the user in question, leading to more
closely tailored behavioural adjustments. The technique switching concept takes
this a step further still by exploring how this can be expanded from just adapt-
ing to behaviour to adapting and personalising to full value sets as determined
for each user within the free-living setting of their day-to-day activities. Current
approaches tend to utilise a single approach, and usage of Al in these systems
is limited. By taking this further and using the Al as a foundation rather than
a scaffold, higher levels of personalisation can be obtained from previously seen
tailored variables to whole techniques and even learned patterns of behaviour and
required adjustments, and this in turn can lead to more behavioural impact and
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overall engagement as the full system is built to the needs and preferences of any
given user.

Swann et al. have criticised the established SMART goal system, presenting
several issues within this formula for setting goals and establishing approaches to
better behaviours [341]. The issues raised included a lack of grounding in scientific
research and empirical evidence, insufficient details in time frames and conditions,
and the possibility of harmful effects when goals do not align with user needs. It is
arguable that the work presented in this thesis provides means to overcome these
criticisms and gives a better process of designing effective goals and overall effec-
tive behaviour change. The explicit use of behaviour change techniques in building
the foundation of design both in the Effect-Led Design process and in the develop-
ment of switchable approaches within the application grounds these processes in
theory and in empirical research on effective techniques. The requirement of time
frames and conditions which are not explored in the SMART process are avoided
entirely due to the intelligent nature of the technique and parameter switching
systems, which could adapt optimal arrangements of details such as time frames
and conditions in real-time. This same ability to adjust conditions in real time
may avoid the concern of harmful effects when the design of the intervention does
not align with the user. The ability to adapt conditions in real time only mostly
avoids concerns around harm to users as there is still the potential for detrimental
outcomes in the initial instances of use where the system is still learning what
exactly is required for the specific user, but real-time tailoring also presents the
ability to progress to potentially more positive outcomes once this alignment is
achieved. The process of intelligent technique and parameter switching not only
presents positive outcomes over basic intervention design but also over these estab-
lished processes of designing goals which have formed the foundation of effective
behaviour change.

There are several pieces of closely related work: Taj et al. present a theoret-
ical system for exploring the mechanisms of action for specific behaviour change
techniques through user motivation, personalising and adapting the content of
techniques based on generating and maintaining motivation [343|. This explores
a similar space to the research of this thesis, with a focus on behaviour change
techniques, user motivation and personalisation. This thesis differs in the scale
of personalisation - Our system uses motivation as a measure of success and uses
behaviour change techniques as a factor to which motivation can be applied, but
our research applies this motivational impact to a full value set, a grander scale of
technique and parameter options which can be more finely tuned than just the op-
tions available and their specific interactions. Chew et al. explore the potential of
artificial intelligence in weight loss interventions, with improvements in perceiving
actions, predicting behaviour or learning prediction models for behavioural lapse
and presenting adaptive nudges to combat potential lapses in behaviour [62]. Chew
et al.’s final approach most closely aligns with what we present, and the ability to
learn signs of behavioural lapse even presents a means through which our research
could be improved, but their work also lacks the scope of personalisation ability.

Aonghusa & Michie present an adjacent piece of recent research which serves
as a partial follow-up to the lessons of the Human Behaviour Change Project [255],
allowing an Al system to effectively predict the outcomes of interventions provided
they have been checked and annotated by behavioural scientists [231]. Our pro-
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cesses of technique and parameter switching do not require the annotations and
intervention of behavioural scientists, as the system actively records behavioural
outcomes and motivational information provided by the user to assess the success
of a given technique in the system. Where these two align is the potential for
the active prediction of future success - Where the work of Aonghusa & Michie
explores the potential for success or failure before deployment to avoid ineffective
interventions, the intelligent technique and parameter switching systems could
make these assessments of prospective success during use based on the prior suc-
cess of techniques or parameters deemed similar and align its selection of content
based on these predictions - For example, the Fake Peer system upon finding a
successful peer value could raise the weighting of parameters immediately adjacent
to this, or technique switching could favour other techniques which use reward-
based approaches if Social Reward was seen to be the preferred technique of that
user. This is a topic for future work and may require further development of the
machine learning algorithms to realise this potential.

What this research presents is the potential for intelligent algorithms to drive
more complex approaches to personalisation and changing behaviour than what
is currently being explored. Current research into this space either ground their
research in behaviour change techniques and immediate user response to drive
low-level personalisation [343|, use Al to identify lapses in behaviour to be im-
mediately combated with adaptive nudges [62|, or use Al in the design phase to
predict the potential success or failure of an intervention before the work is put
into making it a reality [231]. The research proposed here acts as a progression
of many of these points, building intervention content from a foundation of be-
haviour change techniques using user motivation and response as a key driving
force, identifying user behaviours in real time to ascertain the impact of a given
technique or parameter, and using Al to build the selection of intervention content
around this impact. What our proposed approach does differently from current
examples in the research landscape is allow for the changing of entire value sets of
techniques and parameters in free-living, real-time situations, rather than simple
low-level personalisation of nudges or numerical goals. This method enables a
cohesive system to be built containing many techniques which can then learn nat-
ural behaviour patterns and determine the effectiveness of a given technique. This
method also avoids the potential influence of personally delivered experiments
artificially impacting the perceived impact of behaviour, the idea of which was
voiced by certain participants during the experimental study. The contributions
of this system to live solely with the user, adapt to their natural behaviours to
best influence their behaviour through desired routes of technique and parameter,
and alter entire interventions as opposed to minor variables are what present the
greatest potential and most novel source of findings within this thesis.

7.4 Future Research

The presented research provides a number of potential benefits over what is cur-
rently seen in the design space and opens up new avenues of intelligent intervention
design. The experiment outlined in Chapter [5| was limited by poor uptake and
issues with the ML algorithm, but this should not detract from the potential af-
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forded by these approaches to the personalised behaviour change landscape. Below
are three areas that are seen as key progressions of the presented exploratory work.

7.4.1 Full Range of Techniques and Parameters

One of the key benefits of the proposed conceptual blueprint (Figure was a
wide array of behaviour change techniques and behaviour change strategies which
cover the full scope of motivational requirements and individual behavioural needs.
Each of these would be refined through processes such as Effect-Led Design to
develop high-efficacy technique implementations with multiple internal parameters
to be adjusted depending on the user and their context. Further research must
be conducted on the performance of this system when integrating much higher
numbers of both techniques and parameters, as well as implementing both of
these in a single cohesive system.

Combining these personalisation options would also possibly require more ex-
ploration into how best to measure the impact of an intervention both on the
whole and as a single element in a wider free-living space. This is where the ideas
put forth by Aonghusa & Michie may become highly desirable [231], as well as a
more robust approach to measuring impact other than simple hourly parameter-
behaviour pairings which are highly subject to external influences. Better integra-
tion of Effect-Led Design into the overall cycle may also help identify how tech-
niques and parameters could be presented as larger combinations, as the Effect-Led
Design process uncovered interesting approaches to combining techniques which
could be utilised by an intelligent system to combine effective individual techniques
into a single cohesive intervention.

7.4.2 Dynamic Behaviour

The complex nature of human behaviour means that digital interventions need to
evolve dynamically to ensure the needs of the user are captured and responded
to within the period of optimal influence. Current research shows that there
is a disconnect between the static theory of behaviour change research and the
dynamic behaviours of users and the overall physical activity landscape, which
limits the ability to integrate this theory effectively [266]. The research in this
thesis attempts to resolve this issue by allowing for both the intelligent switching of
techniques based on immediate behavioural response, and by utilising segmented
intelligent parameters to tune these techniques, aligning dynamic adjustments
with theoretical foundations. However, there is still space for this to progress,
increasing the granularity of parameters and frequency of ability to alter content
such that behavioural responses can be delivered as close to real-time as possible.
This is not to say that real-time change should be the absolute end goal for all
techniques and parameters, as responses from participants indicated the frequent
changing of long-term techniques was disorientating. However, there may be some
instances, such as techniques based around adverse stimuli or parameters based
on external context, that would benefit from the ability to update at the point of
need rather than at the next fixed update time.

The proposed reason for the difficulties faced by the Fake Peer condition in
appearing believable was the inability to reflect what was seen as human behaviour,
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due to both a lack of learned knowledge on what exactly constituted ‘human
behaviour’, and on the surrounding context which would impact how many steps
would be expected in a given window of time. The key requirement to progress
this emerging avenue of research and fully exploring the potential of intelligent
parameter and technique switching systems is aligning the dynamic nature of these
intelligent switching systems with the dynamic fluctuation of human behaviour,
and providing exact responses when required to bolster behavioural efforts and
engage with user behaviours at every opportunity to maintain engagement.

7.4.3 External Influencing Factors

There are several external factors which influence the ability to engage in active
behaviours and respond to intervention content which either need to be addressed
outside of the application or need the algorithm to be able to account for to better
drive behavioural improvement. There may be factors in play such as societal ex-
pectations regarding availability to engage in behaviours and larger psychological
barriers that are not currently explored. These factors are typically explored in
non-digital interventions, as the researcher in place can engage in discussion and
draw out these barriers, which can then be resolved to allow for greater behavioural
engagement. The algorithm within the application could potentially pick up on
markers of barriers, and work to adjust to combat these. This also applies to
contextual data, such as external influences like weather and work commitments
which may affect the ability to engage. This is something that research such as
that by Damen et al. has begun to explore [83], and intelligently accounting for
these factors in the selection of techniques and parameters may provide the means
to establish these habits and behavioural satisfaction and overcome the concerns
of Ghelani et al. and Valcarce-Torrente et al. [131}360].

The ability to identify personality-based barriers to engagement may also al-
low for a degree of ‘pre-learning’ for new users. If the system can identify user
personality types and factors and can align these with certain effective techniques
or parameters, then new users can have these same connections made earlier in the
process of behaviour change by aligning their personality type with that of other
users. Further research would be required into whether these links exist between
personality types and techniques, and whether the Al can make these connections
and subsequently use them to drive earlier effective change for new users of the
intervention.

7.5 Closing Remarks

Sedentary behaviour and physical activity are woven throughout this thesis as
health concerns that must be addressed. The emergence of the COVID-19 pan-
demic and subsequent lock-downs across the globe since this thesis was first
proposed have only strengthened the call for more effective, evidence-driven ap-
proaches to behaviour change on an individual level, without the massive invest-
ment of funds and man-hours required to deliver these interventions directly.
This research demonstrates how to expand upon the existing capabilities of
physical activity applications to allow for highly individualised content, and how
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to intelligently deliver them such that every user can receive their personalised
intervention driven only by their actions and habits. The findings of this thesis
illustrate that this new approach proves effective in motivating and engaging users,
and while the intelligent algorithms were not successful in the experiment itself, the
subsequent testing and analysis indicate that there is potential for these algorithms
to carry out this personalisation effectively. This research presents an exciting step
towards encouraging and maintaining effective long-term behaviours.
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APPENDIX A

APPLICATION CODE

A.1 Application Python Algorithm

1 from dgn import Agent

2 import numpy as np

3 import random

4 from tensorflow.keras.models import Sequential, load_model
5 from gym.spaces import Discrete, Box

6

7 agent = None

8 eps_history = None

9 action = 0

10 averageSteps = []

11 currentSteps = 0

12 observation = 0

13 done = 0

14

15 #

16

17

18 FHARFHFFAFHFARAH FHARFHHFHAFHRRHA FHARFHHFHAFARRHA FHARFHHFHFHRRAH
19
20 def calculateReward(userStepCount, newStepCount) :
21 if newStepCount == 0:
22 change = 0 - userStepCount
23
24 elif userStepCount == 0:
25 change = newStepCount

26 else:

27 if userStepCount > newStepCount:

28 change = (((userStepCount newStepCount)
29 /userStepCount) * 100)
30 else:
31 change = (((newStepCount - userStepCount)
32 /newStepCount) * 100)
33 if change >= 20:
34 reward = 50
35 elif 30 > change >= 15:
36 reward = 30
37 elif 20 > change >= 10:
38 reward = 15
39 elif 10 > change >= 5:
40 reward = 10
41 elif 5 > change >= 0:
42 reward = 5
43 else:
44 reward = -50
45 return reward
46
47
48 #Return Ic fro. r
49 def load_agent () :

50 save_folder = '/data/user/0/DPScott.AIBC.smartPedometer/files/"
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Application Python Algorithm

APPENDIX A. APPLICATION CODE

fname='dgn_model.h5"
save_path = save_folder+fname
print ("save path" + save_path)

ile

#Load F.
agent = load_model (save_path)
return agent

def reset():
state = np.array ([0, 0])
return state

def actionFunction():
global action
global agent
observation = reset ()
action = agent.choose_action (observation)
return action

def newAction():
global action
global observation
action = agent.choose_action (observation)
return action

def firstStep(action, userStepCount, newStepCount) :
global averageSteps
global currentSteps
state[1l] = int (action) * 100 + random.randint (
state[0] = newStepCount
averageSteps.append (userStepCount)
averageSteps.append (state[0])

# Calculate reward

reward = calculateReward (userStepCount, state[0])

currentSteps = state[0]

# Set placeholder for

info = {}
print (averageSteps)

# Return step infor:

C
I
3
= o
!
9

return np.array(state), reward, info

## rett the actual step c

### used for displaying fake peer

def getSteps (action):

return (int (action)+1) % 100 + random.randint (-50,

def step(action, userStepCount, newStepCount) :
global averageSteps
global currentSteps
currentSteps = userStepCount
state[1l] = int (action) * 100 + random.randint (
state[0] = newStepCount
averageSteps.append (state[0])
average = np.mean(averageSteps)
#sum (averageSteps)/ len(averageSteps)
print ("average")
print (average)
# Calculate reward
reward = calculateReward(average, state[0])
currentSteps = state[0]
# Set placeholder for info

info = {}

# Return step informa
print (averageSteps)
return np.array (state), reward, info

def chunkRun (activitySteps, activityActions, feedback) :

print ("Begin Chunk Run")
global done

global scores

global observation
global eps_history
global agent

activitySet=createListOfActivityHistory (activitySteps,

activityActions)
activitySet[0]

score = 0
i=1
j=0
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133 observation = reset ()

134 for pair in activitySet:

135 if pair == activitySet[-1]:

136 done = 1

137 if pair == activitySet[1]:

138 observation_, reward, info = firstStep(pair[l]
139 currentSteps, pair[0])

140 score += (reward * feedback[j])

141 j +=1

142 agent . remember (observation, action, reward,
143 observation_, done)

144 observation = observation_

145 agent.learn ()

146 eps_history.append (agent.epsilon)

147 scores.append (score)

148 avg_score = score

149 print ('episode: ', 0, 'score: %.2f' % score,
150 ' average score %.2f' % avg_score)
151 print (observation)

152 else:

153 observation_, reward, info = step(pair[l],
154 currentSteps, pair[0])

155 score += (reward * feedback[j])

156 jo+=1

157 agent . remember (observation, action, reward,
158 observation_, done)

159 observation = observation_

160 agent.learn ()

161 eps_history.append (agent.epsilon)

162 print (eps_history)

163 scores.append (score)

164 avg_score = np.mean (scores[max (0, i-100): (i+1)])
165 print ('episode: ', i,'score: %.2f' % score,
166 ' average score %.2f' % avg_score)
167 print (eps_history)

168 i= i+l

169 done = 0

170 scores=[]

171 agent . save_model ()

172 return observation, avg_score

173

174 def chunkLoad(activitySteps, activityActions, feedback) :
175 print ("Begin Chunk Load")

176 global agent

177

178 agent .load_model ()

179 global done

180 global scores

181 global observation

182 global eps_history

183 activitySet=createListOfActivityHistory (activitySteps,
184 activityActions

185 activitySet [0]

186 score = 0

187 i=1

188 observation = reset ()

189 for pair in activitySet:

190 if pair == activitySet[-1]:

191 done = 1

192 if pair == activitySet[1]:

193 observation_, reward, info = firstStep (pair[l],
194 currentSteps, pair([0])

195 score += (reward x feedback[j])

196 Jj +=

197 agent .remember (observation, action, reward,
198 observation_, done)

199 observation = observation_

200 agent.learn ()

201 eps_history.append (agent.epsilon)

202 scores.append (score)

203 avg_score = score

204 print ('episode: ', 0,'score: %.2f' % score,
205 ' average score %.2f' % avg_score)
206 print (observation)

207 else:

208 observation_, reward, info = step(pair[1],
209 currentSteps, pair([0])

210 score += (reward » feedback[j])

211 Jj +=

212 agent .remember (observation, action, reward,
213 observation_, done)

214 observation = observation_
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def

def

def

agent.learn ()

eps_history.append (agent.epsilon)

print (eps_history)

scores.append (score)

avg_score = np.mean(scores[max (0, 1-100):(i+1)])

print ('episode: ', i,'score: %.2f' % score,
' average score %.2f' % avg_score)
print ("HERE")
print (eps_history)
i =i+l
done = 0
scores=[]
agent .save_model ()
return observation, avg_score

mainFirstDay () :

global scores

global action

global agent

global state

global eps_history

activitySet = exampleSet

stepGoal = 1000

numberOfActions = int (stepGoal / 100) x 2
action_space = Discrete (numberOfActions)
observation_space = Box(low=np.array ([0, 0]),
high=np.array ([10_000_000, 10_000_000]))
state = np.array ([0, 0])

states = observation_space.shape[0]

actions = action_space.n
lr = 0.001
n_games = 10

agent = Agent (gamma=0.8, epsilon=1.0, alpha=lr,
input_dims=states, n_actions=actions, mem_size=1_000_000,
batch_size=128, epsilon_dec=0.996, epsilon_end=0.01)

scores = []
eps_history = []
action = actionFunction ()

main (storedObservationvalue) :

global scores

global action

global agent

global state

global eps_history

global observation

observation = np.array(storedObservationValue)
activitySet = exampleSet

stepGoal = 1000

numberOfActions = int (stepGoal / 100) * 2
action_space = Discrete (numberOfActions)
observation_space = Box (low=np.array ([0, 0]),
high=np.array ([10_000_000, 10_000_0007]))
state = np.array ([0, 0])

states = observation_space.shape[0]
actions = action_space.n
lr = 0.001

n_games = 10

agent = Agent (gamma=0.8, epsilon=1.0, alpha=lr,
input_dims=states, n_actions=actions, mem_size=1_000_000,
batch_size=128, epsilon_dec=0.996, epsilon_end=0.01)
agent . load_model (

scores = []
eps_history = []
action = newAction(

createListOfActivityHistory(activitySteps, activityActions):

#loop thr h the h of both

#£

r ent i, we will set act Set (1)

to (activitySteps (i), activityActions(i))
activitySet = []
for i in range (len(activitySteps)):
pair = (activitySteps[i], activityActions[i])
activitySet.append (pair)

print (activitySet)
return activitySet
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A.2 Android-Python Communication Code

public class ExploreExploitPythonInterface |

private static String MyPreferences = "My_Prefs";

private static String SavedAction = "Saved_Action";

private static String firstRunOfDQN = "First_Run_Of_DQN";

private static String ActionHistory = "Action_History";

private static String FeedbackHistory = "Feedback_History";
private static String StepHistory = "Step_History";

private static String Observation_Path = "Observation_Path";
private static String Average_Score = "Average_Score";

public static final String FIRST_TIME_FEEDBACK = "FIRST_FEEDBACK";

public static String feedbackResponse;

public static double feedbackMod = 0;

public static Boolean firstFeedbackCheck = true;
public static ArrayList<Double> feedbackHistory =

new ArrayList<>();

public static void catchFeedbackAnswer (ParticipantResponseData

prd, Context context) {

feedbackResponse = prd. e();

ArrayList<Double> feedbackHistory = new ArrayList<>();

SharedPreferences prefs = context.getShar
ODE_PRIVATE) ;

SharedPreferences.Editor edit = prefs.edit();

(MyPreferences, Context.M

Gson gson = new Gson();

//load actions fro

NS m array
String feedbackHistoryJSON = prefs.ge
null) ;

DIERIERIERINCRE

FeedbackHistory,

Type feedbackHistorytype = new TypeToken<ArrayList<Double>> ()

{}.getType();
feedbackHistory = gson.

feedbackHistorytype) ;

//append actions to array
if (feedbackHistory == null) ({

feedbackHistory = new ArraylList<Double>();
}
feedbackHistory.a

feedbackHistoryJSON = gson.t

n (feedbackHistoryJSON,

n (feedbackHistory) ;

edit.putString (FeedbackHistory, feedbackHistoryJSON) ;

edit.apply () ;

public static void applyFeedbackAnswer (Context context)

SharedPreferences prefs = context.ge

SharedPreferences.Edit edit = prefs.edit();

Integer|

stepHistory = getStepsHistory (context) ;

Integer[] actionHistory = getActionHistory (context) ;
boolean firstFeedback = prefs.getBoolean (FIRST_TIME_FEEDBACK, true);

for (int g = 0; g < (actionHistory.length)-1;
if (firstFeedback == false) {
if (g >= feedbackHistory.size()) {

att) |

{

d (feedbackModifier (feedbackResponse) ) ;

(MyPreferences, Context.MODE_ PR

feedbackHistory.add (feedbackModifier (feedbackResponse)) ;
else if (feedbackHistory.get (q) == null) ({
feedbackHistory.add (feedbackModifier ("Didn't See It"));

else |

Log.d ("Array Content Check", "Array At Point: " + feedbackHistory.

feedbackHistory.set (q, feedbackHistory.get (q));

} else ({

feedbackHistory.add (feedbackModifier (feedbackResponse)) ;

}
feedbackHistory.a
ean (FIRST_TIME_FEEDBACK, false);

edit.putB
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73 }

74

75 public static double feedbackModifier (String feedbackResponse) {
76 if (feedbackResponse == null) {

T feedbackMod = 1.0;

78 } else {

79 if (feedbackResponse.equ "Motivated Me.")) {

80 feedbackMod = 2;

81 }

82 if (feedbackResponse.c "Demotivated Me.")) {

83 feedbackMod = 0.5;

84 }

85 if (feedbackResponse.equals ("Didn't Affect Me.")) {

86 feedbackMod = 0.75;

87 }

88 if (feedbackResponse.ec "Didn't See It.")) {

89 feedbackMod = 0.0;

90 }

91 }

92 return feedbackMod;

93 }

94

95 public static void setAverageScore (Context context, float averageScore) {
96 SharedPreferences prefs = context.getSharedPreferences (MyPreferences, Context.MODE_PF
97 SharedPreferences.Editor edit = prefs.edit();

98 edit.putFloat (Average_Score, averageScore);

99 edit.apply();

100 }

101

102 public static float getAverageScore (Context context) {

103 SharedPreferences prefs = context.getSharedPreferences (MyPreferences, Context.MODE_PRIVATE) ;
104 return prefs.getFloat (Average_Score, 0.0f);

105 }

106

107 public static void chunkRun (Context context) {

108 SharedPreferences prefs = context.getSharedPreferences (MyPreferences, Context.
109 SharedPreferences.Editor edit = prefs.edit();

110

111 boolean firstRun = prefs tBoolean (firstRunOfDQN, true);

112

113 if (firstRun) {

114 Python py = Python.getInstance();

115 PyObject pyobj = py. e("main"); // pyobj for class.
116 PyObject pymainobj = pyob allAttr ("mainFirstDay");

117 Integer[] stepHistory = getStepsHistory (context);

118 Integer[] actionHistory = getActionHistory (context);

119 Double[] feedbackHistory = getFeedbackHistory (context);

120 Double[] feed = new Double[actionHistory.length];

121

122 if (feedbackHistory.length < actionHistory.l

123 for (int z = 0; z < (feedbackHistory.!l

124 feed[z] = feedbackHistory([z];

125 }

126 for (int x = feedbackHistory.length; x < {
127 feed([x] = 1.0;

128 }

129 feedbackHistory = feed;

130 }

131

132 PyObject pyObs = pyobj.ca “tr ("chunkRun", stepHistory, actionHistory, feedbackHistory);
133 List<PyObject> pyObsList = pyObs.asList ();

134 int[] observation = {};

135 int[] observationList = pyObsList.get (0).toJava(int[].class);
136 observation = observationList;

137

138 setObservation (context, observation);

139

140 float avg_score= pyObsList.get (1) .toJava (float.class);

141

142 setAverageScore (context, avg_score);

143

144 edit.putBoolean (firstRunOfDQN, false);

145 edit.apply();

146 } else {

147 Log.i ("WARNING", "Can't run ChunkRun because firstRunOfDQN is false");
148 }

149 resetUserActionSteps (context) ;

150

151 }

152 public static void chunkLoad (Context context) ({

153 SharedPreferences prefs = context.getSharedP MyPreferences, Context
154 SharedPreferences.Editor edit = prefs.edit();
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Python py = Python.getInstance();
PyObject pyobj = py.getModule ("main");

Attr ("main",getObservation (context));

PyObject pymainobj = pyobj.cal
Integer[] stepHistory = getStepsHistory (context);

[1 actionHistory = getActionHistory (context);
Double[] feedbackHistory = getFeedbackHistory (context);
Double|]

Integer

feed = new Double[actionHistory.length];

if (feedbackHistory.length < actionHistory.!l th) {

for (int z = 0; z < (feedbackHistory.length); z++) {

feed[z] = feedbackHistory([z];

}

for (int x = feedbackHistory.length; x < (actionHistory. X++)
feed[x] = 1.0;

}
feedbackHistory = feed;

PyObject pyObs = pyobj.callAttr ("chunkLoad", stepHistory, actionHistory, feedbackHistory);
List<PyObject> pyObsList = pyObs.asList ();
int[] observation = {};

int[] observationList = pyObsList.get (0).toJava(int[].c
observation = observationList;

setObservation (context, observation);//callAttr

float avg_score= pyObsList.

setAverageScore (context, avg_score);

//DO WE NEED TO RESET ACTION HISTORY AND STEPS HISTORY - Yes not 100% certain(?)

resetUserActionSteps (context) ;

public static void setObservation (Context context, int[] observation)

SharedPreferences prefs = context.getSharedPr (MyPreferences, Context.l
SharedPreferences.Editor edit = prefs.edit();

Gson gson = new Gson () ;

String observationJSON = gson.toJson (observation) ;

ring (Observation_Path, observationdJSON) ;

public static int[] getObservation (Context context) {

SharedPreferences prefs = context.getSharedPrefere (MyPreferences, Context.MODE_PR

Gson gson = new Gson () ;

String observationJSON = prefs. String (Observation_Path, null)

Type observationType = new TypeToken<int[]>() {}.getType();
int [] observation = gson.fromJson (observationJSON, observationType) ;

return observation;

public static boolean getFirstRun (Context context) {

SharedPreferences sp = context

S s (MyPreferences, Context.MODE_PRIV
return sp.getBoolean (firstRunOfDQN, true);

public static void saveUserActionSteps (Context context, int steps) {
int currentAction = loadSavedAction (context) ;
Arraylist<Integer> actionHistory = new ArrayList<>();
ArraylList<Integer> stepHistory = new ArrayList<>();

SharedPreferences prefs = context.getSharedPr (MyPreferences, Context.MODE_PRI

SharedPreferences.Editor edit = prefs.edit();

Gson gson = new Gson () ;

String actionHistoryJSON = prefs.getString(ActionHistory, null);
Type actionHistorytype = new TypeToken<ArrayList<Integer>>() {} =t Type () ;
1(actionHistoryJSON, actionHistorytype) ;

t

actionHistory = gson.fromJ

String stepHistoryJSON = prefs

String(StepHistory, null);

Type stepHistorytype = new TypeToken<ArrayList<Integer>>() {}.getType();
stepHistory = gson.fromJson (stepHistoryJSON, stepHistorytype);

if (actionHistory == null) {

actionHistory = new ArraylList<Integer>();
}
actionHistory.add (loadSavedAction (context)) ;
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237 if (stepHistory == null) {

238 stepHistory = new ArrayList<Integer>();

239 }

240 stepHistory.add (steps) ;

241

242 actionHistoryJSON = gson.to on (actionHistory) ;

243 edit.put ring (ActionHistory, actionHistoryJSON) ;

244

245 stepHistoryJSON = gson.toJson (stepHistory) ;

246 edit.putString (StepHistory, stepHistoryJSON) ;

247

248 edit.apply();

249

250

251 }

252

253 public static Double[] getFeedbackHistory (Context context) {

254

255 ArrayList<Double> feedbackHistory = new ArrayList<>();

256 SharedPreferences prefs = context.getSharedPrefere es (MyPreferences, Context.MODE_]
257 SharedPreferences.Editor edit = prefs.edit();

258 Gson gson = new Gson /() ;

259

260 String feedbackHistoryJSON = prefs.getString(FeedbackHistory, null);
261 Type feedbackHistorytype = new TypeToken<ArrayList<Double>>() {}.getType();
262 feedbackHistory = gson.fromJson (feedbackHistoryJSON, feedbackHistorytype);
263 Double[] feedbackArray = {};

264 if (feedbackHistory!=null) {

265 feedbackArray = feedbackHistory.toArray (new Double[0]);

266 } else {

267 }

268

269

270

271 return feedbackArray;

272 }

273

274 public static Integer|[] getActionHistory (Context context) {

275

276 Arraylist<Integer> actionHistory = new ArrayList<>();

277 SharedPreferences prefs = context.getSharedPref s (MyPreferences, Context
278 SharedPreferences.Editor edit = prefs.edit ();

279 Gson gson = new Gson();

280

281 String actionHistoryJSON = prefs.getString(ActionHistory, null);

282 Type actionHistorytype = new TypeToken<ArrayList<Integer>>() {}.getType();
283 actionHistory = gson.fromJson (actionHistoryJSON, actionHistorytype);
284 Integer[] actionArray = {};

285 if (actionHistory!=null) {

286 actionArray = actionHistory.tc / (new Integer[0]);

287 } else {

288 }

289

290 //end

291 return actionArray;

292 }

293

294 public static Integer[] getStepsHistory(Context context) {

295

296 ArrayList<Integer> stepHistory = new ArrayList<>();

297 SharedPreferences prefs = context.gets MyPreferences, Context.M PRIVATE) ;
298 SharedPreferences.Editor edit = prefs.edit();

299 Gson gson = new Gson();

300

301 String stepHistoryJSON = prefs.getString(StepHistory, null);

302 Type stepHistorytype = new TypeToken<ArrayList<Integer>>() {}

303 stepHistory = gson.fromJson (stepHistoryJSON, stepHistorytype);

304 Integer[] stepArray = {};

305 if (stepHistory!=null) {

306 stepArray = stepHistory. ray (new Integer([0]);

307 } else {

308 }

309 return stepArray;

310 }

311

312 public static void resetUserActionSteps (Context context) {

313

314 ArrayList<Integer> actionHistory = new ArrayList<>();

315 ArrayList<Integer> stepHistory = new ArrayList<>();

316 SharedPreferences prefs = context.getSharedPre es (MyPreferences, Context
317 SharedPreferences.Editor edit = prefs.edit();

318 Gson gson = new Gson();
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319

320 String actionHistoryJSON = prefs.getString(ActionHistory, null);

321 Type actionHistorytype = new TypeToken<ArrayList<Integer>>() {}.getType();
322 actionHistory = gson.fromJson (actionHistoryJSON, actionHistorytype);
323 String stepHistoryJSON = prefs.getString (StepHistory, null);

324 Type stepHistorytype = new TypeToken<ArrayList<Integer>>() {}.getType();
325 stepHistory = gson.fromJson (stepHistoryJSON, stepHistorytype);

326

327 actionHistory.clear () ;

328 stepHistory.clear();

329

330 actionHistoryJSON = gson.toJson (actionHistory) ;

331 edit.putString (ActionHistory, actionHistoryJSON);

332

333 stepHistoryJSON = gson.toJson (stepHistory);

334 edit.putString (StepHistory, stepHistoryJSON) ;

335

336 edit. Ly () ;

337 //end

338 }

339

340 public static int getAction (Context context) {

341 int action = 0;

342 Python py = Python.getInstance();

343 PyObject pyobj = py.getModule ("main");

344 PyObject pymainobj = pyobj.callAttr ("mainFirstDay");

345 PyObject pyaction = pyobj.callAttr ("actionFunction");

346 action = pyaction.tolInt ();

347

348 saveCurrentAction (context, action);

349 return action;

350 }

351

352 public static int getNewAction (Context context, int[] observation) {
353 int action = 0;

354 Python py = Python.getInstance();

355 PyObject pyobj = py. Module ("main") ;

356 PyObject pymainobj = pyobj.callAttr ("main", observation);

357 PyObject pyaction = pyobj.call? - ("newAction"); //loaded keras model.
358 action = pyaction.tolnt();

359

360 //save actions

361 saveCurrentAction (context, action);

362 return action;

363 }

364

365 public static int getFakePeerSteps (Context context) {

366 int steps;

367

368 Python py = Python.getInstance();

369 PyObject pyobj = py.get e ("main") ;

370 PyObject pysteps = pyobj.callAttr ("getSteps", loadSavedAction (context));
371 steps = pysteps.tolnt();

372 return steps;

373 }

374

375 public static void saveCurrentAction (Context context, int action) {
376 //define sharedPref for currentAction

377 //save c ent action as sharedPref

378 SharedPreferences prefs = context.getSharedPreferences (MyPreferences, Context.MODE
379 SharedPreferences.Editor edit = prefs.edit();

380

381 edit.putInt (SavedAction, action);

382

383 edit.apply();

384

385 Log.i("Info:" , "Action saved!");

386

387 }

388

389 public static int loadSavedAction (Context context) {

390 SharedPreferences prefs = context.getSharedPreferences (MyPreferences, Context.MODE_PRIVATE) ;
391 return prefs.getInt (SavedAction,0);

392 }

393 }
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A.3 Full Storage Algorithm

String username = intent.get ingExtra ("USERNAME") ;

String dateString = intent.getStringExtra ("DATE_STRING") ;

StepCount stepCount = (StepCount) intent.getSerializabl xtra ("STEP_COUNT") ;
int totalSteps = Integer.parselnt (intent.getStringExtra ("TOTAL_STEPS"));

//Application specific data.

//Check application type

SharedPreferences appTypeSharedPref = PreferenceManager

(this.c ext ());
String appName = appTypeSharedPref. ring ("APP_NAME", "BASE") ;
//check for app type and record data for uploading respectively.
if (appName.equals ("REWARDS")) {

.getDefaultSharedPreferenc

int badge = appTypeSharedPref.getInt ("BADGE",O0);

int rankName = appTypeSharedPref.getInt ("RANK_NAME", 0);

int rankNumber = appTypeSharedPref.getInt ("RANK_NUMBER", 0);
int streakCounter = appTypeSharedPref.getInt ("STREAK", 0);

//load it into a stepcount username date that incorporates everything...
ArraylList<StepCountUsernameDate> stepCountList = new ArrayList<>();
StepCountUsernameDate stepCountUsernameDateRewards = new

StepCountUsernameDate (username, dateString, totalSteps, stepCount,

this.g cationContext ()) ;

stepCountUsernameDateRewards.setStepCountUsern ds (username,

dateString, totalSteps, stepCount, badge, rankName, rankNumber,
streakCounter, this.getApplicationContext());
stepCountList.add (stepCountUsernameDateRewards) ;
saveToPref (stepCountList) ;

//if there is a valid internet connection,

//send each item in stepCountList to the database
)

if (isInternetAvailable ()
for (StepCountUsernameDate e : stepCountList) {

uploadDataRewards (e) ;

stepCountList.c

} else {

Toast .makeText (this, "Internet connection unavailable,

_LONG) .show () ;

storing data " + "locally...", Toast.LENG
}
saveToPref (stepCountList) ;

else if (appName.equals ("GRADED")) {
SharedPreferences sharedPref = PreferenceManager

.get sultSharedPreferences (this) ;

int currentGoallIndex = sharedPref.getInt ("currentGoalIndex", -1);
ArrayList<StepCountUsernameDate> stepCountList = new ArrayList<>();
StepCountUsernameDate stepCountUsernameDateGraded = new
StepCountUsernameDate (username,
dateString, totalSteps, stepCount,
this.getApplicationContext ());
stepCountUsernameDateGraded.setStepCountUsernameDateGraded (username,
dateString, totalSteps, stepCount, currentGoalIndex,
this.getApplicationContext ());
stepCountList.add (stepCountUsernameDateGraded) ;
saveToPref (stepCountList) ;
//if there is a valid internet connection,
//send each item in stepCountList to the database

if (isInternetAvailable()) {

for (StepCountUsernameDate e : stepCountList) {
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78

79 uploadDataGraded (e) ;

80

81 }

82

83 stepCountList.clear ();

84

85 } else {

86 Toast .makeText (this, "Internet connection unavailable,

87 storing data " + "locally...", Toast.LENGTH_LONG) .show () ;
88 }

89 saveToPref (stepCountList) ;

90

91 } else {

92

93 // If internet is not available, add the data to an array of strings
94 // put in shared pref type string

95 // reload them into arraylist when internet is available...

96

97 ArrayList<StepCountUsernameDate> stepCountList = new ArrayList<>();
98

99 stepCountList = loadStepCountFromPref () ;

100 StepCountUsernameDate stepCountUsernameDate = new StepCountUsernameDate
101 (username, dateString, totalSteps, stepCount, getApplicationContext ());
102

103 stepCountList.add (stepCountUsernameDate) ;

104

105 saveToPref (stepCountList) ;

106

107 //if there is a valid internet connection,

108 //send each item in stepCountList to the database

109 if (isInternetAvailable()) {

110

111 for (StepCountUsernameDate e : stepCountList) {

112

113 uploadDataBase (e) ;

114

115 }

116

117 stepCountList.clear () ;

118

119 } else {

120 //it didn't work... save the data

121 Toast .makeText (this, "Internet connection unavailable,

122 storing data " + "locally...", Toast.LENGTH_LONG) .show () ;
123 }

124 saveToPref (stepCountList) ;

125 //restart acceleration service if down?

126 }
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B.1 Exploratory Study

B.1.1 Recruitment Materials

Participant-User Recruitment

Behaviour Change Interventions are extremely productive tools in improving cer-
tain behaviours of a set of users. Physical activity interventions, such as those
delivered by Fitbits and similar devices and services, often employ very similar
techniques. This may be due to the developers going with their own gut feelings
as to what they feel would be most effective, or these same developers could just
be going with the most common techniques from other interventions. These tech-
niques could potentially not be achieving the highest level of change from users.

This study aims to employ the assistance of experts from Behaviour Change
and Interaction Design to design similar interventions which use the full range
of Behaviour Change Techniques available to create interventions aimed towards
maximum impact. These interventions will be designed to be implemented on
digital platforms and these digital implementations will be driven by Al, with the
fullest extent of personalisation possible for all users.

For this study, we are looking to recruit a set of ‘users’ who would be able to
pass some level of judgement on these implementations, in particular looking at
how they would feel about using them, especially with regard to the intelligent Al
and personalisation aspects.

To participate, you would need to be available from 10am to 3:30pm on Friday
26th July. Reimbursement will be available for this study, and no personal data
will be required. There are no prior requirements to taking part in this study,
although an existing interest in fitness technology and the idea of fitness or physical
activity may help you to both get more from this study and connect further with
the implementations presented to you.
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Participant-Expert Recruitment Example

[ will be running a design study later this month (23rd and 26th) looking at
designing behaviour change interventions on digital platforms, from a technique-
first standpoint and making use of certain technology features to design them. As
this is similar to certain projects you have been working on, I was wondering if
you would like to take part?

You would be included in the 'Behaviour Change Experts’ group, working
with participants from here in Computer Science to design these implementations,
which will then be judged further and discussed.

Attached is some more information, let me know if you have any further ques-
tions and if you would be interested in taking part.

B.1.2 Workshop Materials

Design Guidelines

Here are some rules and guidelines to keep in mind when designing your Behaviour
Change Implementations. The ideal outcome is that your BCI fulfils as many of
these as possible while still providing the maximum possible level of impact to the
intended changing behaviour.

e The designed application must regard the outcome of improved activity as
its paramount focus, regarding the user as a secondary concern.

e The designed application must be feasibly run and used on a mobile device
or similar portable system

e The implementation of the design in question must be possible, using only
data that could feasibly be obtained, be it passively or through user input
data

e The implementation should be as unobtrusive as possible through design,
ensuring that real-world responsibilities are not interrupted or overshadowed
by the implementation.

e The implementation should use as many forms of data as possible to achieve
the highest potential impact, and any data that can improve the performance
of a given technique should be harnessed to the greatest possible ability.

Expert and User Presentations

Slides below shown to Experts and Users respectively at the beginning of workshop
days.
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Designing Intelligent
Behaviour Change
Implementations for | uw 2o
Digital Physical
Activity Interventions

DARREM 5COTT

1

Fl Background & Context
———

Designing
Intelligent
Behaviour

Change n<l;
Implementations Goals

for Digital
Physical Activity
Interventions

g
/ Activities
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Eackeround & Contet

Many applications exist which attempt to combat Physical
Inactivity

AN employ a variety of methods and techniques

I Difficult to assess decision-making and thought processes
with regard to chosen technigues

Eackergund & Context

JBehaviour Change Technigues [BCTs) are theory-based
methods for changing behaviours

O Taxonomy of 93 established BCTs most commonby
referenced

[ Cards available with these technigues
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

DwWhile digital interventions exist, they are often not directly
designed with regard to the BCT taxononmy.

JBCTs in digital implementations often found after-the-fact,
with no true Consensus on mapping

"applying the taxonomy to apps forced the researchiers to
transliate the strategies into app functionalities. Following
this logic, the researchers had to score each app based on
what they observed.” — Middelweerd et at, 2014

[ Designing these interventions with direct regard to the BCT
Taxonormy.

I Provided with technigue cards and implementation
component cards.

JOpinions and approaches of domain experts conceming
technigues and implementations.
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Designing Goals
Intelligent
Behaviour Aimn to create a collection of Behaviour Change
Chﬂﬂge Implementations, or BCls
Implementations
et A technique-first approach, directly implementing
-FPDhr DIEITEA i |'t'|_||f technigques rather tham mapping techniques to unrelated
YSICal ACTIV design choices.
Interventions
ACtiyiti
Designing
|"tE||IEE"t [ Take some time now to look over the cards provided for
Behaviour you
Change
| mp|Ementat'|Dn5 L These cards will form the basis of your |ater designs, so it's
o a good idea to become familiar with them, and put together
ﬁjhr DIEITEI some early ideas regarding which you like
Physical Activity
Interventions T We will display the BCT clusters here to help make the
connections and card groups easily understandable.
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(Gioals

Designing

Intelligent 0 A further goal is gaining an idea of how ‘Intelligent Al
Behaviour
Change

Dirwen BCls" would lock

[ Every possible data channel on a mobile device available to

Implementations e arsatyeerd ancl wooshec with

for Digital

ph}fﬁlﬂﬂl ﬂ:;ﬂtl"u"l't‘," [ Personalisation to the most specific degree, all in the
Interventions pursuit of maximum and optimal behavioural impact.

Designing
Intelligent

Behaviour

- [ Mene of these designs will be taken straight from your
Chﬂﬂgﬂ . illustrations and implemented — This is purely a design
Implementations exercise

for Digital

P h‘l_llrS-I-CEll Activity [J Sometimes, bending these boundaries and deing things

Interventions that value the system ower the user can produce maore
= positive results

[ Push the boundaries of what you feel is acceptable
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

OkCupid

Experimentad with presenting artificial match percentages
{higher and lower)

JResults show greater success when presented with a higher
percentage, regardless of actual compatibility

Ddds of 3 single mescage furning into 2 conversation

nambae: EPLATED to tham
0% mateh 60K match  S0% mateh

a0 mateh s e
compatiiling 0% atch 15% 15% 16%
of ussre
3% match e o
Imoge Acpuired from: Sitar, (a4
Ty e e TTE
Flacebo Effect

[ The strong belief that what they were administered was
effective, even if it was only a sugar pill

[ Patients have reported feeling healthier and free of
symptoms of illness, even with the knowledge of the placebo

gt Aguted fro Tl
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Virtual Peers

D Algorithms designed to imitate the actions and data input
of a real user

Designing
Intelligent

Behaviour CICan have a pasitive effect through competition if the user i
Cha nge consistently ahead of or behind the algorithm output

Implementations ke o
for Digital
Physical Activity
Interventions

LR

[

ey L, FOCAR LR, e B d el el i i | ey Rl 5 TR
A o o MOt e i Bechokongy il 2 [owr B0 SAA-S R (UNPTE S a0l gl S i

Activities

JFocus mostly on the overall impact of your

DESlgn | ng implemen@ations
Intelligent

1 JTake an ‘Outcome-Driven’ approach — The interventicn
BEhﬂVIDUT cutcome of improved health always comes Tirst.

Change

Implementations
for Digital approach discussed before — All data is available if it

[ Design your implementations to utilise the Al-Driven

Physical Activity
10NS
Intervention J Do not be concermed about owerstepping any clear
‘boundaries’ — i i
boundaries if you do not break them!
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D ESl G N | N G e :Snt:ﬁgirgisr:z:hange
SEE WHAT YOU | [melementations

CAN

STA RT Designing

CO M E U P ﬁ]?;::rtgntinns
WITH

15

Designing
Intelligent
Behaviour
Change

Implementations
for Digital
Physical Activity
Interventions

J Mow it's time to share your ideas

[ Share your techniques and rAnkings 52t out during the
design sessions, and explain your thoughts on what you've
made

2 You are all welcome to disagree with placements and
discuss judgement, whatever you feel is important to note in
sooring these interventions
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DESigning [ Thank you all for coming!
Intelligent
( [ Your designs and judgements here will now be used as the
E:E haVIDlJr framework for following studies
ange

Implementations
2 We will be welcoming you back to discuss the results of
this following study at a later date

for Digital
Physical Activity
Interventions

Designing Intelligent
Behaviour Change
Implementations for | v 2o
Digital Physical
Activity Interventions

DARREN SCOTT

18
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Designing Intelligent
Behaviour Change
Implementations for | uw 201
Digital Physical
Activity Interventions

DARREN SCOTT

1

F Background & Context

Designing .

Intelligent
Behaviour

Change
Implementations I:IQ Goals

for Digital
Physical Activity
Interventions

g
/ Activities
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Background & Context

JMany applications exist which attempt to combat Physical
Inactivity

JAll employ a variety of methods and technigues

JDifficult to assess decision-making and thought processes
with regard to chosen technigues

EBackeround & Context

- Behaviour Change Technigues {BCTs) are theory-based
methods for changing behaviours

Taxonomy of 93 established BCTs most commonky
referenced

JCards available with these technigues
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Backaround & Confext

JWhile digital interventions exist, they are often not directly
designed with regard to the BCT taxonomy.

JBCTs in digital implementations often found after-the-fact,
with no true consensus on mapping

A pplying the taxonomy to apps forced the researchers to
translate the strategies into app functionalities. Following
this logic, the researchers had to score each app based on
what they observed.” — Middelweerd et at., 2014

Background & Context

- Earlier this week, we asked domain experts to create their
own Behaviour Change Implementations

- These were designed with the aim of being intelligent,
using all possible data, aiming for the highest level of impact
and with the potential to be personalised to every degree

- Every design choice was made to maximise impact, across
a number of implementation designs.
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Goals
Designing
Intelligent
Behaviour
Cha nge . - What exactly about these designs do you like/dislike in
Implementations terms of using them in day-to-day life?

for Digital

Ph‘I_.I'SiCHI -I‘I:I"-Ctl"h'r|w - How would you change them to make them more usable or
|ntEF'u"en1_'iDnS put them in a more positive ight?

- Judge these implementations from the ‘user perspective’

Designing
Intelligent
Behaviour
Change
Implementations
for Digital

Ph‘I_.I'Sical Act“ﬂw pressure to be clever or polished, this is just to get an idea of

Activities

- Take some time now to get a feel for the design process
and what sort of process we have (and will) be working with

- Create some basic implementations of your own — No

Interventions how the process works!
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

- Now take a look at the expert designs put before you

—J The main foous here is how ‘willing” you would be to adopt
this system for daily use, once again looking at what you
like/dislike about the approach, and even possibly what
CONCEMS you'?

! Factors to keep mind are how it can change to your needs,
how it can be personalised to your activity, and all the data it
aims to utilise — Do you find this ‘creepy”?

- Don't feel restricted to rating the overall design, take each
technigue as its own part of the system
- if you feel a certain part is especially ‘treepy’, make that dearin
your ratings.

Activities

- Also feel free to write down possible changes

- If you can see a way to alter the design that it's less creepy,
write it down on the design next to/near the technique

- Feel free to reference your own design or other expert
designs in your judgements, but make these clear
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START YOUR | Pesionine
JUDGEMENTS — | Behavior change
S E E W H AT YO U oncrti[:r:E;tal Physical
TH | N K ! Interventions

11

‘Welcome All!

Designing
"TtE"igE nt O The experts have now returned to the study for the
Behaviour sftemoon
Change
ati : - The users here have been passing judgement on your
mplementations
. . imnpl tation designs, ifically h i " they find
o Dlgltﬂl ;‘In;:men on designs, specifically how ‘creepy’ they fin

Physical Activity
Interventions

2 All your personalisation efforts, intellizent design and use
of data have factored into these decisions
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Activities
Designing 2 Consider the following terms:
Intelligent I Trust
Behaviour 1 Reliability
Change 1 Usability
Implementations _l Transparency
for Digital 1 Causality
Physical Activity 1 Fairness
Interventions 71 Privacy
1 Efficacy
1 Autonomy
Activities
Designing
|nt'E"ig'E nt O] These terms act as a potential points of concern in
BE‘hEViOUT imtelligent Al-driven systems.
Change
Im F]I.E n‘]entatig ns - Keep these in mind, as they may help you to cover some of

your feelings, and in particular, your creepiness ratings

for Digital
Physical Activity
| nt'E Wentiﬂns - Do any of your thoughts change? Do small changes to

these factors change your ratings at all? Keep all of these
potential angles in mind during your discussions
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Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Designing
Intelligent
Behaviour
Change
Implementations
for Digital
Physical Activity
Interventions

Dni Last Thing!

- Now that you've worked through that, it's time to wrap up
these studies

- We have recorded your thoughts, which will work to
provide a general overview on thoughts towards certain
factors and how they interact, and how they influence your
willingness to engage

— This will give an insight towards these types of intelligent
systems, and how they should be approached in future to
awoid cases where the ‘creepiness’ outweighs the benefit

Dni Last Thing!

= With this in mind, we'd also like a consensus to end on

- With your additional thoughts on the matters and any
changes to scores and thoughts recerded, we'd like you to
choose the ‘best’ BCls

- By this, we mean the best balance between impact,
difficulty and creepiness as decided by you both across these
studies and in this current moment
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B.2 Validation Study

B.2.1 Workshop Materials

ELD & VSD Presentations

Technigque Effect-Led - Designers,
S Design Participants T

Process Stoge | Greenlighting : scoping © Design Work : Evaluation

Tools Pan and paper, audio recorder, topic guides

To develop designs driven by outcome metrics, then
Purpose refined through usar analysis

g b - Concepts are developed wholly to aide outcomes
- User values gathered are tailored to the system

- Nature of process means some concepts are
Weaknesses unfeasible or owverly abrasive in approach
- Some unseen values may not be captured

- Recordings

Output - Transcripts

- Detailed concept designs and value discussions

Effect-Led Design

Emzct-Led Deslgn, 35 the name Implies, focus=s on ayetem affectivensss — Deslgn choices
complement system efMcacy through use of Bahaviour Change Technlgues 3s by
foundational pleces — Unigue iechniques compaising muliple approaches to enacting 3
change or improvemant In bahayiour.

Systems are intended bo drive effect throwgh two key tenets: Fozus on Intedikgent
appreaches and temperary fMouting of end-user values

These values are later Introduced In the context to these high-efMact concepts, to refine
concepts In exact Ine with the needs of the users for the apecific focus area

Concepis are geslgned and refined specifically for the purpose of the behaviour and the
valuss of the ussrs Involved — Some sysiems can be less feasibhe and difficut o adapt for
wider use — However, it"s arguabdy the optimal aystem for these wsers for this purposa
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Effect-Led Design — Concept Briefs

Effect-Led Design, in essence, works to develop concepts in three distinect
areas:

Everyday — A concept that reflects commonly available systems, simiar fo what
would be considered a “typical application” in the tanget area

Extreme Efficacy — Flout user values and ignore user boundarnies to an extent that
resulting concepts are still usable, but unlikely o be popular or widely adopied

{cartoonishly) Evil — lgnore valees and boundanes to the greabest extents
developing concepts that border of satire and would be deemed unacceptable to
any potential users

WA SWANSER AT Uk sCience

Effect-Led Design Process

The Effect-Led Design process breaks dowmn imto three distinct stages:

Concepiualise — The outliming of conceptual details, selection of
behaviour change techniques and development of initial design concepts

Analyse — These concepts are analysed and discussed by end users,
picking out problematic elements that negatwely affect usability

Design — Designers and end wusers collaborate to refine the initial concepis
into designs based on the user feedback and analysis
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Conceptualise

Step 1: Establish Area of Focus — Establish target behaviour (the
behaviour to be changed by the system) and effect metrics (a measurable
activity or action that can be directly linked to this behaviour)

Step 2: Select Relevant Techniques — From the list of Behaviour Change
Techniques (available on Canvas), highlight and select those that give the
greatest chance of promoting the target behaviour

Step 3: Generate Concepis — Develop concepts covering the three brefs
described previously: Everyday, Extreme Efficacy and (cartoonishly} Evil

Wi SWaNSeR AT uk/sCience

Conceptualise — What to Do

Step 1: Establish Area of Focus — Clearly record your target behawiour and effect
meetric. An example of this would be alcohol reduction as a target behawiour, with
uriits as the metric.

Step 2: Select Relevant Technigues — Record the techniques you have selected
for wour concepts. You do not need to use every one of these in every design,
simply make note of techniques picked out based on best alignment with the
SUCCESS metric,

Step 3: Generate Concepts — Draw out your three concepis. Develop these on
Miro boards using notes for techniques and features, clearly recording the actions
of the system, how these relate to the user, and which technigues you have used
Develop three distinet concepts, one for each brief.

doniaeth WL SWANSER AT ukiscience
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Analyse

Step 4: User Analysis [General) — Users use tokens o mark particulary
egregious features and capture gut reactions to the designer concepts

Step 5 User Analysis (Al Characteristics) — Re-examine the concepts
through the lens of given Al characteristics to better frame points of
CONCErm.

WA SWANSEE.AC Uk sClience

Design

Step 6: Design — Users and designers work together
following analysis to further develop these concepts
into feasible and acceptable designs

LCaolkege of Sclence

Coleg Gwwddoniaeth W SWANSEAAC LK SCIenCe
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Design — What to Do

Step 6: Design — Cleary make notes of how the concepts influence the
final design, and which characierstic/commenttoken these influences are
im relation fo. Be sure to cleary record how these affect the actions of the
systemn and how they influence existing aspects from the conceptual stage.
D0 HOT delete the original concept notes.

WA SE NS C LIRS SCIEICE

Effect-Led Design - Outputs

Al the end, your design process guiputs shouwld be:

An Inltial target behaviowr, success/eMect metre and a list of s=lecied technigues to best
suppor this metric. A simple wiitlen st of these will be fine [Steps 14 2)

Thres concepis, develop=d on Min boards, cearty marking fechnique usage and how
system features dive sysiem effect Include all technigues Included In 3 text box or note
an these boards (Step 3)

& final refined design, that combines the more supporied features from your concepds with
the feedback and analysis from users. This showld be developed on a Mimo board, elther
ihe same as the concepls or separate, Wwith ciear nodes on how both concegt Teatures and
user feedback transiated to given deslgn cholces. There should be no polnt whare a
design cholce In the final deskgn Is not influenced by elther user feedoack, sslecied
techniques or the driving of eMect metrics (Siep §)

[

£

W SAWANSER A kS sClence
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Working for the Other Group

AE parnt of the workshog, you will De required 1o act a5 an end-user for sludents running the
alternative deskgn procees.

In this case, you 'will 31 35 users for Value Senshifve Deslgn, where you will be reguired to act
a5 participants In a focus groug kooking to discuss valees for thelr eventual designs

ioul will take part in a fiocus group where designers will be looking to slici values from you
which will then Tead Intp design chalces. Your Invotvement will not appear past this point, so
pease make 3 good effont a5 par of e fiocwes group [ ensure the ather group ks aie o
effectvely camy out the remalnder of thelr process.

e ol Sclencea
Gwwddoniaeth wWiniw SenANSea AT uki/science

Technique Effect-Led - Designers.
: Participants
HI!I'IIE DEEIE" Grzkeholders

Process 5tage | Greenlighting : Scoping : Design Work : Evaluation

Taols Pen and paper, audio recorder, topic guides

B To develop designs driven by outcome meatrics, then
== refined through user analysis

Concepts are developed whally to side outcomes

g - User values gathered are tailored to the system
- Mature of process means some concepts are
Weoknesses unfeasible or overly abrasive in approach
Some unseen values may not be captured
- Recordings
Output - Transcripts

Detailed concept designs and value discussions

12
232



Validation Study APPENDIX B. EFFECT-LED DESIGN MATERIALS

Technigue | Value Sensitive .. Designers,
Participants
Name Design Szkeholders

Process Stage | Greenlighting : Scoping - Design Work - Evaluation
Toals Pen and paper, audio recorder, topic guides

To develop systern desizns built up primanily from
Furpose | ookaholder values

- Emsures designs satisfy necessary values
Srengths | ooems are tuned to the needs of the stakisholdars

- Can be sidetracked or diluted by consenvative value

taking
Weaknesses Possibility of over-engineering to specific
srakeholders
- Recordings
Output - Designs

- Collections of user values

Value Sensitive Design

Value Sensitive Design, as the name mplies, focuses on stakeholder values —
Design choices complement values through selecting approaches based on
riformation gained throwgh value elicitation

A system is designed to compliment the values of the user and, in tum, b most

effective for the user in question — a design is the best-suited system for those
USErs

Value Sensitve Design requires selecting efective compromises between values
and technical aspects of the system — Designers must be careful not to sacrifice
values in the pursuit of technical improvemnent

Colkpge of Soienoe
LColeq Gwyokdansseth

WA NSRS |:|L.|J|'|.“.'||.|"_'“|."_'
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Value Sensitive Design

Requires and relies upon the effective capturing of values:
What does the user value in systems approaching this
behaviour?

What would the user need this system o do for them?
= What features would a user want to assist their behaviours?

By effectively capturing the values of the users, a system can then
be bwilt around these and ensuring the best possible matching of
systems to users

Loleg Gwyckdarsseth W Swanseaac.uklscience

Steps of Value Sensitive Design

ialue Sensitiee Design consists of three key stages:

Conceptual Investigations — Vialues are obtained through both the terature and
explicit staternents from stakeholders thnough intendiews or fioous groups

Emipirical Investigations — Thess values are evaluated through socio-cultural
nonms and translated into what efectively constiuies design requirements

Technical Investigations — Irvestigaticns into the technical Imitations of the target
technology itself evahates how the technology may support or constrain valees
and related design requirements

Loleg Gwyckdarsseth W Swanseaac.uklscience
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Conceptual Investigations — What to Do

Conceptual Investigations — Values are obtained through both the Iterature and
explicit staternents from stakeholders furough intensews or focus groups

1. Dewslop 3 topic guide for a focus group from which to eficit the necessany user
values. Be sure you know what your system will be buikding towards, and what
excacy you want to understand about the wsers from these discussions.

2. Run avalue gicitation focus group from which you wall sownce your user

values. This will be run with a group doing the other design method, who wal

ach 35 your users

Fecord all user values you have identified — An activity like card sorting may be

effiective here in making sense of the values collected

[

Loleg Gwyokdaneseth Wi SWaNSeaac ukrstienca

Empincal Investigations — What to do

Empirical Investigations — These values are evaluated through socio-
cultural norms and translated into what effectively constitutes design
requirements

Think about the values you have collected from the elicitation
discussions and how they fit in regarding the target behaviowr and what
is typically observed in this fisld.

2. Reduce these values down o design requirements — must haves for
the final designs — which you are then able to build you designs
around.

Be sure to list all design requirements and how the initial values
fed into thess

W EwWANSeaac ukrstience
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Technical Investigations — What to do

Technical Investigations — Irvestigaticns inte the technical imitations of the target
technology el evaluaies how the technology may support o constrain values
and related design requirements
1. Think about the target platform for your system — likely a mobile application —
and o this may limit the values (and related value-desived requirernents) in
the process of creating designs
2. Itis likely you will need to make some compromises. with values to adhere o the
technical limitations.
Be sure to recond all cbsenations on how the technology supports or
consirains the designs, and any compromises o alterations you made
ficllowing these being identified

Loleq Gvwyrdareseth Wi BWBNSea ac ukietiencea

Value Sensitive Design — Make a Designl

Your final action should be to create a design to support the target
behaviour while adhering to the value requirements outlined by the
process.

Develop this design on a Miro board, marking important features and how
thesa relate to the values collecied as well 35 reqguirements and technical

lirnitations. The process of using the design, as well as how elicited values
feed into design decisions, should be made clear.

Loleq Gvwyrdareseth Wi BWBNSea ac ukietiencea
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Value Sensitive Design — Outputs

At the end, your design procass outputs should be:

1. The initial sourced walues, in the form of a list or possibly a cand-sort of al
collected (Concaptual)

2. How these were translated info value requirements, likely a follow from the

card-sort making dear the progression from initial values (Empinical}

How technical investigations reflected these values, as well as any notable

COMmpromises of constraints, in the form of listed technical imitations and

associated supported consirained/'compromised values (Technical)

4. Adetaled final design, outlining how this design would work to support the
behawiour, presented clearty on a Miro board with reference to requirements,
technical constraints and values (Design)

[

Colkege of SCleEnon
Loleg Gwyrkdomsseth WA SWANSea g uksetience

Working for the Other Group

As part of the workshop, you will be required to act as an end-user for students unning the
atematye design pIcess.

In this case, you wil act a5 users for EMect-Led Design, where you will be required to analyse
and comment on designs, Defore working with the designers to develop a refined design idea
from the concapts. you view.

On a sharad Miro boam [containing the design concepts), make general notes on aspects of
the sysiem making cear what your comments ane In relation o, Select a token to mark highly
egregious’ elements. You will then be asked to make comments In relation o spectic
characterisics, and once again should make cear wha these are In relation to. These
characteristics am: Tnest, Rellabiity, Usabiity, Transparency, Causality, Faimess, Privacy,
EMcacy and Autonomy.

Loheg Gwyokianseth wienw DwanSea ac.uksscience
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Technigue | Value Sensitive
Name Design

Process Stage | Greenlighting : Scoping - Design wWork : Evaluation

Desipners,

Participants | oo oo

Toals Pen and paper, audio recorder, topic guides
To develop systern designs built up primanily from
Purpase | Saveholder values

Ensures designs satishy necessary values
Systems are tunad to the neads of the stakeholders
- Can be sidstracked or diluted by conservative value
taking
- Possibility of over-enginesring to spedfic
stakeholders
- Recordings
Output - Designs
- Collections of user values

Strengths

Weaknesses
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Post-Workshop Questions

Group Number:

Please describe the design(s) you developed during the ELD process:

Design 1:

Design 2:

Design 3:

Please list the BCTs you used in your ELD concepts:

Design 1:
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QOutline how your designs changed following user discussions:

Design 1:

Design 2:

Design 3:

process and its place in the wider world of design:
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Group Mumber:

Flease describe the design(s) you developed during the V5D process:

Design 1:

Design 2:

Design 3:

Flease list the user values you focused on for your WSD designs:

Design 1:
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CQutline how user discussions shaped your eventual designs:

Design 1:

Design 2:

Design 3:

process and its place in the wider world of design:
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Group Number: Design Method:

Following the completion of the workshop, please submit this completed questionnaire
alongside the workshop materials

Strongly | Disagree | Meutral | Agree | Strongly
Disagree Agree

We had a clear picture of the change in
behaviour that we were designing for
We had a clear, countable change in
behaviour that we were designing for
We selected our approaches to
changing behaviour based on the
degree of impact they would have on
end-user behaviour
We selected our approaches to change
behaviour based on the degree of

| alignment with the end user’s principles
During the design process, we spent
time thinking about how our designs
aligned with the user's principles
The playfulness of the design process
made it easy to talk about a wide range
of different ways to change behaviour
The design process’ focus on user's
principles made it easy to talk about
the ethical implications of our ideas
We produced a final design that aligned
with the user's principles
The design focus on system impact
limited the acceptability of the final
design
The design focus on stakeholder
principles limited the final design’s
ability to change behaviour
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APPENDIX C

EXPERIMENTAL STUDY
MATERIALS

C.1 Recruitment Materials

C.1.1 Emails for Recruitment Communications

Initial Contact

Do you want to earn £25 for running an app?

Help us change the world of wellbeing and fitness apps by taking part!

We would love your participation in a study we’re running — All participants
welcome, regardless of experience or knowledge of fitness apps.

Unfortunately, only Android users may participate.

Please email d.p.scott@swansea.ac.uk for further details.

Following Expression of Interest

Thank you for your interest in taking part!

Before we provide all the official documentation, we felt it best to provide some
insight into what you’ll be doing as part of this study.

My name is Darren Scott, a PhD Candidate at the University. The applications
out there targeting boosting your fitness often struggle to maintain interest past
the initial on-boarding process. Our aim is to develop a system that holds your
interest and helps you with your active goals.

After installing the application and accepting the introductory screens, you will
be ready to go. You are only required to work with the information presented and
use it to try and increase step counts for a period of four weeks.

This application is unfortunately only open to users with Android devices. We
are offering a £25 Amazon voucher upon completion of both the four weeks of
application usage and a follow-up interview detailing your experience.

If you wish to take part in this study, please respond to this email with your
intention to participate.
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Following Confirmation of Interest

Thank you so much for your continued interest in taking part in the study.

While the application is prepared, could I please ask that you view the document

attached to this email and either sign and return the attached consent form, or

respond to this email with a sentence providing your informed consent to take

part in this study.

Could you please also complete the survey at https://forms.gle/2kVB9hVILHwPgHF VS8
to help us with analysis of collected data (please answer the same email used in

this exchange)

If you have any further questions, do not hesitate to contact me on this email

address.

Following Reception of Consent

Please find attached to this email the application file, as well as an instructional
video that will guide you through the process of downloading and installing the
application file such that you can take part. If you encounter issues during down-
loading that are due to incompatible versions of Android or other technical diffi-
culties, you may retract your participation with no issue.

There is a known issue regarding excessive step figures during early use, if this is
experienced, do not be alarmed, this is known to be a Day 1 issue and your system
should be unaffected in following days.

You may encounter some minor technical bugs; a restart of the application should
resolve most issues. If you encounter sustained technical difficulties, please contact
me and I will attempt to resolve these.

Once again, if you have any questions or difficulties in installing the application,
I will do my best to help you join this study in earnest.

C.2 Experimental Qualitative Data Questions

C.2.1 Fake Peer Questions
Initial Questions
e Did you find the system helpful and easy to use?

e Did you feel the system encouraged you to increase your activity and be
more active in your general life?

Did the comparisons, and how they changed, impact your behaviour?

— Was this a positive or negative impact?
— Did the changes in comparisons have a notable impact?

x If so, how exactly did these changes affect you?

Did the changes in social comparison targets motivate you to be more active?

Do you feel like you improved your behaviour?

— If so, did the app help or hinder this change?
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Following Fake Peer Reveal

Did you believe the peer data presented legitimate instances of social com-
parison?

Were the peer values you received believable as step counts users could
achieve in those intervals?

How do you feel at this point now knowing the peer values were fabricated?

— Did you have any inclination during the process that the values were
not real?

If you had been informed before the process that the values were fabricated,
would you have agreed to use the system?

— Would you have been encouraged by a social competition set-up where
the competition is known to be artificially generated?

Does the knowledge now of the fabricated peer change your thoughts looking
back on your use of the system?

C.2.2 Technique Switching Questions

Did you find the system helpful and easy to use?

Did you feel the system encouraged you to increase your activity and be
more active in your general life?

Did the changes in techniques, and how they changed, impact your be-
haviour?

— Was this a positive or negative impact?
— Did the changes in techniques have a notable impact?

* If so, how exactly did these changes affect you?

Did the changes in behaviour change techniques motivate you to be more
active?

Do you feel like you improved your behaviour?
— If so, did the app help or hinder this change?

Did the changes in techniques affect your ability to maintain behavioural
habits?

— Did the changes affect the initial ability to become ‘attached’ to a tech-
nique?

Did the techniques changing keep the process more interesting due to chang-
ing approaches?

— Did this help avoid a technique or approach becoming ‘stale’?
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e Did you feel techniques you worked well with and that best motivated you
appeared more frequently?

— Additionally, did you feel techniques that did not motivate you and
possibly demotivated you appeared less frequently if at all?

e Did you ever find a technique appeared too frequently even with the changing
nature?

— Did a technique you found interesting and motivating within the switch-
ing become less impactful due to being switched to more frequently?

247



	Abstract
	Declarations and Statements
	Contributions
	Acknowledgements
	List of Figures
	List of Tables
	Introduction
	Research Questions & Aims
	Thesis Methodology
	Key Contributions
	Thesis Outline
	Chapter Summary

	Background - Health, Digital Interventions & AI
	Active & Sedentary Behaviours
	Physical Activity & Sedentary Behaviour Definitions
	Health Risks of Physical Inactivity & Sedentary Behaviour
	Physical Activity Benefits & Current Guidelines

	Motivation in Behaviour Change
	Behaviour Change Techniques
	Digital Health and Human Influences
	Digital Health Systems
	Technology Adherence & Abandonment
	Personalisation in Behaviour Change
	Personal Informatics

	AI in Health
	AI in Healthcare
	Questions and Concerns on AI in Healthcare

	Designing Behaviour Change
	Designing for Effective Behaviour Change
	Users & Designing Intelligent Systems

	Chapter Summary

	A Typology and Literature Survey of Digital Personalisation for Health & Behaviour Change
	Literature Review Method
	Need for Review
	Search Strategy
	Paper Overview
	Limitations

	Core Classification
	Core Classification Development
	Personalisation Method
	Personalisation Frequency
	Personalisation Specificity
	Data Types & Context Specificity
	Comments on the Core Classification Dimensions

	Personalisation Outcomes
	Personalisation Outcomes Development
	State of System
	Personalisation Efficacy
	User Interaction Experience

	Further Observations
	Analysis

	Survey Outcomes
	Method, Frequency, Specificity
	Patterns in Data Types
	Personalisation Outcomes

	Further Observations
	Classification of Innovative Systems

	Refinement of Key Components
	Concepts of Personalisation
	Conceptual Blueprint for Behaviour Change Systems

	Discussion
	Chapter Summary

	Effect-Led Design for Intelligent Behaviour Change
	Contemporary Technique Prevalence
	Exploratory Study
	Stage 1 Results: Efficacy-Driven Expert Designs
	Stage 1 Analysis: Differences In BCT Use
	Stage 2 & 3 Outcomes: AI Characteristics
	Expert Reflections on Process

	Effect-Led Design Methodology
	The Effect-Led Design Approach
	Comparison to Existing Methods

	Validation Study
	Method
	Results

	Discussion
	Chapter Summary

	Exploration and Implementation of Intelligent Behaviour Change
	Platform & Rationale
	Strategies & Parameterisation
	Proposed System Outline

	Champions for Health
	Fake Peer Implementation
	Virtual Peer Outcomes

	Main Experimental Framework
	Theoretical Design & Selection of Approach
	Platform of Implementation

	Experiment Platform
	Implementation Details
	Application Components
	ML Approach
	Edge Conditions

	Off-Platform Algorithm Testing
	Experiment Details
	Qualitative Data Capture
	Participants & Recruitment
	Study Procedure

	Study Description
	Results
	ML Performance and Perception
	System & Behavioural Outcomes
	Qualitative Outcomes

	Discussion
	Literature & Previous Work
	Limitations

	Chapter Summary

	Analysis of ML Failures & Algorithm Redesign
	ML Analysis
	Current State of the Model
	Model Performance with Real Data

	Proposed Refinement of Learning Algorithm
	Experimental Testing of New Algorithm
	Testing Methods
	Testing Results

	Chapter Summary

	Conclusions
	Thesis Discussion
	Research Questions & Findings
	Impact on the Research Landscape
	Future Research
	Full Range of Techniques and Parameters
	Dynamic Behaviour
	External Influencing Factors

	Closing Remarks

	Bibliography
	Application Code
	Application Python Algorithm
	Android-Python Communication Code
	Full Storage Algorithm

	Effect-Led Design Materials
	Exploratory Study
	Recruitment Materials
	Workshop Materials

	Validation Study
	Workshop Materials


	Experimental Study Materials
	Recruitment
	Emails for Recruitment Communications

	Qualitative Questions
	Fake Peer Questions
	Technique Switching Questions





