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Abstract

Behaviour change apps can help people maintain healthy lifestyles, however a

common challenge for many behaviour change apps is that they lack sufficient

engagement strategies to achieve long-term behaviour change. Push notifica-

tion policies are commonly used within behaviour change apps to maintain

engagement over time.

There is a growing recognition of the important factors which impact en-

gagement that go beyond the static features of the app alone. Engagement

fluctuates within and between users, and users’ varying contextual states,

such as their environment, cognitive state or recent individual history, are

likely to impact their engagement with the app over time, and in turn the

app’s effectiveness. Tailoring the notification policy to support individuals,

with considerations to such varying contextual states, may help improve ef-

fectiveness.

The goal of developing a behaviour change app to be an adaptive, dynamic
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intervention presents unique statistical and methodological considerations.

Such challenges include understanding the causal effect of time-varying in-

terventions and creating an evidence base for developing decision rules to

deliver adaptation. A novel trial design, called the Micro-Randomised Trial

(MRT), allows for the estimation of the causal effect of a time-varying inter-

vention, and to inform the development of such decision rules.

The thesis includes (i) a scoping review of randomised trial designs for the

development of behaviour change apps; (ii) through data visualisations, an

exploration of patterns of engagement with Drink Less, a behaviour change

app which aims to help reduce alcohol consumption, to inform the design

of a Micro-Randomised Trial (MRT); (iii) a simulation study to explore the

consistency and efficiency of two estimators to estimate the causal marginal

near-term effect of the notification on engagement; and (iv) protocol and

findings from an Micro-Randomised Trial (MRT), to both understand and

inform the optimisation of the notification policy.
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Chapter 1

Introduction

1.1 Motivation

My interest and motivation for this PhD came from my previous post, work-

ing as a Statistical Advisor for the Research Design Service (RDS) and Prag-

matic Clinical Trials Unit at Queen Mary, University of London (QMUL).

My role at RDS involved being the first point of contact for researchers at

QMUL or wider NHS services, such as The Royal London Hospital, when

seeking statistical advice for grant applications to the National Institute for

Health Research, or other funding bodies.

I noticed there was an increasing number of healthcare workers who wanted

to evaluate a behaviour change intervention for a chronic condition that was

20



delivered as an app, however I was not aware of any available guidance on how

such interventions should be evaluated. Two current debates became more

familiar (i) the suitability of conventional RCTs to evaluate digital therapies

such as behaviour change apps, and (ii) the importance of engagement to

achieve behaviour change. My RDS supervisor, Professor Richard Hooper,

recommended an advertised scholarship with Professor Elizabeth Williamson

and Professor Henry Potts, with a position to explore such issues, and I

applied.

1.2 Thesis Structure

This thesis is formatted in the style of Chapters that are both published

or submitted journal articles (prefixed with “Paper”) and more traditional

thesis style chapters.

Chapter Two provides a background to behaviour change apps and describes

the importance of engagement and personalisation, as discussed in the sci-

entific literature.

Chapter Three describes how dynamic and heterogeneous individual traits

can be captured through a behaviour change app, which can also deliver

momentary interventions. I introduce Ecological Momentary Assessment

(EMA) and Ecological Momentary Intervention (EMI). This chapter also

introduces the Micro-Randomised Trial (MRT) and Just-in-time Adaptive

21



Intervention (JITAI).

The aims and objectives of the thesis are presented in Chapter Four , along

with an introduction to Drink Less.

Chapter Five explores the current challenges regulatory bodies face when

evaluating digital therapeutic apps, through two case studies.

A scoping review into the uptake of various trial designs that is provided

in Chapter Six. These trial designs include MRTs, N-of-1s, SMART and

factorial trials within the MOST framework.

Chapter Seven explores patterns of engagement with Drink Less. In this

paper, I demonstrate how simple visualisations helped gain an understanding

of temporal patterns of engagement with Drink Less, and how this provided

a pathway towards further optimisation of the notification policy to improve

engagement.

The protocol for a Micro-Randomised Trial (MRT) is presented in Chapter

Eight. This trial aims to understand the effect of sending a notification on

near-term engagement, and to build an evidence base to further optimise the

notification policy for Drink Less.

Additionally, Chapter Nine includes a description of the Estimator for the

Marginal Excursion Effect (EMEE) with simulations to explore performance

measures.
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Chapter Ten presents the findings of the MRT. This work concludes that

notifications are powerful tools to boost ‘in-the moment’ engagement, how-

ever this large near-term effect of the notification does not translate into a

policy which keeps users engaged for longer, when compared to a version of

Drink Less with no-notification policy. I conclude that further optimisation

is required, and hypothesise that sending notifications to encourage engage-

ment, only when users are at risk of disengagement, could lengthen the time

to disengagement.

Finally, Chapter Eleven summarises the key findings from this thesis. I dis-

cuss the strengths and limitations of this research, with possible pathways

forward to further optimise the notification policy.
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Chapter 2

Background

2.1 Digital Health

2.1.1 Types of digital therapeutic interventions

Digital technologies, encompassing wireless systems, sensors and mobile phones,

are now ubiquitous across the globe [29]. Over the past decade, smart-

phones have brought unprecedented changes to our societies, revolutionising

economies, cultures, and lifestyles. Smartphones, and software applications

that can be executed on them (apps), have changed every aspect of the way

we live [43]. This includes how we treat and manage long-term, chronic

conditions [65].

The range of digital health apps available to treat chronic health conditions
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reflects the recent technological advancements. The term Mobile Health App

can refer to any technology which is delivered through a mobile device for

public health purposes, and aims to address some aspect of health and well-

ness [167]. The majority of health apps, which are available freely or for a

small fee, aim to promote health behaviours through tracking (such as self

monitoring) and self-management [93]. When the app includes various active

ingredients that are grounded in behaviour change theory, the app can be

known as a behaviour change app. An example of a behaviour change app is

StopApp, an app which aims to increase the uptake and attendance to NHS

Stop Smoking Services. The development of this app included the incorpora-

tion of evidence-based Behaviour Change Techniques (BCTs), to target the

specific behaviour. One BCT included in StopApp is Comparative imagining

of future outcomes, which encourages users to imagine positive stories of life

and positive health benefits they will gain once they have quit smoking [83,

77, 143].

Another class of mobile health apps that is poised to revolutionise health sys-

tems is the Digital Therapeutic App [50, 15, 210]. Digital Therapeutic Apps

are prescriptive software to treat various conditions [215], embedded into clin-

ical pathways, with such apps available to treat depression [115, 207, 138],

diabetes [103, 79, 38], substance abuse disorder [52], cancer [190], schizophre-

nia [75] and obesity [109]. These apps are often multi-component, complex

interventions with specific behavioural change therapy components. Their
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functionality builds on the collection of personal data over time, through

self-reports, or incorporation with Electronic Health Records. Personal data

can also be gleaned through various sensors and WiFi connections, including

cameras, microphones, accelerators and cloud storage [93]. Similar to Digital

Therapeutic Apps, but perhaps without the behaviour change components,

is the Mobile Medical App [131], which is a type of software driven applica-

tions that meets the definition of a medical device and requires regulatory

approval [166, 74]. These apps are clinical tools used in medical practice, as

opposed to a behaviour change app which can be used at home [7].

Management of chronic, noncommunicable diseases

The World Health Organisation estimates that each year, more than 41 mil-

lion people are killed by noncommunicable diseases, specifically, by cardiovas-

cular diseases (17.9 million), cancers (9.3 million), respiratory diseases (4.1

million) and diabetes (1.5 million) [81]. The risk of such diseases is known to

increase due to modifiable, long-term behaviours. For example, the harmful

use of alcohol attributes to over 3.3 million deaths a year, tobacco over 7.2

million deaths a year, and insufficient physical activity 1.6 million deaths a

year. Public health institutions prioritise health behavior change through the

delivery of behaviour change interventions, notably, the longer-term economic

viability of the United Kingdom’s National Health Service (NHS) depends

on successfully engaging its citizens in preventive health behaviour [1]. The

delivery of individual-level interventions should be optimised for providing
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motivation and support to the individuals [1]. An appealing option, with the

ubiquity of smartphones, is the development and deployment of behaviour

change apps [237].

Behaviour change apps are novel, complex interventions [150]. Such apps

are based on behaviour change techniques, and include components that are

linked with theories of behaviour change [70]. Understanding the effective-

ness of a behaviour change app in reducing harmful behaviours, such as

excessive alcohol consumption or tobacco use, is crucial if the app is to have

any impact on reducing deaths from noncommunicable diseases [136]. There

are broad convergences on the importance of transparency, health content

and interoperability, yet there is currently no international consensus on how

to evaluate such interventions for effectiveness, regardless of the numerous

evaluation frameworks available to do so [123]. This lack of a set evaluation

framework makes it difficult for clinicians or patients to identify safe and

effective behaviour change apps [72]. Broadly, to understand if a health tech-

nology improves health outcomes, evaluation could be done solely through a

parallel, randomised controlled trial, such as how medical drugs are typically

evaluated, yet the suitability of such an approach for behaviour change apps

is debated [174].

The known challenges of evaluating behaviour change apps through conven-

tional, parallel, randomised trials are intricate and considerable. Prevailing

issues include (i) the pragmatic, rapid and agile development cycles to de-
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liver frequent updates, which is essential for the app to remain relevant and

stylish, to ensure usability; (ii) the importance of sufficient engagement to

achieve long-term behaviour change; and (iii) the differing, fluctuating needs

and wants of individual users, and their changing environment over time.

These issues are discussed in detail in the following sections.

2.1.2 Experimental designs to match the rapid, agile

development cycles and frequent updates of be-

haviour change apps

Generally, behaviour change apps have immense appeal with patients, due to

remarkable accessibility, personalisation and scalability, yet for all this po-

tential, we face a significant disconnect between the behaviour apps marketed

and accessed, and the extensive body of research into evaluating behaviour

change apps. Two reviews show this disconnect stems for multiple sources,

as more than 318,000 mHealth apps are available to the public but only a

very small fraction are clinically developed and evaluated [37]. Furthermore,

of the mHealth apps that are shown to be efficacious through a Randomised

Controlled Trial (RCT), less than a quarter were found to be publicly avail-

able and functioning [192].

The Randomised Controlled Trial (RCT) is the established gold standard of

evaluation methods to determine if an intervention causes the improvement

of health outcomes [96]. Confounding is commonly present in observational
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studies, with a confounder being a variable associated with an exposure and

an outcome, which creates a non-causal component association between the

exposure and the outcome. Randomisation eliminates any confounding by

breaking the links between exposures and any potential counfounders. That

is, randomisation gives strength to research designs by creating comparable

or exchangeable groups of individuals, randomly allocating a group of in-

dividuals to receive an intervention, and a different group of individuals to

receive a comparative treatment, such as a placebo or control. Randomisa-

tion is a study design property to best reduce bias and confounding for causal

inferences [199].

However, RCTs present methodological challenges when evaluating behaviour

change apps [158]. To ensure internal validity, RCT protocols generally re-

quire the intervention remain the same, or ‘frozen’ during the entire trial,

denying the developers the ability to continuously improve the app. This

requirement, coupled with time frames of RCTs (RCTs take, on average,

from enrolment to publication, 5.5 years to complete [106]), generally means

that any technological advancements during the trial cannot be integrated

into the app. Freezing the intervention, for internal validity purposes, could

render the app too dated and ‘clunky’, impairing usability, resulting in the

intervention becoming obsolete.

There is a need for study design frameworks to fit the agile, iterative cy-

cles of development and evaluation commonly implemented in the digital
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industry. A framework for digital development, known as a lean start-up

technique, is the Minimal Viable Product (MVP) [188]. This framework re-

flects a learn-as-we-go process, testing incremental changes with cycles of

research, development, and evaluation [130]. The MVP framework begins

with rolling out a product with minimum features, and then allows devel-

opers to test if further features should be included, separately over time, to

quickly understand if the app is engaged with as intended.

Design features of the app, to incrementally improve engagement through im-

proving the ease of interface, visual appeal, warmth, and appropriate friendly

support can be tested, through patterns of behavioural engagement in MVP

cycles. In the digital industry, MVP mitigates the risk of exhausting re-

sources set aside to develop a behaviour change app, prior to any evaluation,

to then find the app was not engaged with as intended and, in turn, found

to be an ineffective intervention in an RCT.

2.1.3 The differing, fluctuating needs and wants of in-

dividual users and their environments over time

A common finding from adherence and behaviour change theory research is

that there is often no one size fits all [69], that is, subsets of clinical pop-

ulations have different needs and wants from a behaviour change app, and

these different wants and needs change over time. The personalisation of

a behaviour change app means the app adapts to an individual’s changing
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states, wants and needs over time [24]. Developing such ‘intelligent’ be-

haviour change apps, that are personalised interventions, could improve the

perceived usefulness, and in turn engagement over time, with the behaviour

change app.

2.2 Engagement

Poor engagement is considered a key reason behaviour change apps may fail

to be effective interventions in conventional RCTs [79, 80]. Engagement, a

construct of both behavioural and experiential aspects [171], gives insight to

the experience and comfort users have with the intervention.

Engagement is studied in various fields, and commonly plays a fundamental

role in interventions within public health, digital health, human-computer

interaction, marketing and education [160]. Engagement can be thought of

as a state, which exists within the dynamic, real-world settings, with digital

interventions competing for an individual’s attention alongside the multiple

needs and external stimuli that change over time [160].

Arguably, there typically needs to be some level of engagement with an inter-

vention for any attributable effectiveness, however the association between

engagement and effectiveness is unlikely to be a simple linear dose-response

relationship. That is, more time spent on the app may not directly translate

into an increased improvement in outcomes, and efforts to always maintain
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or increase time spent on the app may overburden or annoy the user.

2.2.1 Definitions of Engagement

Perksi [171] defined engagement to be made up of two broad aspects, be-

havioural and experiential. Under this conceptual framework, engagement

with an app can be partitioned into the temporal patterns of usage, such

as the frequency, amount, depth, and duration of use, and the experien-

tial engagement, thought of as a state of ‘flow’, a cogitative state involving

enjoyment and focused attention with the intervention [171].

A recent review by Nahum-Shani [160] further expanded the definitions of

engagement to be an “energy investment directed by an individual toward a

focal stimulus or task” and effective engagement to be “the extent, frequency

and duration of investment of physical, cognitive, and affective energies in fo-

cal stimulus or task needed to bring about a pre-specified outcome”. That is,

the patterns and extent of engagement can be thought to be effective only if

the ultimate, distal goal is achieved. This distal goal may be an improvement

in the patient’s health. Effective engagement is defined in relation to the pre-

specified, overall outcome. Nahum-Shani’s review also expands engagement

to be either positive and negative, with engagement as “state of energy in-

vestment involving positively (vs. negatively) valenced physical, affective, and

cognitive energies directed toward a focal stimulus or task”. Examples of neg-

ative engagement can include clickbait. Clickbait is a strategy to attract a
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user’s attention but ultimately is an unfulfilling or misleading experience,

which reduces the perceived usefulness of the application. Another concern-

ing negative engagement experience would be trolling or bullying on social

media. Behavioural engagement with an intervention may not always result

in a positive, experiential experience.

Another aspect of negative engagement is the exposure to repeated stimula-

tion, which can cause habituation [186]. When a person is subject to habit-

uation, the magnitude of their response to a specific stimulus reduces over

time [91]. An example of habituation observed in a research study was office

workers who began to ignore repeated security warnings over time [220]. To

counteract such risks of habituation, recovery periods can be implemented,

when a user is given a period of rest from the stimulus [220].

Individual-level factors which influence engagement can be social, psycholog-

ical and neural. Engagement, a multifaceted construct of various forms, is a

broader, more complex term than adherence with an intervention. Adherence

is the act of undertaking a requested task or following prescribed treatment

regimes [151], and can be affiliated with behavioural engagement (i.e., use of

the app) [171]. Adherence in a behaviour change app can be self-monitoring

when prompted, where behavioural engagement (i.e., use of the app) may

be operationalised as a user recording their recent alcohol units consumed

(regardless of being asked to or not).

The holistic definition of engagement, beyond adherence, includes the as-
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pects of cognitive and attention of the task, involving the self-reflection of

their drinks consumed to align with their overall goals to cut back on drink-

ing [160]. Behavioural engagement provides some indication of how the app

is engaged with, but does not comprehensively represent the concept of en-

gagement. This is because behavioural engagement (i.e, use of the app) as a

metric omits the experiential engagement components.

2.2.2 Theoretical frameworks

When developing or optimising a complex intervention, it is important to

map the hypothesised mechanisms of actions to show how the intervention

brings about its effects. This can be formulated in a framework of a the-

oretical model. The Theoretical Domains Framework (TDF) [41] is a in-

tegrative framework of behaviour change theory, to help make the theory

more accessible and usable for other disciplines. The framework comprises of

14 domains of theoretical constructs: Knowledge, Skills, Social/Professional

Role and Identity, Beliefs about Capabilities, Optimism, Beliefs about Con-

sequences, Reinforcement, Intentions, Goals, Memory, Attention and De-

cision Processes, Environmental Context and Resources, Social Influences,

Emotions and Behavioural Regulation. An example of such a theory to un-

derstand behaviours is the Capability, Opportunity, Motivation Behaviour

model (COM-B model))[149], which maps key contextual factors to the The-

oretical Domains Framework (TDF). The COM-B model relates the psycho-

logical states of capability (i.e., skills and knowledge), motivation (i.e., reflec-
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tive and/or automatic) and opportunity (i.e., social influences) as pathways

(i.e., moderators) for behaviour change.

An example of the development of a behaviour change app, based on the

COM-B model and TDF, is an app which aims to change the behaviour of

parents for the weight management of their children (developed by Curtis et

al in 2015 [60]). The development of the childhood weight management app,

for parents to use, utilised the COM-B model and TDF to explore the barriers

and facilitators parents experience, in terms of their capability, opportunity

and motivation to provide their children with healthy food portions. Key

secondary goals towards the development of this app were focused on social

validity (i.e., acceptability amongst its stakeholders) and engagement [60].

The results of this research included features of the app which teach parents

how to measure portion sizes with graphical tools when preparing meals, and

this feature was informed by the TDF of Skills (cognitive) and the COM-B

model components of Psychological capability. Another example within the

app, is the feature which utilises every-day household objects (i.e., cups or

plates) to correctly measure healthy portion sizes. This component restruc-

tures the home environment to increases the capability and opportunity of

parents to create healthy portions at mealtimes. This feature was informed

by the COM-B model of Physical opportunity and TDF of Environment con-

text and resources.

Recent developments also includes the Affect-Integration-Motivation and Attention-
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Context-Translation Framework (AIM-ACT) framework [160]. This frame-

work considers how the personal neurophysiological states can influence pos-

itive and in-the-moment engagement. Three elements are incorporated into

the framework: attention, context and translation (ACT) of motivation to

behaviour to help guide stable and dynamic engagement features to increase

the effectiveness of the intervention.

2.2.3 Engagement as a Mediator and a Moderator

Cognitive behavioural theories can guide the development of the dynamic

aspects of when and how engagement is encouraged to occur. For example,

theories can guide how various momentary environments may influence the

physical opportunity to engage with an app, or how the personal capabilities

of information processing, memory and attention influence the user’s psy-

chological capability for any engagement and in turn behaviour change. The

fluctuating changes of a user, such as their recent behaviour, their varying

clinical states or feeling states and their external environments are all key

considerations in the development phase to ensure engagement positively

boosts behaviour change [33]. These considerations are commonly dynamic,

individual traits.

How engagement relates to the effectiveness of a behaviour change app can be

distinguished in the terms of mediation or moderation. As defined by Baron

and Kenny [11], a moderator can be conceptualised as “the function of a
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third variable which partitions a focal independent variable into subgroups

that establish its domains of maximal effectiveness in regard to a given de-

pendent variable”, and a mediator is conceptualised as “the function of

a third variable, which represents the generative mechanism through which

the focal independent variable is able to influence the dependent variable of

interest”.

I now relate the above concepts of a mediator or moderator to engagement

in which the distal health outcome is achieved through a behaviour change

app. Engagement is a complex construct, which encapsulates various forms,

including experiential (i.e., feeling states) or behavioural engagement (i.e.,

use of the app). Building on this definition of engagement, I have developed

a conceptual model which places behavioural engagement as a mediator and

experiential engagement as a moderator. I argue that the effect of the digital

health intervention on a health outcome is mediated through behavioural en-

gagement. Some behavioural use of the app is required if the app is to have

any effectiveness. That is, the mechanisms of action by which the behaviour

change app causes an improvement in health is behavioural engagement with

the intervention’s theoretically-informed, evidence-based modules. I see be-

havioural engagement as a factor that is a generative mechanism which influ-

ences the behaviour change; i.e., behavioural engagement sits on the causal

pathway between the app and an improvement in health outcomes. I then

extend this model, and place experiential engagement as an effect modera-
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tor on both the behavioural engagement and health outcome. The cognitive

and neural states during engagement is an effect-measure modification on

behavioural engagement, which can magnify or dilute the strength of the

mechanisms of action which take place during behavioural engagement and

leads to an improvement in health outcome.

An example of such a theory is how a user’s current environment, recent

health history, or mood may negatively or positively impact the cognitive

and neural states of an individual, which influences the experimental engage-

ment and this in turn modifies the strength of the behavioral engagement to

impact behaviour change. For example, a user of a behaviour change app,

in an work-place environment, may face competing demands for their time

and heightened stress levels. With such competing demands in a workplace,

this environment could reduce the cognitive resources to focusing on the app

for this moment, and this in turn reduces the behavioural engagement (i.e.,

length of time and breadth of time spent on the app), which reduces the

effectiveness. A different imagined situation is that the person is in a more

relaxed environment, with no immediate demands on their attention, which

gives more opportunity to be immersed with an intervention, and this in-

creases the length of time and breadth of engagement with the app, cognitive

investment and interest, which increases effectiveness.

The following Directed Acyclic Graph (DAG) conceptualises how engagement

affects the behaviour change in the above example. The red colour of X1
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and the red arrow represents effect moderation of X1 on the causal pathway

between X2 to Y .

• Z1 is Behaviour Change Intervention

• X1 is Experiential Engagement (Cognitive and affective energies)

• X2 is Behavioural Engagement (Use of the app)

• U are Individual states and perceptions of the app

• Y is Outcome of an improvement in health

Z

Y

U

X1

X2

2.3 Summary

I have established that digital therapeutic apps have great promise and po-

tential to be effective behaviour change interventions. This chapter began by

42



introducing examples of the different classes of digital health inventions, in-

cluding behaviour change apps, digital therapeutic apps and mobile medical

apps. The range of different classes of digital health interventions is rapidly

expanding, as the information and history available to glean through sen-

sors and wearables grows over time, systems link with one another and their

potential as paid health technologies in clinical care pathways develops.

The key challenges to deliver on such potential include (i) ensuring their

rapid development can be accommodated in any evaluation framework and

(ii) the development is based on theoretical frameworks.

The development of digital health interventions can take place with iterative

cycles of research, development and implementation, similar to MVP cycles.

I described how social, environmental, psychological and neurological aspects

are thought to influence ‘in-the-moment’ engagement, and that a common

finding is that people have different needs and wants from their behaviour

change app, and these needs and wants can change over time. I described

risk to longer-term engagement with repeated stimuli, such as habituation.

Some background on theoretical frameworks is provided, including the Ca-

pability, Opportunity, Motivation Behaviour model (COM-B model) and an

example of how this theoretical model informed the content development of

an app to help support parents in understanding portion sizes and creating

healthy meals for this children.
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I then detailed two established definitions of engagement, describing how en-

gagement as a multifaceted construct can be a dynamic state. Engagement

is not only influenced by the design and features of the intervention but also

a user’s environment, cognitive capabilities and feeling states. The facets

of engagement, which make up the complex, holistic construct, include be-

havioural and experiential, with further definitions for positive and negative

engagement, and for effective engagement. Effective engagement is defined

explicitly in terms of the engagement required to achieve the distal outcome

(i.e. a improvement in a user’s health).

To conclude, I hypothesised that behavioural engagement can be thought of

as a mediator to an improvement in health outcomes, and I separated out

the experiential facets of engagement as effect-measure moderators, which

either magnify or dilute the direct effect that use of the app (behavioral

engagement) has on an improvement in health (i.e., the distal outcome).

I will now discuss how complex interventions, such as behaviour change apps,

can be developed through a strategic framework which focuses on optimisa-

tion of the complex intervention before evaluation. I will then consider how

the dynamic, heterogeneous traits can be integrated into the functionality

of behaviour change apps, and corresponding research designs, through mo-

mentary intervention designs and assessment approaches, to both improve

their effectiveness and facilitate evaluation.
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Chapter 3

Optimisation Frameworks,

Intervention Designs and

Assessment Approaches

In the previous chapter, I demonstrated how behaviour change apps are usu-

ally some kind of complex intervention, with multiple components and active

ingredients. I will now describe and detail some frameworks and research

methodologies to develop complex or dynamic behaviour change apps.
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3.1 MOST - a framework for optimising com-

plex interventions

The Multi-phase Optimisation Strategy Framework (MOST) is a framework,

inspired by an approach in the engineering field, for developing, optimising

and evaluating multi-component behavioural interventions [53]. Without a

framework, the development of complex interventions may be somewhat ar-

bitrary, with researchers selecting intervention components based on little to

no theoretical grounds or empirical evidence.

MOST is neither a particular study design or a procedure, but a framework

which emphasises optimisation of a complex intervention before testing the

intervention in a resource-intensive RCT. Conventional RCTs can be highly

resource intensive due to the time, cost and expertise required to run well

[174], with many RCTs failing to recruit enough patients or be completed

within budget. The MOST framework allows the intervention to be opti-

mised with the practicalities and insight into real world implementation, to

test complex interventions that are optimally developed to be effective, af-

fordable and scalable, before testing in a evaluative RCT [94]. The objectives

of MOST aims to examine not only effectiveness, but also address questions

regarding the affordability, scalability and efficiency of the complex interven-

tion. Testing an optimal intervention in an RCT not only champions the

science, but also the practical aspects of running a trial such as recruitment
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and duration of the trial, as more patients should be more willing to be in a

RCT which tests a more optimised intervention.

The MOST framework advocates for three phases to optimise an interven-

tion: the preparation phase, the optimisation phase and the evaluation phase.

During the preparation phase, researchers typically review the existing lit-

erature in the relevant field, and develop a detailed conceptual model that

represents the mechanisms of action which the complex intervention would

create. The main extension that the MOST framework made to the develop-

ment of a complex intervention was to add a optimisation phase before the

evaluation phase.

The optimisation phase allows researchers to explicitly model the effects of

the different components, leveraging the advantages of effects estimated from

randomised trials (to facilitate unbiased estimates for comparative purposes)

and the suitability of intervention components for the targeted population.

The MOST framework begins by specifying the optimisation goal in the

preparation phase. For example, researchers may state their objective is to

develop a complex intervention to help participants cut back on smoking,

such that (i) the overall cost of providing the intervention is no more than

£500 per participant, and (ii) participant burden is no more than 1 hour of

their time once a week.

The preparation phase will detail the conceptual model of how the mecha-

nisms of action within the intervention will reach the stated objective [53].
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The preparation phase is developed through the theoretical domain frame-

works, as described in the preceding chapter. The optimisation phase aims

to quantify the effects of individual components and any interactions be-

tween components, for the proposed intervention assembled in the prepara-

tion phase [53].

The optimisation phase is commonly conducted through a factorial trial or

another type of sequential trial to separate out the specific effects [53]. In

this context of MOST, factorial trials are commonly undertaken in the opti-

misation phase for a complex intervention to determine the marginal effects

of different therapeutic components.

An example of a digital intervention developed through the MOST frame-

work is the Opt-IN study [206]. The study’s primary aim was to select

behaviour change intervention components for a treatment for obesity, to

maximise individual weight loss, and the secondary aim was to build a com-

plex intervention which would cost under $500. The package is not an app,

but is remotely delivered and made up of technology support components.

The preparation phase identified the mechanisms of action to achieve weight

loss as self-efficacy, self-regulation, supportive accountability and facilitation.

Five intervention components were developed in the preparation phase: (1)

Coaching Calls (either 12 biweekly or 24 weekly), (2) Progress Report to

Primary Care Physician, (3) Test Messages, (4) Meal Replacement Recom-

mendations and (5) Buddy Training [206]. Then, in the optimisation phase,
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a factorial experiment randomised 562 participants to one of 32 experimental

conditions was conducted. Measurements for outcomes were taken at base-

line, 3 months and 6 months of treatment. The analysis strategy included

effect coding. Effect coding is when the variables are assigned a value of either

-1 (for the off component) or +1 (for the on component). The analysis model

was a mixed linear model with an unstructured variance-covariance matrix

for repeated measures. The analysis strategy first explored 2-way time by

component interactions. If the p-value for such interactions was under 0.10,

then the component was tentatively selected for the screening stage. The

only interaction effect estimate meeting this criteria was the buddy compo-

nent by time. After the results were considered with the cost specifications,

the final components up for consideration, from the optimisation stage were

buddy training, 12 coaching calls and PCP reports [206].

3.1.1 Effect coding or dummy coding

It is important to ensure the analysis of data is appropriate for the research

questions it aims to address. When analysing effects from a factorial trial for

optimisation purposes, the researchers are often interested in estimating main

effects of the single component, averaged across all intervention components,

as well as any interactions or synergies between two or more components.

There are two common types of coding used for such analyses [53]. Dummy

coding: the variables are coded as +1 for the on component and 0 for the
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off component and, Effect coding: the variables are coded as +1 for the on

component and -1 for the off component. In standard regression models with

dummy coding, in which one or more interaction terms are present, the main

effect coefficient for one variable can be interpreted as the effect of increasing

that variable by one unit when the other variables are set to zero. Therefore,

dummy coding naturally estimates effects of components in the absence of

other components. Effect coding allows for the main regression coefficient

for a component to be interpreted as the average treatment effect, averaging

over the distribution of other components.

3.1.2 Capturing and adapting to dynamic individual

states

Complex interventions are sometimes static interventions, and are often op-

timise from an assemble of static components. That is, the complex inter-

vention remains fixed over time, and does not learn about the individual and

adjust the treatment according to their current or recent states.

However, we know that people with chronic illnesses or cyclical conditions,

such as diabetes [35], obesity [214, 71], or smoking [47], often experience

their conditions or behaviours to change over time. Often people go through

different stages of managing their conditions, especially as individual states

and environments fluctuate over time. Treating chronic conditions with a

more dynamic intervention, which can adapt to such individual states or
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environmental changes over time, may lead to developing a more effective

intervention [44].

The desire to study the dynamic, heterogeneous traits within populations

and their natural environments, have inspired the incorporation of Ecologi-

cal Momentary Assessment (EMA) and Ecological Momentary Intervention

(EMI) into mobile health technologies [99]. In the following section, I de-

scribe how EMA and EMI can be incorporated into behaviour change apps

to capture the momentary changes within individuals over time.

3.2 Ecological Momentary Assessment (EMA)

As previously discussed, behaviour change apps can capture the dynamic

aspects of individuals, such as how the psychological, behavioural and phys-

iological states vary in a person’s natural environment. A research approach

to formally capture such changes is the Ecological Momentary Assessment

(EMA) [201]. The EMA is a research methodology, which uses repeated

sampling to capture the temporal changes within individuals over time.

Ecological Momentary Assessment (EMA) is a repeated assessment method

to capture behavioural outcomes of individuals as they go about their every-

day lives [208]. A few decades ago, EMA studies would often be carried out

through paper diaries with pagers, but are commonly implemented through

apps now [51]. Such studies allow researchers to study daily processes which
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influence behaviour in real-time [201]. States which can be measured over

time include internal factors, such as recent drinking patterns and current

moods, and environmental cues, such as day of the week or a change in lo-

cation. The aims of an EMA may be to examine the associations between

a person’s natural environment and their momentary behaviour or varying

symptoms of a disease.

EMA studies are implemented through sampling over time. Research ques-

tions may seek to understand behavioral changes over time or behaviour

modifications due to different contextual circumstances. As such, the timing

of the EMA sampling requires careful consideration, to reduce recall bias

and missing data, to maximise ecological validity of the results and minimise

habituation to stimuli of the repeated assessment.

3.3 Ecological Momentary Intervention (EMI)

Parallel to EMA is Ecological Momentary Intervention (EMI). Heron and

Smyth define EMI as “treatments that are provided to people during their

everyday lives and natural settings” [99], with a literature review finding that

EMI are scheduled to be delivered at either fixed, random or tailored times.

A recent review found that most EMI are now delivered on smartphone apps

[9]. EMIs can be synchronised with data gathered over time through an

EMA, and can be characterised as “extending the methodology of repeated

within-environment prompting into the domain of clinical intervention” [17],
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with the idea to provide accessible therapeutic support to individuals when

they need this the most.

A review by Ellen Beckjord and Saul Shiffman explored the use of EMA and

EMI specifically for interventions to minimise harmful alcohol use [14]. A

known barrier with face-to-face interventions, to help people with substance

use disorders, is that the skills discussed to maintain safe levels of alcohol

consumption during face-to-face settings require the patient to call upon such

skills in the moment, when they are most vulnerable to hazardous or harmful

drinking episodes [14, 200]. Such skills include problem solving techniques

to avoid high-risk situations or interventions to motivate attempts to reduce

drinking levels after a relapse. The synchronisation of EMA with EMI offers

the opportunity to provide momentary support when the patient is faced with

such decisions [142]. Examples of EMA questions include “Are you drinking

alcohol?”, or “How strong is your urge to drink?”. Beckjord and Shiffman

argue EMA and EMI should be used together to develop interventions to

reduce alcohol consumption, with key challenges of accurately reporting both

outcomes and any contextual details.

The contextual factors can be conceptually associated with events of alcohol

consumption in a sequential manner, such as (i) the contextual factors which

preceded drinking, such as stress or a negative mood, (ii) the environmental

factors which influenced drinking alcohol at that moment, such as drinking

with friends at a pub or (iii) the consequences after a harmful drinking episode
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(such as hangovers and low mood). As dynamic behaviour change theories

develop, interventions can be tailored to the individual’s dynamic history or

past contextual variables to match the mechanisms of action.

3.4 Just-in-time Adaptive Intervention (JI-

TAI)

Just-in-time Adaptive Intervention (JITAI) can be considered as a type of ex-

tension to EMI [223]. They are interventions which aim to provide the right

support to the right person at the right moment, by adapting the sequence

and content of interventions to an individual’s changing internal and contex-

tual state [162]. Contextual information about an individual can be gathered

through wearable devices, self-report data or monitors. JITAI leverage the

collected personal markers as well as predictions of risk to personalize the

choice of treatment to the individual.

3.4.1 The concept of timing in a Just-in-time Adaptive

Intervention (JITAI)

The components of a JITAI are adaptive, with the aim to intervene when

it is most beneficial for an individual given their contextual circumstances.

Timing has a different interpretation to that of “clock time”, such as 11am

or 8pm [162]. Timing in a JITAI is conceptualised as the state which an
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individual is in at the moment, with the aim to deliver an intervention neither

too late nor too early [104].

JITAI requires constant monitoring to understand how an individuals’ state

evolves over time. Delivering a JITAI is done through decision rules, and

means an algorithm decides if the individual is in a state that may benefit

from an intervention [159], the type of intervention which might be suitable

for the individual in that moment, and if the cumulative sequence of re-

peatedly intervening has the potential to disrupt or impact the process by

creating a negative impact on future treatments and states. That is, JITAI

aim to not only influence a short term outcome, in that moment, but a long

term outcome of what the overall goal is. This long term goal is known as

the distal outcome.

The concepts and components which make up a Just-in-time Adaptive Inter-

vention (JITAI) include [162]:

3.4.2 Concepts

State Dynamic, multi-variables that represent the ‘space’ of an individual

[97] when a mechanism may produce an effect. The dynamic state

variables may be made up of past state values of an individual, external

events or internal processes.[10]. An example of a state could be if the

individual’s feeling state of the perceived usefulness of the app or if the

individual is feeling motivated to reduce their alcohol consumption.
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State-Space Representation The state-space of an individual in a com-

plete, complex dynamical system [97].

Just in time support Providing the right support at the right moment

while avoiding the delivery of unhelpful support at other times.

Individualisation How information gathered about a person determines

how the intervention will be delivered to that person.

Adaption A type of individualisation, where the sequence of multiple treat-

ments are tailored to time-varying or dynamic information states of an

individual over time. An example of a feeling state of engaging with

Drink Less is feeling ”lost and unsure of what to do next” with the

app [59], as some users may feel disorientated within the app, and feel

unsure how to navigate through it to achieve their goals[59].

Just-in-time Adaptive Intervention (JITAI) A dynamic treatment pol-

icy which aims to adapt the delivery of just-in-time support, to the

individual’s changing internal and external states over time. A JITAI

is made up of six components: a distal outcome, a proximal outcome,

decision points, tailoring variables and decision rules.

3.4.3 Components

Distal outcome The overall outcome the policy of the JITAI aims to im-

prove, such as time to relapse of smoking, time to disengagement or
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average number of steps taken.

Proximal outcome The short term goal of the intervention at that mo-

ment, such as steps taken 30 mins after receiving a notification, en-

gagement with the app or completing self-report data.

Decision Points The point in time at which the intervention may be de-

livered.

Tailoring variables Time-varying or time-invariant information which is

used about the individual that informs the adaption of the treatment

policy.

Decision rules The operataionalisation of the JITAI, as a dynamic treat-

ment policy, which specifies which intervention is offered for whom and

under which states, current environment or past history. The decision

rules can be informed by (i) exploring how a specific moment may alter

the effect of a treatment on the proximal outcome, and (ii) the longer

term effects of the sequencing of a treatment on the pathway to the

distal outcome.

3.4.4 Example of a JITAI

An example of a JITAI is the A-CHESS app, which stands for Addiction-

Comprehensive Health Education Support System [95, 42]. A-CHESS is

a JITAI because it personalises the choice of treatment to the individual’s
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context through decision rules. One component of A-CHESS is that users

specify locations they regularly purchase alcohol from. Through the use of

global positioning systems, A-CHESS will send support to the user when

they are near the prespecified locations, providing support.

3.5 Micro-Randomised Trials

Micro-Randomised Trial (MRT) is an experimental design to create Just-in-

time Adaptive Intervention (JITAI) [222, 117].

In an MRT, individuals are randomised many times, perhaps hundreds or

thousands of times, with known probabilities at pre-specified decision points.

After each randomisation, a proximal, or near-term outcome is measured.

When synchronised with contextual data, which may come from wearables,

monitors or self-reports, data from an MRT is intensive, rich and longitudi-

nal, made up of time-varying covariates, time-varying treatments and time-

varying outcomes. The history of an individual is the evolution of such data

for this person from the beginning of the trial. States can be captured by

time-varying variable, or a summary of recent time-varying variables with

time-invariant variables.

When developing “in the moment” interventions, researchers may naturally

begin by understanding if there is, on average, any effect. If there is no

marginal (i.e. average) effect, then any efforts to further optimise the inter-
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vention, which does not have an overall effect, could arguably be futile.

Once the primary objective of understanding if there is a marginal effect,

the repeat randomisation within individuals over time allows researchers to

explore if the magnitude of the effect changes due to the measured, near-term

recent states or there is an effect from the cumulative sequence of interven-

tions over time. One example of a positive near-term effect but negative effect

in the future (i.e long-term) is ‘click-bait’, which is designed to generate a

near-term outcome, but over time is often a disappointing and unfulfilling

experience, which can annoy users and reduce the perceived usefulness of the

application in the long-term [165, 179].

The different types of effects which an MRT can estimate include:

Marginal effect Does the treatment, on average, work?

Treatment effect heterogeneity What works for one person may not work

for other people

Contextual effect moderation What works for one user at one point in

time may not work for the same person when they are in a different

state

Short and long-term effect from sequencing of interventions The treat-

ment may have a strong, near-term effect, but the cumulative sequence

of treatments over time may create a negative effect on the ultimate
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distal goal

Findings about such effects can help researchers develop better tailored in-

terventions, which are more effective and less burdensome, while balancing

near-term and long-term effects.

3.6 Conclusion

In this section I have described some research frameworks, trial designs and

assessment methods which are key for the needs of developing and evaluating

behaviour change apps or digital therapeutic apps.

The aims and objectives of the thesis are established in the next section.
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Chapter 4

Aims and Objectives of the

Thesis

Up to this point in the thesis, I have established the unique characteristics

of behaviour change apps as health interventions. I have identified that apps

can capture and adapt to an individual’s changing state over time. When

this personalisation is based on dynamic behaviour change theories, then

behaviour change apps can deliver the right support to the right person at

the right moment. That is, behaviour change apps can develop to become

just-in-time adaptive interventions. I have also affirmed that engagement

is considered an important mediator to optimise for effectiveness, with a

conceptual framework which places behavioural engagement as a mediator

and experiential engagement as a effect-moderator.
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I have presented the current types of research methodologies to both capture

outcomes, and how momentary interventions can treat individuals in their

everyday lives, these are EMAs and EMIs. I have described the components

of a JITAI, and how they can be developed from an MRT.

I now introduce Drink Less, an app which I base much of my research in this

thesis with. Subsequently, I then set the aims and objectives of the thesis.

4.1 Drink Less

Drink Less is a theory- and evidence-based behaviour change app for adults

from the general UK population who are seeking help to reduce their alcohol

consumption [88]. The exact code of content for Drink Less is available on

the Open Science Framework (https://osf.io/akqy9). This details how the

app functions, such as the how the dashboard works, as well as details of

how users can log their mood and drinks, how to set and change their goals

and action plans.

The Drink Less modules include: (i) Normative Feedback, which consists of

personalised feedback on how an individual’s drinking behaviour compares

with others’ drinking; (ii) Goal Setting, which allows users to set weekly

‘drinking reduction’ goals, with brief advice on setting achievable goals; (iii)

Cognitive bias retraining, delivered though a game which targets users’ au-

tomatic biases through avoiding cues of alcoholic drinks and approaching
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non-alcoholic drinks; (iv) Self-monitoring and Feedback, which allows users

to monitor and reflect on their alcohol consumption, along with their mood,

productivity, sleep and progress on goals; and (v) Action Planning, in which

users create if-then plans for dealing with difficult drinking situations.

The development of Drink Less followed an iterative structure with feedback

loops. The development strategy adopted the UK Medical Research Coun-

cil guidance on complex interventions [57] and the Multiphase Optimisa-

tion Strategy [56], with the theoretical Capability, Opportunity, Motivation-

Behavioural model driving the approach to module development within the

complex intervention.

Two phases of development for Drink Less were undertaken. Phase One

consisted of a scoping literature review, expert consensus study and content

analysis of existing alcohol apps. Five components were selected from Phase

One. These are (i) Normative Feedback, (ii) Cognitive Bias Re-training, (iii)

Self-Monitoring and Feedback, (iv) Action Planning and (v) Identify Change.

Phase Two studied the acceptability and feasibility of the five components,

with a person-based approach [234]. To understand the first impression of the

app, a think-aloud study was conducted [59], with semi-structured interviews

exploring users’ impressions of longer-term use of the app in their natural

settings.

Research into the refinement of Drink Less, within the optimisation phase,
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included designing new app modules and content based on user feedback

and improving the usability of the app through user testing [87]. The new

modules include: Behavioural Substitution, Information about Antecedents

and Insights.

The modules Normative Feedback and Self-Monitoring and Feedback both

provide data collected by the individual over time. They are therapeutic

components for individuals to track and monitor their own drinking habits

over time and not designed to gather information for the device to learn

about the individual over time and adapt the content. Drink Less is not an

adaptive intervention, such as a JITAI but with further research can evolve

to be one.

Drink Less is currently frozen (i.e. no incremental improvements are occur-

ring) due to being evaluated in a parallel-group, conventional Randomised

Controlled Trial [84]. The RCT aims to compare the effectiveness and cost-

effectiveness of recommending Drink Less for reducing alcohol consumption

to the National Health Service (NHS)) webpage on alcohol advice [84].

4.1.1 Funding of Drink Less

The development of Drink Less was funded by United Kingdom’s Centre for

Tobacco and Alcohol Studies, the National Institute for Health and Care

Research (NIHR) School for Public Health Research and the Society for the

Study of Addition and Cancer Research United Kingdom. The refinement
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of Drink Less was funded by the National Institute for Health and Care

Research (NIHR) School for Public Health Research and the Society for

the Study of Addition [84] and the evaluation of Drink Less was funded

by National Institute for Health and Care Research (NIHR) Public Health

Research Programme [84].

4.2 Aims

The overall aim of this thesis is to improve engagement with Drink Less, with

a particular focus on designing, conducting and reporting on a randomised

trial to further optimise the notification policy.

4.3 Objectives

The stated aim will be achieved by focusing on the following objectives:

• Consider the types of evidence submitted to regulatory bodies, gen-

erated from randomised trials, for the approval of digital therapeutic

apps, along with any challenges and limitation of such evidence.

• Identify novel trial designs to develop and evaluate behaviour change

apps, and investigate their uptake for behaviour change apps.

• Explore the granular patterns of engagement with Drink Less over time.

• Design and conduct a Micro-Randomised Trial to understand and op-
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timise the notification policy to improve engagement with Drink Less.

• Analyse the Micro-Randomised Trial and interpret the overall findings.
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Chapter 5

Case Studies: A Tale of Two

Apps

5.1 Current challenges of evaluating apps

Regulatory bodies overseeing the approval of digital therapies face novel chal-

lenges in a fast-moving territory. In this Chapter, I explore such challenges,

through two case studies of digital therapeutic interventions which are both

embedded with behaviour change components.
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5.1.1 Case Study One

Reset by Pear Therapeutics evaluated by the Food and Drug Ad-

ministration (FDA), federal agency of the United States Depart-

ment of Health and Human Services.

Reset, developed by Pear Therapeutics, is a 12-week (90 day) FDA-cleared

prescription digital therapeutic app to be used as an adjuvant to standard

outpatient therapy for treating substance use disorder related to stimulants,

cannabis, cocaine and alcohol [187]. In September 2017, the FDA permit-

ted marketing of Reset as the first mobile medical application to help treat

substance use disorders [129]. In accordance with the guidance document

Medical Device Accessories – describing accessories and classification path-

ways, [152] the De Novo classification process provides a pathway for low

to moderate risk accessories which are novel such that there are no legally

marketed devices for comparison. The streamlined pathway requests special

and general controls to provide a reasonable assurance of safety and effec-

tiveness before clearance is granted. The media release for Reset states that,

‘Prescription Digital Therapeutics are clinically-validated, FDA cleared soft-

ware applications that demonstrate safety and efficacy in randomised clinical

trials to improve patient outcomes.’ The product is modelled on Community

Reinforcement Approach [153], a form of cognitive behavioural therapy de-

signed for patients with substance use disorder [105]. Pear Therapeutics’

website states “reSET has been proven to increase abstinence from a pa-
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tient’s substances of abuse during treatment and increase patient retention

in treatment when used as part of an outpatient treatment program”. How-

ever no randomised controlled trial or other study has been published that

evaluated the app Reset. Rather, a caveat on Pear Therapeutics’ website ex-

plains “Therapeutic Education Systems (TES), which has equivalent content

to reSET, was tested.” The study submitted to the FDA to support Reset’s

effectiveness was a randomised controlled trial published by Campbell et al.

in 2014 [39].

In the Campbell et al. study, patients seeking treatment for drug or alcohol

problems were enrolled between June 2010 and August 2011. The trial evalu-

ated TES, a computer-delivered intervention, made up of 62 web-based mod-

ules and contingency management components, to substitute about 2 hours

of clinician time within treatment in a community centre. The contingency

management component rewarded abstinence with voucher draws. Some of

the draws result in a congratulatory “good job”; the others rewarded the

participants with prizes of either small ($1), large ($20), or jumbo ($80–100)

values in decreasing probability. During the 12-week intervention period,

patients were assessed twice a week with urine tests for 10 different illicit

drugs, and self-reported drug and alcohol use. The follow-up period, after

the 12-week treatment programme ended, was at 3 months and 6 months.

The average total of prizes per patient in the intervention arm was $277 over

the 12-week treatment period. Campbell and co-authors reflect that, ‘It may
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be that the beneficial effect of TES observed during the active treatment

phase was mainly attributable to the contingency management component

of the intervention’ (p. 689). That is, we are unable to disentangle the effect

of TES with the effect of rewarding participants with prizes for abstinence.

The trial reported two primary outcome measures: abstinence from drug or

heavy alcohol use in the last 4 weeks of treatment, and retention in treatment

(time to drop out). A statistically significant treatment effect for abstinence

was reported at the end of the 12-week treatment period, with an odds ratio

of 1.62 (95% CI: 1.12, 2.35). However, at the 3- and 6-month follow-up

points, ‘The effect of TES compared with treatment as usual was no longer

significant.’ (p. 686).

This evidence submitted to the FDA for the approval of Reset raises ques-

tions about the content, usability, and efficacy of intervention. How does the

content of TES, a computer-delivered version of community-based interven-

tion, translate over to an app? How does delivery of the intervention through

an app affect engagement, usability, and efficacy? Operational safety con-

cerns can emerge when a device is transferred to an app, as discovered with

Roche’s Accu-Chek diabetes management app [231], which received its fifth

FDA recall due to various software bugs leading to incorrect insulin dosage

recommendations. Is the contingency management treatment a compulsory

component of Reset, and if not, can the existing trial provide any relevant

information regarding efficacy? If Reset is to be used as a single 12-week
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therapy course, as described in the media press release, is there any evidence

of long-term effectiveness?

5.1.2 Case Study Two

Deprexis by GAIA AG evaluated by National Institute for Health

and Care Excellence (NICE) for National Health Service (NHS)

programme Improving Access to Psychological Therapies for Eng-

land.

The National Health Service (NHS) launched the Improving Access to Psy-

chological Therapies (IAPT) programme in 2008, with the aim of expand-

ing services to treat adult anxiety disorders and depression in England. In

August 2017, NHS England and NICE announced up to 14 digital therapy

products will be assessed for use of IAPT services by 2020 [218]. The call’s el-

igibility requirements of digitally enabled therapy technologies, includes that

“The content of treatment should mirror a NICE recommended psychologi-

cal therapy” (p. 1); that it “should be designed to support a model of care

where the therapist guides the user through the programme and regularly

reviews the user’s work, clinical outcomes and risk” (p. 1); “The technology

must have at least one published randomised controlled trial” (p. 2); and

it “must be supplied by an organisation committed to keep ownership and

responsibility to maintain and update the technology.” (p. 2). Deprexis is

a cognitive behavioural therapy treatment for adults with depression, deliv-
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ered through a mobile platform, which will be trialled within the NHS as

part of NICE’s evaluation for IAPT. The published literature on Deprexis

includes eight randomised controlled trials [16, 23, 76, 118, 148, 22, 155, 32]

four trial protocols [118, 147, 239, 120] and a systematic review [217]. The

review [217], published in 2017, found that overall Deprexis was moderately

effective.

Most of the Deprexis trials used a waitlist control, where participants in

the control group receive access to the intervention after the initial 12-week

intervention period, which prevented a thorough assessment of long-term ef-

fectiveness. The systematic review states that, “Using responsive design,

Deprexis is optimized for use on any computer with internet access, includ-

ing tablet computers and smartphones.” However, the published trials do

not mention use on a smartphone, so it is unclear how many trial partici-

pants were using it on a smartphone or how the optimisation for the mobile

environment has been formally evaluated. Interestingly, Deprexis is an adap-

tive intervention which selects modules and content tailored to a patient’s

response, but there was no published literature on how such adaption, se-

quencing and decision rules were built. Therapists have access to the partic-

ipants reported outcomes over time, can monitor how the patient is feeling

and are alerted if someone’s symptoms deteriorate, so Deprexis is in essence a

dynamic treatment regime. As part of the IAPT approval process, Deprexis

will first be adapted for integration within the NHS, and then evaluated in a
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non-randomised trial (comparing with routinely collected data) of two-year

duration. Whether the planned trial will assess the different elements of

such a dynamic regime, as well as how successful the app is in collecting

valid patient outcomes (perhaps through notifications acting as engagement

prompts), remains unclear.

5.2 Implications for regulatory approval

In the already overcrowded app market, an agency’s clearance will likely

lead to a significant market advantage, but that clearance needs to be robust

and fair. Regulatory agencies need to strike the right balance with the evi-

dence required, which can include pre-approval clinical trials or post-approval

surveillance, and this should be influenced by the app’s potential clinical risk

as a treatment, or the cost to society if it is widely adopted yet ineffective.

The FDA is modernising its regulatory framework in line with recent ‘Least

Burdensome Provisions’ [187, 46] to reduce ‘outdated, unnecessary burden

that can forestall beneficial innovation without also enhancing device safety

and effectiveness’. There is an argument that requiring an evidence base

only of numerous conventional randomised trials may not optimally enhance

the safety and effectiveness of an app, and could forestall the roll out of a

beneficial therapy to patients by a number of years. Plans for post approval

maintenance of Reset in order to improve and sustain patient outcomes are

unknown, nor do we have access to any details about how the ongoing eval-
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uation of Deprexis will feed back into its design and optimisation of the

intervention.

Apps often undergo continuous optimisation, learning from users and adjust-

ing the treatment, but app developers may be unsure of how to develop clin-

ically effective adaptive interventions in an evidence-based framework that

allows for continuous, iterative optimisation. Without a way forward, we are

at risk of using digital therapeutics in our health systems that are ineffective,

unsafe, costly, and weaken evidence based clinical pathways. We require a

fit-for-purpose framework where clinicians, statisticians and developers work

together [150, 139] to support a timely and iterative process of knowledge

transfer between developers, health care experts and end-users [131]. A nec-

essary solution for such fit-for-purpose frameworks is that research and trial

designs allow the development of dynamic, adaptive and data-rich interven-

tions to be both effective interventions and transparent [222].
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Chapter 6

Scoping Review

6.1 Trial designs for the development and eval-

uation of digital therapeutic apps: a scop-

ing review

As discussed in previous chapters, for digital health to improve patients’ lives,

we must be able to easily distinguish efficacious treatments from products of

commercial opportunism [126]. I explored how such challenges have impacted

regulatory agencies in the past, through the Chapter ‘A Tale of Two Apps’.

Regulatory bodies are working towards specific frameworks to facilitate such

aims, yet challenges and shortcomings remain in these new frameworks as

nimble guidelines can require either too little evidence for effectiveness and
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safety, or long and costly evaluations can impede innovation and deter vital

investment [178, 140, 3, 49]. Recently, high profile calls for better regulations

of digital therapeutic apps have been made [13]. I have established that for

an evaluation framework to succeed, fit-for-purpose clinical trial designs are

required.

6.1.1 Aims of Scoping Review

This scoping review aims to bring together new trial designs which could

suit the purpose of developing and evaluating digital therapeutic apps, and

to explore results of their implementations.

As discussed in the previous chapters, the challenges of evaluating digital

health interventions through conventional RCTs include long time frames

which require the intervention to be ‘frozen’, and no longer leveraging the

data gathered from individuals (from EMA or sensors/wearables) during the

trial, to inform how the intervention can be continuously optimised. These

limitations are discussed in the literature, which explored alternative meth-

ods, beyond the RCT, to evaluate digital health interventions [174, 150, 189,

66].

Previous research to explore alternative designs to the conventional RCT for

the development or evaluation of digital health include three reviews. Law

introduced adaptive trials of telehealth for more efficient research in 2014,

and found no implementations of adaptive trials of telehealth in the literature
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[128]. Pham’s review in 2015 emphasised the poor fit of RCT for mHealth

apps, due to rigid trial protocols, high implementation costs and long dura-

tion of recruitment, and her search of clinicaltrials.gov found no deviations

from conventional randomised controlled trials for mHealth apps [174]. In

2018 McCallum considered how data from in-device sensors can assist rapid

research designs, and concluded few activity apps and wearables were op-

timised for efficiency, engagement and acceptability [139]. In this chapter,

I aim to update such previous reviews, and examine the implementation of

novel trial methodology to develop and evaluate digital therapeutic apps.

6.1.2 Refining the research question

An initial literature search led to the following collection of three trial de-

signs to under the MOST framework: (i) Sequential Multiple Assignment

Randomised Trial (SMART) for optimising dynamic treatment regimens;

(ii) Micro-Randomised Trials for developing Just-in-Time Adaptive Inter-

ventions; and (iii) factorial trials for optimising static complex interventions.

I also included N-of-1 trials, as these are often trials undertaken in the field

of personalised medicine. N-of-1 studies do not fall within the MOST frame-

work for optimising a complex or dynamic intervention.

A brief explanation and example of each of these trial designs is provided in

Appendix A.0.9.
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Difference between optimised trials within the Multi-phase Opti-

misation Strategy Framework (MOST) framework and N-of-1 trials

I mapped out the common research objectives of a trial design in the context

of a development phase in the MOST framework, or an evaluation trial. The

development phase is the common iterative cycles of testing and review for

digital products, also known as the optimisation phase, and the evaluation

phase is set to determine effectiveness of the intervention in relation to a

comparator.

Table 6.1: Trial design by intervention type, development or evaluation phase

Trials Design Intervention
Type

Develop-
ment Phase Evaluation Phase

Sequential Multiple
Assignment
Randomised Trials

Dynamic
treatment regime Yes

No, dynamic
treatment regime

evaluated in a
RCT

Micro-randomisation
trial

Just in time
adaptive

interventions
Yes

No, JITAI
evaluated in a

RCT

Factorial Trials Complex
Interventions Yes

Yes, but within
the MOST

framework, likely
to be an RCT

Series of N-of-1 Personalised
treatments No Yes

”RCT” is shorthand for a traditional, 2-group, parallel arm trial.
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6.1.3 Search Strategy for Identifying Novel Trial De-

signs

The searches were conducted the week beginning Monday 26th November

2018 with the database PubMed.

There is an umbrella of terms mobile heath interventions fall under. I anal-

ysed a range of relevant papers to identify applicable search terms. The

resulting selection of search terms to identify interventions includes: mobile

application; mobile health app; mobile health application; mobile app; mo-

bile health intervention; smartphone application; smartphone app; web-based

intervention; mobile health; mHealth; telemedicine; telehealth; eHealth; cell-

phone; handheld computer; user-interface and web-portal. These terms make

up a broad definition of a mobile health intervention, to not miss any relevant

papers.

The database search coordinated each trial design (Sequential Multiple As-

signment Randomized Trials; Micro-Randomisation; N-of-1; Multiphase Op-

timization Strategy Framework) with all the mobile health search terms as

stated above. Both American and British spelling was used for randomisa-

tion.

79



6.2 Objectives

The objectives of this scoping review are to (1) systematically search for

implementations of the selected trial designs in mobile health; (2) consider

the advantages and disadvantages of the trial designs; and (3) identify gaps

of knowledge or previous limitations for future research in this area.

The review was drafted using the PRISMA Extension for Scoping Reviews

(PRISMA-ScR) [216]. In accordance with a framework for scoping reviews,

this work followed the five phases (1) identifying the research questions; (2)

identifying relevant studies; (3) study selection; (4) charting the data and

(5) collating, summarising and reporting the results.

6.2.1 Key Research Questions

The following research questions, inclusion criteria and exclusion criteria were

established.

1. What are the novel trial designs, alternative to the conventional, parallel-

group randomised controlled trials, recommended in the literature for

the development and evaluation of digital therapeutic apps?

2. Are these trial designs for the development or the evaluation of digital

therapeutic apps?

3. What are the merits, challenges and future directions found from the
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implementation of each trial design?

4. And, what are the opportunities for advancing trial methodology for

digital therapeutic apps?

My goal is to select results papers from the selection of novel trial designs

identified above. The intervention must aim to treat a particular health

condition. The study design must have some mention of the designs selected

(Sequential Multiple Assignment Randomized Trials; Micro-Randomisation;

N-of-1; Multiphase Optimization Strategy Framework). The intervention

must be an app to treat a health condition, as identified from the selection

terms in the search strategy.

6.2.2 Inclusion criteria

• The app aims to treat and improve the user’s health;

• The app is either a standalone intervention or part of a sequence or

combination of therapies;

• The intervention can be delivered as an app on a smartphone, or may

be available on a PC, laptop, tablet or website;

• The research paper is an original trial, feasibility or pilot study, protocol

or statistical analysis plan;

• Trial outcomes were quantitative or qualitative;
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• Trial outcomes were measures of efficacy, usability or engagement.

• The paper was published in English, indexed in PubMed, from any

time point up to November 2018.

6.2.3 Exclusion criteria

• Apps which are for screening, diagnostics, data collection or communi-

cation purposes only;

• The app was only evaluated in a conventional parallel randomised con-

trolled trial without any trials for the development phase;

• The app’s intention is not to treat or improve a user’s health;

• The research is methodological only, i.e, reports of simulations only;

• The paper is a viewpoint only.

6.2.4 Charting the data:

Both the CONSORT [197] and CONSORT-EHEALTH extension [73] were

used to consider the advantages and disadvantages in the relevant studies

selected. In particular, for the factorial trials under the MOST framework, I

tabled the study aims, intervention, recruitment method and data collection.

I also examined papers for quality assurance methods to ensure accuracy

of outcomes and clarity of human involvement in the app’s use and study
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methodology. For all papers found, I report on and further discuss the out-

comes, findings, limitations and future research raised.

Factorial Trials: Effect and Dummy coding

I will additionally consider the analysis of factorial trials, as discussed in a

previous section of this thesis: Effect coding or dummy coding. This is be-

cause it is important to consider the different frameworks of ANOVA and

regression for the analysis of data from factorial trials. How to analyse data

from a factorial trial depends on the research question, and which estimators

are appropriate. In this context of MOST, factorial trials are commonly un-

dertaken in the optimisation phase for a complex intervention to determine

the marginal effects of different therapeutic components. As discussed previ-

ously, when an interaction is fitted, effect coding is required to gain consistent

estimates of all estimated effects. When applicable, I will also review if the

protocol or trial results paper makes a mention of effect or dummy coding.

6.3 Results

6.3.1 Selection of sources of evidence

From the academic database Pubmed a total of 36 citations were found.

The count of papers by trial design were Sequential Multiple Assignment

Randomised Trials (n = 4); Micro-randomisation (n = 6); N-of-1 or Series

of N-of-1 (n = 15); Multiphase Optimisation Strategy Framework (n = 11).

83



All papers’ full text was assessed for eligibility. A flow diagram of the scoping

view, and reasons for exclusion, by trial design are below.

6.3.2 Flow diagram of papers reviewed
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PRISMA 2020 flow diagram for new systematic reviews which included searches of databases, registers and 
other sources 
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Table 6.2: Papers excluded by trial design, reasons for ineligibility, and num-
ber of papers.

Design Reasons for ineligibility (n=number of
papers).

Sequential Multiple
Assignment Randomised
Trials

Methodological only (n=4)

Micro-randomisation Methodological only (n=3)

Factorial Trials under MOST
Methodological only (n=1)
Systematic review (n=1)
Preparation Phase (n=2)

N-of-1
Viewpoint or Letter to the Editor (n=6)

Mobile device of data collection only (n=4)
Systematic review (n=2)

Thirteen eligible studies from academic databases were found, and included

Sequential Multiple Assignment Randomised Trials (n = 0); Micro-randomisation

(n = 3); N-of-1 (n = 3), Multiphase Optimisation Strategy Framework

(n = 7).

Some reasons for exclusion of the paper were (i) the app is an adaptive health

intervention which personalises treatment over time, but only research known

to be published was an evaluation in a conventional RCT [183] (ii) app as

data collection device in the conduct of n-of-1 studies [12] and (iii) sequential

multiple assignment trials to evaluate a sequence of SMS text messaging [20].

Characteristics of sources of evidence

I now tabulate the papers selected by trial design, and briefly describe the

characteristics, objectives and findings of these studies selected. The tables
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are split by trial design and the remarks regarding the papers found are

provided by trial design, after each table is presented.

The Tables are

• Table 6.3 Summary of MRT research papers

• Table 6.4 Summary of N-of-1 research papers

• Table 6.5 Summary of factorial research papers

• Table 6.6 Study details of factorial research papers
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Micro-Randomised Trial (MRT)

Four MRTs were identified from the search, as listed in Table 6.3.

For the MRTs, outcomes were efficacy orientated, with some engagement out-

comes [116, 25, 185]. The largest sample size for a micro-randomised trial was

1,255 for engagement outcomes (user self-monitored behaviours and feelings

24 hours following a notification), the smallest was 44 for physical activity

suggestions (step-count 30-minutes following a notification). No details of

the validity or reliability of the data from wearables were provided. For all

MRTs, the comparator treatment was no-notifications. None of the micro-

randomisation trials included a power calculation to find a prespecified effect.

Klasnja et al. [116] provided a MRT for HeartSteps, a mHealth intervention

which encourages regular walking though activity suggestions. The duration

of the MRT was 6-weeks, during which participants were randomised five

times a day. The primary outcome was 30-min step count following the

decision time point of randomisation and the analysis employed a centred

and weighted least squares method. The results found an increase in the

30-min step count, by 14% and the effect diluted over time. Future research

directions discussed include understanding how well notifications work, for

whom they work and do not work and what is the most optimal schedule.

Bidargaddi et al. [25] conducted a MRT to assess the causal effects of sending

a push notification on proximal engagement for a wellness app. The decision
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times were 1 of 6 times per day. The primary outcome was whether the user

self-monitors behaviours and feelings sometime during the next 24-hours.

The results showed risk ratio of 1.039 (95% CI 1.01 to 1.08), with effect

moderation explored by weekends and over time.

The future discussion in Bidargaddi et al. [25] raises the following points:(i)

treatment effect heterogeneity across users, as not all messages are likely to

have the same effect for all users at all times, that (ii) sending messages

when users are in receptive states could maximise engagement with mHealth

apps, (iii) the burden and potential damage of self-reporting if implemented

too frequently, and (iv) the promise for a more sensitive timescale measure,

for the proximal outcome (as anything finer than a 24-hour period was not

available from this study).

Rabbi et al. [185] published an MRT protocol with SARA, a mobile appli-

cation to increase or sustain engagement of substance data collection over

time. The study recruited participants who were aged 14-24 years old and

asked to use SARA for 1 month. The primary analysis was to determine

if sending a push notification at 4pm increased self-reporting on the cur-

rent or following day. In Rabbi’s [185] protocol paper, the discussion section

mentions the potential for initialising machine learning algorithms, with the

aim to develop engagement strategies which adapt to the personal context

of users. The benefit of the SARA study [185] is the rich nature of the data

gathered over time though the mobile data collection app, which allows for
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future research to study in-the-moment precedents and sequelae of substance

use among adolescents and young adults. An understanding of such temporal

patterns of substance abuse in the individual’s context is required to inform

the development of interventions.

Kramer et al [119] is a protocol for an MRT, for the aim of quantifying ef-

fects (main, interactions and moderators) of three components in an app to

promote physical activity. The MRT was 6-week period, and users were ran-

domised daily to either receive a prompt to encourage weekly self-reporting.

The proximal outcome is the proportion of overall participant days that the

step goal is achieved during the intervention period. The analysis would use

a centred and weight least squares model, to avoid biased effects from the

alternative GEE-based approach.
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N-of-1 Trials

Three N-of-1 Trials were identified: Brannon et al. [30], Quinn et al. [182]

and Yoon et al. [235].

Brannon et al. [30] undertook an aggregated N-of-1 study, to answer the re-

search question for whom did the intervention work?. The intervention was a

SMS text message to increase physical activity. The message was sent from a

parent, a peer or a behavioural specialist. Outcomes were measured through

MyFitnessPal and include heart rate, moderate and vigorous physical activ-

ity through steps taken and calorie counting. The results did not report on

marginal effects, with only significant interaction effect or with-persons effects

reported on. The results focus on treatment effect heterogeneity, with some

adolescents responding to feedback on goal attainment to increase physical

activity. The discussion proposes that future research should aim to bet-

ter understand the contextual factors which modified the effect of the text

message on physical activity outcomes.

Quinn et al. [182] published the results of an N-of-1 trial in 2013. In this

study, six women with arthritis and walking limitations participated in the

study, an were requested twice daily to self-report measures for 60-90 days.

No intervention was applied. The goal of the study was to examine theoretical

models of both behavioral and biomedical within-person level. The paper

raises the issues described as autocorrelation or serial dependency over time,

and how previous similar studies used structural equation models to account
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for this. The outcomes were collected by hand-held computers.

Yoon et al. [235] studied the impact of behavioral interventions of physical

activity. The study design is a 12-month observational study design which

collected intensive longitudinal data through an accelerometry (Fitbit Flex).

Participants were randomised once, at the 6-month mark into the study, to

either receive a tailored message about their personal predictors of exercise or

not. The creation of the personalised message was informed by the 6-months

prior accelerometry data.
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Factorial Trials

The eligible trials for the factorial design include seven studies. Four papers

were results [141, 58, 34, 121], three protocols [170, 177, 219]. Two papers

discuss the preparation phase research which informed the components of the

complex intervention and design of the factorial trial [88, 213].

The range of factorial trials include qualitative outcomes, pilot studies with

fractional factorial design, powered trials without interactions, but with in-

teractions explored and powered trials for an interaction [58, 34, 121, 177].

Results papers

Four papers [34, 121, 59, 141] were results papers from factorial trials to

optimise a complex intervention.

Buman [34] performed a full factorial trial for the development and process

evaluation of a smartphone app to improve sleep, sedentary and active be-

haviors in US Veterans with increased metabolic risk. The intervention is

BeWell, for US Veterans currently receiving clinical care at a regional VHA

hospital in the SouthWestern United States, aged 35-60, measured as over-

weight/obese, fasting glucose over 100 mg/dL. The trial was 8-weeks with a

sample size of 26 participants. The process evaluation outcomes included app

usage (minutes of usage, self-monitoring patterns), and this data was anal-

ysed by graphical displays over time. The factorial trial collected qualitative

outcomes.
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Kugler [121] published a pilot study, undertaken in the framework of MOST,

to optimise an intervention to treat obesity among children of low-income

mothers. The study was a fractional factorial trial, with the objective to

assess the acceptability of the intervention. The outcome was the overall

completion rates of the intervention and the number of times that research

staff attempted to contact a participant via phone or text message. The find-

ings include mothers with depressive symptoms had lower completion rates

than mothers without depressive symptoms. No mention of effect coding was

made.

Crane [58] implemented a factorial trial to develop Drink Less, an alcohol

reduction app, and evaluate intervention components. The primary outcome

was a change in weekly alcohol units consumed with a sample size 672. The

analysis was a one-way ANOVA, however no mention of effect coding was

made, it is possible effect coding was implemented through the ANOVA

analysis.

McClure [141] is the earliest results paper, published in 2013. This research

examined which intervention modules increased engagement in a online smok-

ing cessation programme. The design was a 2-level, full factorial design test-

ing the interventions message tone (prescriptive vs motivational), navigation

autonomy (dictated vs not), proactive email reminders (yes vs no), and in-

clusion of personally tailored testimonials (yes vs no). The outcomes were

number of visits to the website resulting in intervention content views (as op-
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posed to supplemental content views), number of intervention content areas

viewed, number of intervention content pages viewed, and duration of time

spent viewing this content. The results report that users receiving proactive

email reminders made 1.20 times as many visits (95% CI 1.09-1.33).

Protocols

Three papers [170, 176, 219] were protocols using factorial trials to optimise

a complex intervention.

Pellegrini [170] published a protocol to optimise a remotely delivered treat-

ment for obesity. A fractional factorial trial was designed, with the binary

outcome of weight loss greater than 7%. Recruitment was all in-person. A

linear mixed model was stated in the analysis plan, to test whether each fac-

tor has a significant effect on weight change across the time points (baseline,

3- & 6-months). No mention of effect or dummy coding was made.

Phillips [177] also published a protocol for a full factorial trial to optimise

Fit2Thrive, a physical activity intervention for breast cancer survivors. Five

interventions were tested, and the primary outcome was average daily min-

utes of moderate to vigorous physical activity (MVPA) as measured by ac-

celerometry. The study recruited participants and collected outcomes all on-

line. A generalised linear model was used to estimate the change in MVPA

over time. Effect coding was stated and described in the protocol.

Uwatoko [219] designed a fully factorial trial to optimize the smartphone
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cognitive behavioral therapy (CBT) app for mental health promotion among

university students. Five components were tested, with in-person enrollment.

The primary outcome is a change in PHQ-9 scores, and effect coding was

detailed in the analysis plan, as experimental factors will be coded at two

levels (presence coded as +1, and absence coded as -1).

6.3.3 Research papers excluded from the scoping re-

view but of interest

Two papers were not factorial trials, but undertook research to inform the

factorial trial for the optimisation phase [213, 88] in the MOST framework. I

discuss this research as it relates to the theoretical frameworks and research

to develop behaviour change apps.

Tombor [213] was guided by the Behaviour Change Wheel and MOST frame-

work to develop an app to aid smoking cessation during pregnancy. The

research included a identification of a theoretical base as the COM-B and a

systematic review to select intervention components. The five modules se-

lected are (i) identify, (ii) stress relief, (iii) health effects (iv) face-to-face and

(v) behavioural substitution. The targeted behaviours include psychological

capability, social opportunity, environmental opportunity, automatic moti-

vation and reflective motivation. The modules were further prepared for the

next phase of MOST, as the factorial trial for screening purposes.

Garnett [88] under took a scoping literature review, expert consensus study
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and content analysis to select the modules i) Normative Feedback, (ii) Cog-

nitive Bias Re-training, (iii) Self-monitoring and Feedback, (iv) Action Plan-

ning, and (v) Identity Change for the development of Drink Less.

N-of-1 trials with apps for data collection only

I will briefly discuss the characteristics of two N-of-1 trials that were excluded

from the results table, as the purpose of the app was for facilitating the con-

duct of a N-of-1 trial and/or the collection of outcomes for during the N-of-1

trial. This is to demonstrate how N-of-1 trials can be conducted through an

app, but do not include or intend to include an therapeutic interventions.

The PREEMPT trial [12], a two arm RCT, randomised patients to partic-

ipate either the arm (A) N-of-1 trial, with treatment reminders and data

collection through the app Trialist, to help develop a individualised treat-

ment plan for patients with chronic pain, or the arm (B) allocated to usual

care. The PREEMPT trial is similar to the StatinWISE trial [100], a series

of N-of-1 trials to determine if adverse muscle effects are caused by statin

use at both an individual and marginal level. This trial allowed participants

to report their data collection through a bespoke mobile app on their own

smartphones.
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6.3.4 Adaptive interventions for personalisation and

adaptive trials for efficiency

Some MRT result papers mention future steps of initialising machine learning

algorithms to optimise the intervention, to deliver more personalised content

[184, 25]. This future work, which builds on MRT results, may look to al-

gorithms such as the multi-arm bandit model or Thompson sampling [63].

Thompson Sampling is based Bayesian methodology which learns from the

data collected over time, with the randomisation of the next treatment se-

lected conditional on the posterior probability of that treatment being the

most optimal at that time [63].

In the clinical trial context, response adaptive trials are undertaken with

the goal to design more efficient or ethical trials. That is, to obtain robust

clinical findings in a quicker manner with fewer patients randomised to a less

efficient treatment [221, 168]. However, in the context of MRTs, the adaptive

algorithm is part of the development of the adaptive intervention.

6.4 Conclusions

Principal Findings

For the development of behaviour change apps, which aim to treat chronic

conditions over time, with some behavioral components, there is an emerg-

ing uptake of micro-randomised trials and factorial studies (both preparation
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stage and optimisation stage). At this point in time (late 2018), no SMART

trials were identified for the development of digital therapeutic apps. Two

N-of-1 studies made some mention of the objectives to personalise the in-

tervention to the contextual circumstances of the intervention. A common

challenge among all on-line trials is low follow-up rates.

Just-in-time adaptive interventions allow for the sequencing and adaption

within an intervention for the fast-paced contextual circumstances that nat-

urally arise through mobile health, whereas SMARTs are designed for a more

slow-paced sequencing and adaption in dynamic treatment regimes [44] found

in a clinical setting [159]. As mobile health interventions become more in-

tegrated into clinical care, such as Deprexis (as described in A Tale of Two

Apps, where Deprexis has the first stage intervention of using the app, and

if the patient is not responding to this as a treatment, a second stage is con-

sultation with the GP begins), then more hybird designs between MRTs and

SMARTs will be more suited [161].

MRTs

The importance of optimising engagement as well as effectiveness is emerg-

ing. Rabbi leads with a two phase MRT process [185, 184]. The first MRT

tests various engagement and follow-up components, then when sufficient en-

gagement and follow-up is established, Rabbi mentions a second MRT may

test therapeutic interventions. This approach mitigates the universal risk of
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testing a multi-component app for effectiveness in a trial, only to discover

engagement for self-reporting outcomes was too poor to tailor the treatment

and understand any attributable effectiveness. More options and guidance on

how researchers can consider and balance the aims of optimising engagement

and effectiveness components could be helpful.

The two most helpful papers were the JOOL MRT [25] and the SARA [184],

as I became aware of the importance of burden and potential damage to

longer-term engagement if the randomisation policy implemented in an MRT

is too frequent, the gap in knowledge of a more immediate, finer proximal

outcome in time and understanding the theoretical links and synergies be-

tween engagement and effectiveness as a temporal process within a dynamic

individual environment, to achieve the overall objective defined as the distal

goal.

Factorial trials for optimisation objectives

The review picked up on two papers [85, 213] under the MOST search, which

reported on earlier work in the preparation phase, to consider theoretical

frameworks to inform the development of interventions in the optimisation

phase. Although these are not randomised trials, I have kept the papers in

as they are important components of the MOST framework.

I found that effect coding was mentioned in most protocols which imple-

mented a factorial trial for the optimisation phase of the MOST framework.
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The number of module components evaluated was commonly five. Interac-

tion effects were estimated for various components and it is possible that the

inflation of type I error rates may need to be considered.

N-of-1

N-of-1 studies involve repeated cycles of treatments and outcome measures

over time. The early study of Quinn [182], published in 2013, had the objec-

tives of learning about individual characteristics to create a tailored, person-

alised intervention in the future. These objective can be achieved through

the framework of MRTs. The role of mobile apps to collect this data during

the N-of-1 and MRTs is emerging. This is akin to Ecological Momentary

Assessment (EMA) studies, and a shared understanding of the similarities

and differences between N-of-1 studies, MRTs and Ecological Momentary

Assessment (EMA) may be helpful to the community who are pursuing the

development of personalised medicine through apps.

What are the opportunities for improving trial methodology for

digital therapeutic apps?

As discussed in previous chapters, trial designs which synchronise and balance

the two separate goals of learning how to continually improve an intervention,

while gathering information to assess overall effectiveness, would be helpful

in the realm of digital health. This review, undertaken in 2018, revealed

an emerging uptake of MRTs and factorial trials for the development of
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behaviour change apps. These novel trial designs and frameworks are fit-

for-purpose to meet this need. A potential opportunity to increase research

quality includes the development of formal guidance, such as a CONSORT

statement, for reporting such trial designs may be helpful.

When apps are currently used in the real-world, it is common for app de-

velopers to continuously improve the intervention through iterative cycles of

development. In terms of developing complex apps, the rapid accumulation

of real-time data from observational studies lends itself to Bayesian methods,

such as historical controls, for the optimisation of an intervention. This may

be helpful when information to contextually tailor the intervention can be

sourced from both cohorts studies, qualitative studies and ongoing trials.

To conclude this section of the thesis, previous reviews by Law (2014) [128],

Pham (2016) [174] and McCallum (2018) [139] found no evidence of any

uptake of novel trial designs which suit the needs for developing or evaluating

multi-component behaviour change apps. Whereas this review, undertaken

in 2018, found the implementation of such trial designs emerging.

Prior to 2015, research teams aimed to tailor the sequence of treatment to

the individual’s context and prior history. MRTs now offer a framework to

personalise the sequencing of individual treatments over time.

I now move on to my research with Drink Less, exercising my knowledge

gained up to this process, about MRTs, the importance of engagement and
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setting up the optimisation of a static behaviour change app to evolve into

a JITAI.
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Chapter 7

Paper One. Engagement with a

Behavior Change App for

Alcohol Reduction: Data

Visualization for Longitudinal

Observational Study

From the systematic review into trial designs for the development and eval-

uation of behaviour change apps, I concluded that engagement was some-

times the primary outcome of such developmental trials, and that there is

an emerging uptake of JITAIs to improve engagement or self-reporting, and
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such research was undertaken through an MRT.

Going forward, I take inspiration from two particular MRTs which focus on

engagement: the SARA MRT [184] and the JOOL MRT [25].

Engagement is a multifaceted construct, which comprises behavioural and ex-

periential aspects [171], and usage data offers researchers and app developers

an opportunity to explore how the app is used over time, by the help-seeking

individuals who download the app. There is a growing appreciation for un-

derstanding the complex engagement patterns within and between users over

time [175, 157].

Knowledge about how people actually use the app can offer insights to (1)

consider how such patterns of use may boost or hinder behaviour change, and

(2) consider pathways to further incrementally improve the intervention [122].

The usage data from behaviour change apps is voluminous and temporally

dense. App developers and researchers may find it challenging to easily

summarise such rich and big data, to provide any usefully insights.

In this Chapter, I begin by exploring the engagement data from large cohort

of users (n=19,233) with Drink Less though simple, accessible visualisations,

primarily with the R package ggplot [225]. I demonstrate that such simple

visualisations offer valuable insight into the patterns of use over time.

In reflection, this work also showed that current notification is likely to affect

engagement more than I expected, and that the fixed notification policy was
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effective for maintaining engagement for some users, but other users may

habituate to the daily notification.

From the insight gained from the simple visualisation, I concluded that opti-

mising the notification was a worthwhile investment. This conclusion paved

the way forward for a future MRT.
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Abstract

Background: Behavior change apps can develop iteratively, where the app evolves into a complex, dynamic, or personalized
intervention through cycles of research, development, and implementation. Understanding how existing users engage with an
app (eg, frequency, amount, depth, and duration of use) can help guide further incremental improvements. We aim to explore
how simple visualizations can provide a good understanding of temporal patterns of engagement, as usage data are often longitudinal
and rich.

Objective: This study aims to visualize behavioral engagement with Drink Less, a behavior change app to help reduce hazardous
and harmful alcohol consumption in the general adult population of the United Kingdom.

Methods: We explored behavioral engagement among 19,233 existing users of Drink Less. Users were included in the sample
if they were from the United Kingdom; were 18 years or older; were interested in reducing their alcohol consumption; had a
baseline Alcohol Use Disorders Identification Test score of 8 or above, indicative of excessive drinking; and had downloaded
the app between May 17, 2017, and January 22, 2019 (615 days). Measures of when sessions begin, length of sessions, time to
disengagement, and patterns of use were visualized with heat maps, timeline plots, k-modes clustering analyses, and Kaplan-Meier
plots.

Results: The daily 11 AM notification is strongly associated with a change in engagement in the following hour; reduction in
behavioral engagement over time, with 50.00% (9617/19,233) of users disengaging (defined as no use for 7 or more consecutive
days) 22 days after download; identification of 3 distinct trajectories of use, namely engagers (4651/19,233, 24.18% of users),
slow disengagers (3679/19,233, 19.13% of users), and fast disengagers (10,903/19,233, 56.68% of users); and limited depth of
engagement with 85.076% (7,095,348/8,340,005) of screen views occurring within the Self-monitoring and Feedback module.
In addition, a peak of both frequency and amount of time spent per session was observed in the evenings.

Conclusions: Visualizations play an important role in understanding engagement with behavior change apps. Here, we discuss
how simple visualizations helped identify important patterns of engagement with Drink Less. Our visualizations of behavioral
engagement suggest that the daily notification substantially impacts engagement. Furthermore, the visualizations suggest that a
fixed notification policy can be effective for maintaining engagement for some users but ineffective for others. We conclude that
optimizing the notification policy to target both effectiveness and engagement is a worthwhile investment. Our future goal is to
both understand the causal effect of the notification on engagement and further optimize the notification policy within Drink Less
by tailoring to contextual circumstances of individuals over time. Such tailoring will be informed from the findings of our
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micro-randomized trial (MRT), and these visualizations were useful in both gaining a better understanding of engagement and
designing the MRT.

(J Med Internet Res 2020;22(12):e23369) doi: 10.2196/23369

KEYWORDS

mobile health; behavior change; apps; digital health; data visualizations; engagement; micro-randomized trial; push notifications;
just-in-time adaptive interventions

Introduction

Background
Maintaining alcohol consumption within recommended guidance
is widely known to reduce one’s risk of illness or injuries. Such
guidance includes the recommendations of the Chief Medical
Officer of the United Kingdom to limit alcohol consumption to
14 units a week and to have frequent alcohol-free days [1].
However, anyone in the general adult population who wants to
reduce their hazardous or harmful alcohol consumption may
face certain challenges to follow such guidance [2]. Challenges
include the ease of access to alcohol and alcohol being an
addictive substance. This can lead to individuals developing
chronic or cyclical patterns of excessive drinking, with the
personal behaviors of drinking influenced by internal or external
factors [3-5]. Internal factors refer to feeling states or events in
an individual’s recent drinking history, such as previous drinking
episodes, moods, motives, or cravings that may modify future
patterns of drinking [6]. External factors are influential events
that occur independently of an individual’s drinking history;
for example, how the risk of hazardous drinking of the general
population increases during holiday periods or weekends [7,8].

Behavior change apps, sensors, and wearables offer a way of
reducing hazardous alcohol consumption through real-time data
capture and interventions [9-12]. Benefits of behavior change
apps, that can be synchronized with sensors and wearables,
include capturing an individual’s dynamic history of alcohol
consumption and state of mind while providing around the clock
access to support, particularly in moments when an individual’s
vulnerability to hazardous drinking may increase [13].

However, a key challenge for the majority of behavior change
apps is that levels of engagement remain low [14-16].
Engagement, often a mediator of effectiveness [14], is
considered a multifaceted construct composed of behavioral
and experiential aspects [17]. Usage data from a behavior change
app provides an understanding of behavioral engagement
(hereafter referred to as engagement) with the app [18]. Multiple
indicators of engagement are thought to convey important
information about how users interact with a given intervention,
including the frequency (eg, number of log-ins), depth (eg,
proportion of available modules accessed), amount (eg, time
spent per log-in), and duration (eg, total number of days) of use
[19].

Drink Less is a behavior change app that aims to help its users
reduce hazardous and harmful alcohol consumption. The app
was developed following the multiphase optimization strategy
framework (comprising a preparation phase, an optimization
phase, and an evaluation phase) [20-23] and the UK Medical

Research Council’s guidance on developing complex
interventions [24-26]. The app includes 6 different theory and
evidence-informed modules: normative feedback, goal setting,
cognitive bias training, self-monitoring and feedback, action
planning, and identity change. These modules are described in
detail by Garnett et al [27]. The app sends a local daily push
notification at 11 AM that asks users to “Please complete your
drink diaries,” to encourage self-monitoring of drinking
behavior. The default 11 AM timepoint was set so as not to
disturb late risers and to allow participants time to complete
their morning routine; however, the notification timing could
be changed by the user.

Owing to the agile nature of app development, optimization of
engagement can be done through cycles of research and
implementation [28]. Identifying important patterns of
engagement for such optimization purposes presents various
analytical challenges that visualizations can address.
Visualizations have previously been helpful for analyzing a
wide variety of rich data streams within public health research
[29-33]. Simple visualizations, especially when complemented
with clear textual descriptions, are generally recommended for
identifying and comparing trends [32]. In previous digital health
research, visualizations have delivered at a glance insight from
mass volume and time-varying data, including more
sophisticated displays of spatiotemporal, contextual, and
event-centric outcomes [34-38]. Importantly, visualizations can
provide insights into optimization that include (1) patterns of
use that may boost or hinder behavior change, (2) a better
understanding of temporal engagement with various components
of the intervention, and (3) pathways toward personalization of
the intervention.

Objectives
The aim of this paper is to explore the usefulness of simple
visualizations in uncovering important temporal patterns of
engagement and facilitating decision making for further
intervention development. This study presents 2 key
contributions to improving engagement with Drink Less. The
first contribution, provided in the Results section, is to showcase
a number of visualizations that helped us understand temporal
patterns of engagement with Drink Less. The second
contribution, provided in the Discussion section, explains how
insights obtained from these visualizations informed the next
stages of intervention optimization.

Methods

Data Transformation
Each visualization involved transformation of the data. Original
usage data involved merging, by an anonymous user ID, a data
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set of baseline characteristics (age, sex, employment type, and
Alcohol Use Disorders Identification Test [AUDIT] score) to
a data set of time stamps of start time of use, screen views, and
length (in microseconds) of use. Along with use, the actions of
entering an alcohol-free day or recording units of alcohol
consumed were measured.

Data
Data set 1 included 19,233 users who downloaded Drink Less
between May 17, 2017, and January 22, 2019 (615 days). The
inclusion criteria for users included having a baseline AUDIT
score of 8 or above, which is indicative of excessive drinking
[39]; being from the United Kingdom; being aged 18 years or
above; being interested in reducing their alcohol consumption;
using app versions 1.0.11 to 1.0.16; and having consented to
the Privacy Notice (Multimedia Appendix 1). Screen views data
are recorded automatically and downloaded via Panda scripts
from Nodechef (a web-based platform for hosting mobile apps)
using a secure https protocol. Sessions were derived from screen
views using the Pandas script.

Users who downloaded the app on August 21, 2018 (n=5830),
were excluded as an article on BBC News was published on
this date, which endorsed the app (Garnett et al, unpublished
data, 2020); thus, these users were likely to have different
characteristics and engagement behavior.

Data set 2 included time stamps of 829,001 sessions and
8,169,005 screen views of the 19,233 users in data set 1. This
includes 122,332 entries of alcohol-free days and 123,704 entries
of alcohol drinks consumed. All use was recorded from May
17, 2017, to April 16, 2019 (699 days). As such, users had a
minimum of 84 days of use measured.

To explore various engagement aspects, we developed sets of
data from data sets 1 and 2 with varying engagement measures.

Set A
All use was measured from May 17, 2017, to January 22, 2019
(615 days), including date of download and time stamps of all
use. This period was chosen as it reflects a time in which the
content of the app was relatively stable.

Set B
Set B included all users whose use was measured in Set A, with
data only over the first 30 days from download, with the measure
“Did use occur on this day?” (binary, yes or no) for each user.

Measures

Log-in Sessions and Frequency of Log-Ins
A session was defined as a continuous series of screen views,
with a new session defined as a new screen view after 30 min
of inactivity [40]. Clearing or swiping away the daily notification

did not register as use and was not considered as either a session
or a module view. All time stamps were appropriately adjusted
from Coordinated Universal Time to British Summer Time.
The amount of use per log-in session was operationalized as
time spent (in seconds) per session. Daily use was captured by
the measure “Did use occur on this day?” (binary, yes or no)
for each user for 30 days (Set B).

Drinking Diary Entry
In the self-monitoring and feedback module, users enter an
alcohol-free day and the date of its occurrence, the number of
alcoholic units consumed, and the date of consumption. The
time stamps in which records were made was measured.

Disengagement
We defined disengagement as the first day of 7 or more
consecutive days of no use after download [41]. The days
between download and disengagement were derived for each
user. Users who did not disengage after downloading the app
were censored.

Data Visualization Methods and Analytical Techniques
We used heat maps, timeline plots, k-modes clustering,
generalized estimation equations, and Kaplan-Meier plots to
explore and visualize patterns of engagement with Drink Less.
Analyses were carried out in R [42] and Stata [43]. We used
the following R library packages to create the visualizations:
ggplot2 for heat maps and timeline plots [44], rayshader to
create the 3D animations [45], viridis for color palettes sensitive
to readers with color blindness [46], Klar to perform the k-modes
clustering [47], survminer for the Kaplan-Meier survival curves
and number at risk table [48], gganimate to create animated
plots of use over time [49], and patchwork to place graphs side
by side [50]. The data visualization methods, data set and
engagement measures are shown in Textbox 1.

K-modes clustering is an extension of the k-means algorithm
for partitioning categorical data, which uses a general
dissimilarity measure [51,52]. Within each cluster, we visualized
the probability of opening the app during the day over time with
95% CI. The appropriate number of clusters was explored
through the elbow method and silhouette method [53]. The
elbow method explains the variance of the data in relation to
the number of clusters and shows by how much the addition of
another cluster would reduce the dissimilarity measure. The
silhouette method shows how well each user fits into their
respective cluster through 2 distance measures: separation (ie,
the average distance to the closest other cluster) and
compactness (ie, the average within-cluster distance) [54,55].
Kaplan-Meier plots show the estimated cumulative proportion
of users engaged and the time scale is days after download
[56,57].
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Textbox 1. Data visualization methods, data, and engagement measures.

Set A:

• Heat maps: Total count of sessions and total amount of time spent on Drink Less, by hour and day of the week

• Timeline plots: Frequency and median amount of time per session

• Kaplan-Meier plots: Time to disengagement (defined as days after download followed by 7 or more consecutive days of nonuse)

Set B:

• K-modes clustering: Was the app used or not each day, over 30 days after download

To explore the association between the delivery of the
notification and subsequent near-term engagement of opening
the app (ie, engagement in the hour after the notification is
delivered), we compared opening the app (yes or no) between
the exposed time period (11 AM to noon) and an unexposed
time period (10 AM to 11 AM). We estimated the association
between exposure to the notification and opening of the app,
which was quantified using a risk ratio. We fitted a marginal
model for the outcome of opening the app by using a generalized
estimating equation [58] with robust standard errors and an
independent working correlation matrix. We fitted an unadjusted
model and a model adjusted for the baseline covariates of the
continuous variables age, days after download and baseline
AUDIT score, which were all included as linear terms, and the
categorical variables employment type and gender. Further
models explored effect moderation by adding an interaction
between exposure to the notification and (1) days after download
and (2) cluster (as identified by the k-modes analysis). In the

final model, we additionally allowed the association between
cluster and exposure to the notification to vary linearly by day
after download. Estimated risk ratios with 95% CIs and Wald
test P values are presented. For models with interaction terms,
we present risk ratios for exposure to the notification estimated
at days 1, 7, and 30 after download, estimated separately for
each cluster.

Results

Overview
The user characteristics are reported in Table 1. Approximately
half (49.5%) of the sample were male. The mean age of users
was 44 (SD 11.2) years, and the majority worked in nonmanual
employment (71.7%). Just under half (46.6%) had a baseline
AUDIT score indicating hazardous alcohol consumption (8 to
15, inclusive).

Table 1. User characteristics (N=19,233).

ParticipantsUser characteristics

Sex, n (%)

9540 (49.60)Male

44 (11.2)Age (years), mean (SD)

Employment type, n (%)

13,792 (71.71)Nonmanual employment

AUDITa risk zone, n (%)

8958 (46.58)Hazardous (8-15)

3949 (20.53)Harmful (16-19)

6326 (32.89)At risk of alcohol dependence (20-40)

aAUDIT: Alcohol Use Disorders Identification Test.

Summative tables of use (screen views and time on app) by
module are provided in Multimedia Appendix 2. It was observed
that 85% of screen views occurred in the module
Self-Monitoring and Feedback. The number of users who
reported at least one alcohol-free day or at least one alcohol
drink record was 61.86% (11,898/19,233) and 49.11%
(9445/19,233), respectively. Over the first 30 days of use after
download (derived for Set B data), the median number of
sessions per user was 9, with an IQR of 2 to 28 sessions, and
the median time spent per user was 24 min, with an IQR of 9
to 55 min.

Visualizations

Patterns of Frequency of Use, Length of Use, Entries of
Alcohol-Free Days, and Alcohol Units Consumed
In Figure 1, both heat maps show days of the week along the
x-axis and hour of the day along the y-axis. Plot A in Figure 1
shows the frequency of opening the app by hour of the day and
day of the week. This shows that there is a strong association
between delivery of the notification and opening of the app in
the following hour, and this is consistent throughout the week.
Plot B in Figure 1 shows the amount of use by hour of the day
and day of the week. This shows that the notification is also
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associated with the distribution of the total time spent on the
app. In plot B, hotspots are observed across the evenings and
on Saturday, Sunday, and Monday mornings, which are not
evident in plot A. A heat map of when Drink Less was
downloaded (Multimedia Appendix 3) shows hotspots of
downloads on Sunday and Monday evenings. Rotating 3D heat
map films of Figure 1, which show the variations more clearly,
are provided in Multimedia Appendices 4 and 5.

In Figure 2, plot C shows the median time spent on the app
along the y-axis and plot D shows the total number of sessions

starting in the hour along the y-axis. Timeline plots show the
hour of the day on the x-axis. Plot D shows that the frequency
of sessions sharply peaks in the hour after the notification is
sent at 11 AM. A second natural peak of frequency occurred in
the evenings and a third smaller peak in the mornings. Plot C
shows that the median length of time drastically dropped from
11 AM onward, with a slow and steady recovery as the day
progressed. An animation of plot D over time is provided in
Multimedia Appendix 6, showing that the shape of the
distribution over 30 days remains consistent.

Figure 1. Heat maps of total frequency of use (sessions) and total time on app (hours).

Figure 2. Median time spent on the Drink Less app per session and frequency distribution of sessions.
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In Figure 3, plot E shows the frequency distribution of entering
an alcohol-free day and plot F shows the frequency of entering
a drink record. Timeline plots show the hour of the day on the
x-axis. There are more alcohol-free days entered between 11
AM to 12 PM than drink records made, which suggests that the

notification is more strongly associated with entering
alcohol-free days than entering alcohol units consumed. Both
outcomes see similar prominent, natural peaks in the evenings,
with an additional smaller peak in the mornings.

Figure 3. Frequency distributions of when alcohol-free days and alcohol units are recorded during the day.

Visualization of Engagement Clusters
A total of 3 clusters emerged from the k-modes clustering. This
was based on the measure did the user open the app? (binary,
yes or no) for the first 30 days after download.

Figure 4 plots the probability of use of the app, stratified by
cluster, over time (number of days after download). The 3
ribbons represent the probability of use of the app for each
engagement cluster, with 95% CI. On the basis of the observed
pattern of engagement, we named the 3 clusters as fast
disengagers (10,903/19,233, 56.68%), slow disengagers
(3679/19,233, 19.12%), and engagers (4651/19,233, 24.18%).
The optimal number of clusters was determined by the elbow

method and silhouette method (Multimedia Appendix 7). The
silhouette method suggested that the optimal number of clusters
was 2, whereas the elbow method suggested 3 clusters.
Comparing the results under 2 and 3 clusters showed that the
slow disengagers and engagers groups identified under 3 clusters
were essentially a subdivision of 1 cluster in the 2-cluster model.
We chose to retain 3 clusters based on observed differences in
the trajectory of engagement over time between the 2
groups—the engagers and slow disengagers.

The probability of using the app 30 days after download for
engagers was 0.69 (95% CI 0.67-0.70), slow disengagers was
0.10 (95% CI 0.10-0.11), and fast disengagers was 0.01 (95%
CI 0.01-0.02).

J Med Internet Res 2020 | vol. 22 | iss. 12 | e23369 | p. 6http://www.jmir.org/2020/12/e23369/
(page number not for citation purposes)

Bell et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

127



Figure 4. Probability of use on day after download by cluster group with 95% CIs.

Table 2 shows the distribution of user characteristics across the
engagement clusters. The median number of sessions was lowest
for the fast disengagers and much higher for the engagers.
Engagers are, on average, more likely to be older, male, working

in nonmanual employment, and more likely to report a lower
AUDIT risk zone, compared with users within the fast
disengagers and slow disengagers clusters.

Table 2. User characteristics by cluster group.

Engagers (n=4651)Slow disengagers (n=3679)Fast disengagers (n=10,903)User characteristics

2629 (56.53)1920 (52.49)4991 (45.78)Male, n (%)

45.4 (10.57)43.2 (10.91)43.7 (11.57)Age (years), mean (SD)

3566 (76.67)2659 (72.28)7567 (69.40)Employment type (nonmanual), n (%)

AUDITa risk zone, n (%)

2365 (50.85)1577 (42.86)5016 (46.01)Hazardous (8-15)

996 (21.41)798 (21.69)2155 (19.77)Harmful (16-19)

1290 (27.74)1304 (35.44)3732 (34.23)At risk of alcohol dependence (20+)

88 (51-175)18 (12-28)3 (1-6)Number of sessions per user, median (25th-75th percentile)

aAUDIT: Alcohol Use Disorders Identification Test.

Table 3 provides the estimated associations between exposure
to the notification and app use, based on Set B data. Over the
first 30 days after day of download, the probability of using the
app in the hour after the delivery of the notification was
approximately 4 times higher than the probability of using the
app in the hour before. All models of the estimated associations
between exposure to the notification and app use are adjusted
for the continuous variables of age, days after download,
baseline AUDIT score, and the categorical variables of
employment type and sex. The cluster-specific effects included
an effect moderation of the exposure to the notification by

cluster group, and the days after download effects included an
effect moderation of the exposure by days after download. The
adjusted estimated risk ratio was 4.21 (95% CI 4.07-4.36), and
the estimated risk ratio was higher among engagers (Wald test
P value: fast disengagers vs engagers P=.001 slow disengagers
vs engagers P<.001, slow disengagers vs fast disengagers
P=.44).

Table 4 shows the estimated association between exposure to
the notification and opening of the app in the 3 clusters at 3
different time points (days 1, 7, and 30).
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Table 3. Estimated associations between exposure to the notification and app use.

Exposure to notification, estimated relative risk ratio (95% CI)Model

4.22 (4.13-4.31)Unadjusted model

4.21 (4.07-4.36)Adjusted modela

Days after downloadb

3.93 (3.77-4.10)Day 1

4.07 (3.93-4.22)Day 7

4.67 (4.38-4.98)Day 30

Clusterc

3.97 (3.70-4.25)Fast disengagers

3.82 (3.60-4.03)Slow disengagers

4.38 (4.18-4.59)Engagers

aAdjusted for days after download, employment type, sex, age, and baseline Alcohol Use Disorders Identification Test (AUDIT) score.
bEstimated from the model including the interaction effect of exposure to the notification by days after download, adjusted for employment type, sex,
age, and baseline AUDIT score.
cEstimated from the model including the interaction effect of exposure to the notification by cluster, adjusted for days after download, employment
type, sex, age, and baseline AUDIT score.

Table 4. Estimated risk ratio with 95% CI for the associations between exposure to the notification and app use within each cluster, at 3 time points
(days 1, 7, and 30).

Risk ratio at day 30 (95% CIa)Risk ratio at day 7 (95% CIa)Risk ratio at day 1 (95% CIa)Clusters

4.58 (3.86-5.43)3.83 (3.57-4.11)3.66 (3.33-4.02)Fast disengagers

2.89 (2.43-3.43)3.87 (3.64-4.12)4.18 (3.85-4.54)Slow disengagers

4.90 (4.56-5.26)4.22 (4.01-4.43)4.05 (3.82-4.30)Engagers

aInteraction effect of exposure to the notification and days after download, an interaction effect of exposure to the notification and cluster, and a three-way
interaction effect of exposure to the notification, cluster, and days after download, adjusted for employment type, sex, age, and baseline Alcohol Use
Disorders Identification Test score.

Visualization of Time to Disengagement
Kaplan-Meier plots, both overall and stratified by clusters, were
plotted to show days to disengagement, defined as 7 or more
consecutive days of no use, for the first 365 days after
downloading Drink Less.

In Figures 5 and 6, the x-axis depicts the number of days after
download, ranging from 0 to 365, and the y-axis depicts the
survival probability, which is the proportion of users who have
not disengaged. The dashed lines at the 0.5 survival probability

mark shows the time (days) up to when 50%of each cluster has
disengaged. Each hash in the plot represents a right-censored
user. The number at risk represents the users in the clusters who
remain engaged over the year. In Figure 5, we see that 50.00%
(9617/19,233) of users have disengaged at 22 days from
download, and Figure 6 shows the divergence of longer-term
engagement between clusters. The median number of days to
disengagement for engagers was 132 days (95% CI 128-137),
slow disengagers was 26 days (95% CI 24-29), and fast
disengagers was 3 days (95% CI 2-3).
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Figure 5. Time to disengagement (defined as the first day of 7 or more consecutive days of no use) for all users.
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Figure 6. Time to disengagement (defined as the first day of 7 or more consecutive days of no use) by the engagement cluster.

Discussion

Principal Findings
Visualizations provided important insights into how users
engage with the behavior change app Drink Less. They revealed
a strong association between delivery of the daily push
notification (sent at 11 AM) and use in the next hour, suggesting
that the push notification strongly influences how users engage
with Drink Less in the immediate hour after the notification is
sent. Push notifications (sometimes known as ecological
momentary interventions) are programmed messages sent to a
user by the app and are commonly employed within behavior
change apps to both monitor and provide support to people at
risk of harmful alcohol consumption [3,10,59]. Push
notifications are a time-varying component of Drink Less that
can be further optimized to become just-in-time adaptive
interventions that rely on decision rules in the provision of
real-time support and can learn and adapt to the contextual and
psychological circumstances of individuals over time [59].
Previous research has found that notifications are important
components that influence engagement with behavior change
apps [60-62]. This includes an ecological momentary assessment

study with Drink Less, which found that establishing a daily
routine is important for maintaining engagement and that the
daily push notification supports such routines [63]. This study
also found that time-varying, endogenous factors of motivation
and perceived usefulness of the app were the most consistent
predictors of engagement.

Our analysis suggested an approximate adjusted four-fold
increase in the probability of using the app in the immediate
hour following the notification (11 AM to noon) compared with
the preceding hour (10 AM to 11 AM). For the 1 in 5 users
belonging to the slow disengagers group, two interesting
findings emerged. Firstly, the association between the
notification and opening Drink Less in the subsequent hour
decreased over time, and secondly, patterns of engagement for
this group show, on average, a high probability of use over the
first week but low probability after the second week. A possible
reason for this decline in probability of use and association of
the notification and use could be habituation to the daily
notification, or turning the notification off. Importantly, we
hypothesize that optimizing the notification policy may generate
higher rates of engagement for this group.
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Future Research to Understand and Optimize the
Notification Policy
To carefully create decision rules for the policy to evolve from
an ecological momentary intervention to a just-in-time adaptive
intervention, we will undertake a micro-randomized trial (MRT).
The aim of the MRT is to further develop the push notification
policy to improve engagement by targeting internal or external
contextual circumstances that either influence excessive drinking
(states of vulnerability) or events of engagement with the app
(states of acceptability and opportunity) [64]. Visualization of
engagement data helped inform the design of our MRT.

Table 5 summarizes how the visualizations from this exploratory
research informed the design of our forthcoming MRT.

Primarily, this research guided our decision to shift the delivery
time from 11 AM to 8 PM to exploit the potential increase in

vulnerability to excess drinking, in an opportune and acceptable
moment to engage with Drink Less [64]. To avoid the risk of
an underpowered MRT, the expected effect size used in the
sample size calculation of our MRT is based on a more
conservative model, with the control defined as use between 9
AM and 11 AM and the treatment defined as use between 11
AM and 1 PM. This means that the MRT is powered to detect
a marginal effect, quantified as a risk ratio, of sending a
notification (compared with sending no notification) of 2.16 on
user engagement rather than 4.22. We added 2 parallel arms to
the MRT to provide an assessment of how engagement with
Drink Less evolves over time when no notifications are provided
and an exchangeable sample to compare the current policy of
delivering a fixed notification daily, to a random notification
policy, varying the content and sequence of notifications.

Table 5. Linking visualization to the design of a micro-randomized trial.

How this informed the design of our randomized
trial

Which visualization or analyses showed us thisWhat we learnt from these analyses

We chose to undertake a micro-randomized trial to
both understand the causal effect of the notification
on engagement, and to further optimize the delivery
of notifications with respect to time-varying covari-
ates, notifications, and outcomes

The present notification appears to be a key
driver of engagement

• Figure 1, plot A: heat map of total sessions.
• Figure 1, plot B: heat map of total time on app

(hours)
• Table 4: estimated risk ratio with 95% CI for

the associations between exposure to the noti-
fication and app use within each cluster, at 3
time points (days 1, 7, and 30)

We set the time window to measure the proximal
(ie, near-term) effect as 1 hour after delivery

Figure 1, plot A: heat map of total sessionsThe impact of the notification seems to be
strongest in the hour preceding delivery

We moved the delivery time of the notification to
8 PM

Figure 1, plot B: heat map of total time on app
(hours)

Evenings seem to be an opportune and ac-
ceptable moment to engage with Drink Less.
It is also a time of increased vulnerability
to excess drinking

We intervened in the evenings to see if this is a
more acceptable and opportune time to report drinks
consumed

Figure 3: frequency distributions of when alcohol-
free days and alcohol units are recorded

The notification may encourage the report-
ing of alcohol-free days more than drink
consumed. This may be due to competing
pressures for time at 11 AM

We included a no-notification arm in our trial to
capture a momentary assessment of engagement
when no notifications are sent

Figure 2: line plot of median time spent on app
(seconds)

The notification may reduce the median
time per session during the reminder of the
day

We trialed new notifications which target the per-
ceived usefulness of Drink Less to encourage
broader engagement

Multimedia Appendix 2: summaries of use by
module for all users

The depth of engagement with Drink Less
is low

We tested 30 new messages to increase novelty and
motivation to remain engaged with Drink Less
(Multimedia Appendix 8)

Figure 4: probability of use on day after download
by cluster group

Slow disengagers (3679/19,233, 19.13%)
have a high probability of engagement dur-
ing the first week, but by day 30, this group
has a low probability, suggesting a loss of
motivation

We included a standard app version arm in the trial,
to provide an exchangeable sample to compare the
fixed and random notification policies

Figure 6: time to disengagement (defined as the
first day of 7 or more consecutive days of no use)
by the engagement cluster

Exogenous impacts, such as public health
campaigns, are likely to influence the cohort
of users over time

Limitations
This paper details exploratory research. Our estimates of the
association between the notification and opening Drink Less do
not represent a causal effect on engagement, as we are unable
to account for systematic differences in use between the 2
periods that are unrelated to the notification. A randomized trial

will allow for the causal effect of the notification to be
understood. We also found that simple, accessible visualizations
achieved our goal of understanding important patterns of
engagement; however, when managing denser streams of data,
more complex visualizations may be required.
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An additional limitation is that disengagement is defined as a
period of no use for 7 or more consecutive days and is
considered as a one-time event instead of a repeated event;
hence, the Kaplan-Meier plots are interpreted for the survival
event disengagement for the first time. However, a proportion
of users repeatedly disengage and then re-engage with Drink
Less. It is not uncommon that even after disengaging a number
of times, users re-engage for long, continuous spells of use with
Drink Less. We aim to explore this in future research by
visualizing the nature of repeated reengagement with accessible
graphical applications and available shared toolsets [34]. An
additional limitation is that we did not track whether users
subsequently turned off or altered the delivery time of their
notifications.

Conclusions
Identifying patterns of engagement from voluminous, temporally
dense data presents various challenges for researchers and
practitioners. The summarization of such data with heat maps,
timeline plots, and Kaplan-Meier plots can provide a clear
picture of daily, weekly, and long-term patterns of use over time
with a behavior change app. Optimizing engagement is a priority

for many behavior change apps, and these visualizations provide
a way to identify the key features of how this version of a
behavior change app is engaged with.

For Drink Less, we have demonstrated the important role of
visualizations by showing how these clearly identified how
behavioral engagement varies over the day of the week and hour
of the day, along with when users first disengage. The
visualizations revealed that the daily notification is likely to
strongly influence engagement with Drink Less. Both the
average probability of use over 30 days and the association
between use and the notification remained high for users in the
engagers cluster yet steadily declined over time for users in the
slow disengagers cluster. This suggests that a fixed notification
policy can be effective for maintaining engagement for some
users but ineffective for others. It is now our priority to
understand the causal effect of the notification on engagement
and to consider further optimizing the push notification policy
to contextual circumstances of individuals over time to inform
the development of a just-in-time adaptive intervention. The
MRT aims to inform the development of decision rules to tailor
the notification policy to individuals over time, with details
found in our protocol [65].
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7.1 Supplementary methods

In this supplementary methods section, I describe the details of the K-

means [137] and K-modes [101] clustering methodology in this Chapter. This

method led me to undercover different trajectories of behavioural engagement

with Drink Less over the first 30 days since download.

7.1.1 Method description of clustering analysis

The objectives of longitudinal data analysis can be considered as either ex-

ploratory or confirmatory [67]. Exploratory analysis generally aims to gen-

erate hypotheses by uncovering trends or interesting patterns, commonly

through visualisations of the data, whereas confirmatory analysis generally

aims to make a statement from the data, by weighing up the evidence in

regards to a prespecified established hypothesis.

Statistical learning can be thought of as two broad types of methods: super-

vised learning and unsupervised learning. Supervised learning may approach

a data set n units with p covariates X1, X2, ...., Xp and a response variable

Y , with a common goal to predict Y using X1, X2, ...., Xp [108]. With unsu-

pervised learning, we do not have the Y predictor variable, and the goal is

often to uncover interesting patterns in the data.

Clustering refers to a broad set of methods within unsupervised learning and

is primarily used to discover unknown subgroups within the data and gener-

138



ally performed as part of an exploratory data analysis plan [108]. Clustering

can be thought of as method to partition data points such that intra-cluster

distances are small compared to the distances between the points that belong

to other clusters. The most widely known clustering algorithm is thought to

be the unsupervised k-means clustering algorithm [27].

The general goal is to define clusters which minimise the within-cluster vari-

ance, and this helps identify heterogeneous sub-groups. K-means clustering is

a non-probabilistic, hard-assignment partition-based algorithm which works

well with high volume data in a multidimensional space [26]. The terms non-

probabilistic technique and hard assignment mean that every data point is

assigned to one and only one cluster in each iterative assignment.

The process is initialised with randomly selecting centriods (centers), cycling

through a two successive steps of optimisation, iteratively updating the pro-

cess until convergence. The two stages correspond to the expectation and

maximization of the EM algorithm [26], which uses two steps, the E step and

the M step [144].

K-means clustering belongs under the family of mixture models and gives a

hard assignment to each data point. The process is a type of non-probablistic

limit applied to the Expectation-Maximisation algorithm to find the maxi-

mum likelihood estimators in latent variable models [26]. Softer methods can

be used to introduce a probabilistic approach, which reflects uncertainty over

the various assignments of data points to clusters. Such a softer approach
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includes fuzzy partitioning, which allows users to belong to more than one

group [89].

Clustering falls into a group of probabilistic models known as Gaussian mix-

ture distributions [26]. Superpositions of more than one Gaussian distribu-

tion may give a better characterisation of a data set than one distribution

alone. Each Gaussian density, called a component of the mixture, has its

own mean and covariance in a mixture model.

Below are the steps of how the K-means clustering algorithm proceeds [101,

26].

7.1.2 Notation

Let the goal be to cluster a data set of x1, ....., xN points, consisting of N

observations of a D-dimensional Euclidean variable x. The analyst aims to

partition the data set into a number of K clusters, where K is pre-specified

parameter determined by the analyst.

The K-means algorithm is an iterative process which assigns each data point

xn to a cluster K. For each data point xn, we set a binary indicator variable

rnk ∈ {0, 1} where k = 1, ..., K. This tells us which cluster the data point

xn is assigned to. Each K cluster has a summary statistic µk ( also known

as a prototype vector in computer science [26]) calculated from this. We can

think of µk as the centre of the associated kth cluster.
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The distortion measure J is the objective function, and recall that our overall

goal is to minimise J such that the distances between data points in the same

cluster are smaller than the distances between data points that are not in

the same cluster.

This sets up the overall goal to minimise the squares of the distances of each

data point x, to its closest vector of µk.

The distortion measure J is then defined as an objective function to be

minimised.

J =
N∑

n=1

K∑
k=1

rnk∥xn − µk∥2 (7.1)

The K means algorithm proceeds as follows [26]:

1. Initial values for µk are chosen.

2. The first Expectation (E step) is to minimise J with respect to rnk

with µk fixed. This is essentially assigning the nth data point to the

nearest centre. This can be expressed as

rnk =


1 if k= arg minj∥xn − µj∥2

0 otherwise
(7.2)

3. The next step is to optimise µk with the values of rnk fixed. This is

the Maximisation (M step). Recall equation (7.1), which shows the
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objective function J is a quadratic function of µk. The derivative of J

with respect to µk which is set to zero, that is

2
N∑

n=1
rnk(xn − µk) = 0 (7.3)

which solves as

µk =
∑

n rnkxn∑
n rnk

(7.4)

4. The EM iterative cycle is repeated until convergence, where conver-

gence means re-allocating data points to a cluster k and re-calculating

the cluster means until there is no further change. Each iteration re-

duces J the distortion measure until it is minimised.

7.1.3 The K-modes clustering algorithm

As stated above, the K-means clustering algorithm uses the distortion mea-

sure J , which is the sum of the squared difference between the cluster mean

and the data point. When this data is numerical, this is the Euclidean dis-

tance measure, and this prohibits the application of K-means to categorical

data. When the data is categorical [101], estimating the mean to measure

the intra-distance between points is inappropriate.

K-modes is an extension to K-means [101, 102], which uses both the E and M

steps. Three modifications to the K-means clustering algorithm resolve the

problem that K-means can not cluster categorical data-points. The three
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modifications are (i) use a matching dissimilarity measure for categorical

objects, (ii) replace the centriods summary statistic of the mean with the

mode, and (iii) use a frequency-based method to find the modes [101, 102].

This means that the distortion measure J is optimised to reduce the number

of disagreements between the data points in the cluster and the mode.

7.2 Conclusion

The use of unsupervised statistical learning with the K-modes algorithm,

applied to the Drink Less cohort data, provided me with a great insight into

how the notification policy works for different people. This suggested there

was a heterogeneous nature to responding to the notification policy both

between users and also within users over time. From this insight, I con-

cluded that optimising the notification policy was a worthwhile investment

to improve engagement with Drink Less.

In the next section, I detail the protocol of the MRT as well as give further

details of the methods of estimation for the primary objective, that is the

Estimator for the Marginal Excursion Effect (EMEE).
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Chapter 8

Paper Two. Notifications to

Improve Engagement with an

Alcohol Reduction App:

Protocol for a

Micro-Randomized Trial

As discussed in the previous paper Engagement With a Behavior Change App

for Alcohol Reduction: Data Visualization for Longitudinal Observational

Study, the exploratory analysis of engagement data with simple and accessible

visualisations provided insight to how the fixed notification policy might be
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impacting engagement with Drink Less. I concluded that understanding

the causal effect of the notification on near-term engagement, as well as

considering the further optimisation of the notification policy to contextual

circumstances over time, was a worthwhile investment.

In this Chapter, I now detail the protocol for the Micro-Randomised Trial

(MRT) to achieve these next steps: understanding the near-term causal effect

and considering the tailoring to individual contextual circumstances over

time.
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Abstract

Background: Drink Less is a behavior change app that aims to help users in the general adult population reduce hazardous and
harmful alcohol consumption. The app includes a daily push notification, delivered at 11 am, asking users to “Please complete
your mood and drinking diaries.” Previous analysis of Drink Less engagement data suggests the current notification strongly
influences how users engage with the app in the subsequent hour. To exploit a potential increase of vulnerability of excess drinking
and opportunity to engage with the app in the evenings, we changed the delivery time from 11 am to 8 pm. We now aim to further
optimise the content and sequence of notifications, testing 30 new evidence-informed notifications targeting the user’s perceived
usefulness of the app.

Objective: The primary objective is to assess whether sending a notification at 8 pm increases behavioral engagement (opening
the app) in the subsequent hour. Secondary objectives include comparing the effect of the new bank of messages with the standard
message and effect moderation over time. We also aim to more generally understand the role notifications have on the overall
duration, depth, and frequency of engagement with Drink Less over the first 30 days after download.

Methods: This is a protocol for a micro-randomized trial with two additional parallel arms. Inclusion criteria are Drink Less
users who (1) consent to participate in the trial; (2) self-report a baseline Alcohol Use Disorders Identification Test score of 8 or
above; (3) reside in the United Kingdom; (4) age ≥18 years and; (5) report interest in drinking less alcohol. In the micro-randomized
trial, participants will be randomized daily at 8 pm to receive no notification, a notification with text from the new message bank,
or the standard message. The primary outcome is the time-varying, binary outcome of “Did the user open the app in the hour
from 8 pm to 9 pm?”. The primary analysis will estimate the marginal relative risk for the notifications using an estimator
developed for micro-randomized trials with binary outcomes. Participants randomized to the parallel arms will receive no
notifications (Secondary Arm A), or the standard notification delivered daily at 11 am (Secondary Arm B) over 30 days, allowing
the comparison of overall engagement between different notification delivery strategies.

Results: Approval was granted by the University College of London’s Departmental Research Ethics Committee (CEHP/2016/556)
on October 11, 2019, and The London School of Hygiene and Tropical Medicine Interventions Research Ethics Committee
(17929) on November 27, 2019. Recruitment began on January 2, 2020, and is ongoing.

Conclusions: Understanding how push notifications may impact engagement with a behavior change app can lead to further
improvements in engagement, and ultimately help users reduce their alcohol consumption. This understanding may also be
generalizable to other apps that target a variety of behavior changes.

International Registered Report Identifier (IRRID): DERR1-10.2196/18690

JMIR Res Protoc 2020 | vol. 9 | iss. 8 | e18690 | p. 1https://www.researchprotocols.org/2020/8/e18690
(page number not for citation purposes)

Bell et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

148



(JMIR Res Protoc 2020;9(8):e18690) doi: 10.2196/18690

KEYWORDS

mobile health; digital behavior change; engagement; micro-randomized trial; push notifications; excessive alcohol consumption;
smartphone app; alcohol; mHealth

Introduction

Excessive alcohol consumption inflicts an array of harms,
causing various mental and physical illnesses, loss of
productivity, and an increase in violence and traffic accidents
[1,2]. There remains a large gap in delivering interventions to
at-risk individuals despite the availability of screening and
effective interventions [3,4]. As many as four out of five heavy
drinkers who attend primary care do not receive screening and
brief interventions [5], and this is in part due to barriers to
large-scale implementation [6,7]. These barriers include time
pressures within general practice, as well as a lack of support
and training to successfully shift the consultation from treating
the main presenting condition to offering a screening opportunity
for hazardous drinking [8].

Behavior change apps promise to reduce this gap by providing
real-time data capture and interventions [9-11]. Such behavior
change apps, which aim to reduce excessive alcohol
consumption, build onto a large body of literature demonstrating
the effectiveness of text messages [12-15]. Similar to text
messages, behavior change apps can be delivered at a low
incremental cost per additional user (high scalability) and offer
support to users in real-time. In addition, behavior change apps
have the ability to gather data on users, thus enabling them to
learn and evolve to become personalized to each individual
user. However, a prime challenge for many behavior change
apps is poor levels of engagement, with the frequency (number
of sessions) and amount (time spent per session) sharply
declining over time for the majority of users [16-18].

Engagement with a behavior change app can be considered in
two dimensions, behavioral engagement, which can be measured
as the amount, frequency, duration, and depth of use, and
experiential engagement, characterized by attention, interest,
and affect [19]. The behavioral aspect of engagement can be
objectively measured through app use data. The effectiveness
of a behavior change app can be moderated by a user’s
engagement with the intervention’s active ingredients, and

engagement fluctuates within and across users over time [20,21].
A push notification is a message that pops up on the phone, and
may also vibrate, make a sound, or lock the screen to gain the
user’s attention. Push notifications can be sent as a feature to
enhance engagement and effectiveness by directing users to
engage with the intervention’s modules when users likely need
it the most [22]. The message can provide a connection between
the moments of “point of care” when a user seeks an assessment
and intervention, and “point of choice” when a user makes the
decision to drink or not to drink [10,23,24].

Drink Less is a behavior change app for the general population
of adults seeking to reduce hazardous and harmful alcohol
consumption. The research and development of Drink Less has
been described elsewhere [25-28]. Currently, users receive a
daily push notification at 11 am, asking them to “Please
complete your mood and drinks diary.” Following the SPIRIT
(Standard Protocol Items: Recommendations for Interventional
Trials) guidelines [29], the protocol reports our design for a
micro-randomized trial (MRT) that aims to improve behavioral
engagement (ie, frequency and amount of use) with Drink Less
through the push notification.

MRT as an Experimental Design for Optimizing
Behavior Change Apps
The MRT design is a useful trial design for optimizing the
timing, content, and sequencing for push notifications in a
behavior change app [30-34]. During an MRT, individuals are
repeatedly randomized to actionable notifications, or no
notification, at prespecified decision points (Textbox 1). Along
with longitudinally measuring a near-term outcome after each
decision point, covariate data provided by wearables, sensors,
or self-report may also be continuously gathered. Data evolves
as a collection of time-varying covariates, treatments, and
outcomes. A distinguishing feature of the MRT, compared to
a parallel-group randomized controlled trial (RCT), is the
repeated randomization over time. This repeated randomization
aids further causal inferences that cannot be made when
undertaking a parallel-group RCT.

Textbox 1. What does the repeated randomization of notifications in a micro-randomized trial (MRT) offer?

MRT is an experimental design that provides information for developing more optimized policies or decision rules for delivering notifications. The
repeated randomization within each individual in an MRT, which is absent in a parallel-group RCT, allows us to understand:

• If the notifications have a near-term effect on engagement, averaging over (i) the course of the study, (ii) all individuals, and (iii) the time-varying
contexts individuals experience during the study.

• If the near-term effect of the notifications changes over time or depends on other time-varying covariates of the individual.

• If the notifications have a long-term effect on engagement, in addition to the possible near-term effect.

By understanding the above, researchers can build a more effective and less burdensome policy for delivering notifications, in order to improve users’
engagement with a behavior change app [35].
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The Drink Less App
Drink Less is a stand-alone app to help people reduce hazardous
and harmful alcohol consumption [25-28]. The app was
developed in line with the Multiphase Optimisation Strategy
Framework [36] and the United Kingdom (UK) Medical
Research Council guidance on complex interventions [37].
Drink Less contains seven different modules based on behavior
change theory and evidence. These modules are (1) Normative
Feedback, which is personalized feedback on how an
individual’s drinking behavior compares to the recommended
drinking levels; (2) Goal Setting, which allows users to set
weekly “drinking reduction” goals, with brief advice on setting
achievable goals; (3) Cognitive bias retraining, delivered through
a game which targets users’ automatic biases by avoiding cues
of alcoholic drinks and approaching nonalcoholic drinks; (4)
Self-monitoring and Feedback, which users monitor and reflect
on their alcohol consumptions, along with their mood,
productivity, sleep and progress on goals; and (5) Action
Planning, in which users create plans for dealing with difficult
drinking situations. As of January 2, 2020, two new modules
were added: (1) Behavioral substitution, which promotes
substitution of drinking with a neutral behavior; and (2)
Information about Antecedents, which provides users with
information about social and environmental situations and
events, emotions and cognitions that reliably predict drinking.

Drink Less launched in 2016 and is freely available on iTunes.
At onboarding, users are asked to report their age, gender, type
of employment (nonmanual, manual, or other) and to complete
the Alcohol Use Disorders Identification Test (AUDIT) score
[38,39]. The AUDIT is a 10-item screening tool for assessing
alcohol consumption that helps identify people who would
benefit from reducing or ceasing drinking. Users are also asked
why they are using the app (“interested in drinking less alcohol”
or “just browsing”).

In the existing version of the app, a push notification is sent
daily at 11 am asking users to “Please complete your mood and
drinks diary.” Accessing the app through the notification opens
up the app and prompts users to complete their mood and drinks
diary.

User Engagement With Drink Less
An Ecological Momentary Assessment study with Drink Less
users found that establishing a daily routine is important for
maintaining engagement and that the daily notification supports
such routines [20]. This study also found that perceived
usefulness of the app (the belief that using the app will help the
user to achieve their goal(s) and an indicator of users’ reflective
motivation to engage) was associated with increased engagement
for some users. The push notification may hence be most
effective in improving engagement if it (1) supports the
establishment of a routine (being sent at a set time), and (2)
motivates to use particular intervention modules.

We visually explored patterns of engagement among a sample
of 19,233 existing users of Drink Less. Further details of these
results are available elsewhere (manuscript submitted). Data
analysis from this cohort showed four important findings: (1)
use over time decreased, with 50% of users disengaging (no use

for seven or more consecutive days) after 22 days since
download; (2) the existing daily notification, delivered at 11
am, is likely to have the strongest effect of near-term
engagement in the subsequent hour; (3) the breadth of
engagement is poor, with 85% of sessions occurring within the
“Self-monitoring and Feedback” module; and (4), outside the
11 am notification period, a natural maximum of both frequency
and length of sessions appeared in the evenings.

If and how to intervene at “peak-risk” moments is a key research
priority [9,10,40,41]. Evenings are a time of day when people
with a history of harmful alcohol consumption are the most
vulnerable to continued, harmful drinking [42]. Additionally,
the visual exploration of engagement patterns over time suggests
evenings are an acceptable and opportune moment to engage
with Drink Less. We decided to exploit the potential increase
in vulnerability, opportunity, and acceptability of users in the
evenings [43] and to test the marginal effect on near-term
engagement of a bank of 30 new push notifications (see
Multimedia Appendix 1) delivered at 8 pm. The new messages
aim to promote the benefit of using specific intervention
modules by targeting users’ reflective motivation to use the app.

We will undertake an MRT, with a single decision point of 8
pm, to assess the marginal effect of the new notifications on
near-term engagement—use of the app in the hour following
the notification—compared with both no notification and to a
notification using the existing wording “Please complete your
mood and drinking diaries.” Within the MRT, we aim to balance
the objectives of learning how to optimize the push notification
strategy, with the need to trial a good quality app that does not
annoy users. Generally, in an MRT, the risk of annoying users
with too many notifications over time could be mitigated with
lower randomization probabilities. However, there are two
reasons why we chose a single decision point to randomize
notifications (8 pm), and not test multiple decision points within
the day. Firstly, a single decision point allows users to establish
an important routine with Drink Less, and secondly, this avoids
asking users, through the design of the trial, to “Please complete
your mood and drinking diaries” more than once within the day.

In order to explore how notifications influence overall
engagement, the MRT will be complemented by two parallel
trial arms; users will receive the standard notification daily at
11 am in one arm and will receive no notification on any day
in the other. The two parallel arms provide us with (1) a
momentary assessment of how engagement with Drink Less
evolves over time when no notification is provided and (2) an
exchangeable sample to compare the current policy of delivering
a fixed notification daily at 11 am, to randomly varying the
content and sequence of notifications at 8 pm.

Aims and Objectives

Aim
This study aims to assess the push notification strategy and to
improve engagement with Drink Less during the first 30 days
following download.
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Primary Objective
The primary objective of the study is to estimate the marginal
effect of a notification (pooling both types of messages, the
standard wording and the new bank of messages) on near-term
engagement, defined as the use of the app in the hour following
the notification decision point (8 pm to 9 pm ).

Secondary Objectives
The secondary objectives are as follows:

1. Compare the marginal effect of the new bank of 30
messages to the standard wording of “Please complete your
mood and drinking diary” on near-term engagement, defined
as the use of the app in the hour following the notification
decision point (8 pm to 9 pm).

2. Explore whether the effect of a notification (pooling both
types of messages) on near-term engagement decreases
over time.

3. Estimate the lagged effect of prior notifications on near-term
engagement.

4. Understand how the notification effect is moderated by
time-varying covariates (use before 8 pm, use on the
previous day, weekend/weekday effect).

5. Investigate if the effect of the notifications depends on
baseline characteristics (gender, age, employment type,
AUDIT score).

6. Examine overall engagement during the 30 days following
download in users receiving no notifications, those who
receive the standard notification daily at 11 am, and those
who receive a mix of notifications at 8 pm.

Trial Design
This study is an MRT with two additional parallel arms.
Multimedia Appendix 2 illustrates the participant flow through
the trial. It also shows which outcomes will be obtained from
either the MRT or the two additional trial arms.

The MRT will test the effect of both delivering standard message
content and a bank of varied message content on near-term
engagement, compared to receiving no message.

Sixty percent of eligible users will be randomly assigned to
participate in the MRT. The remaining eligible users will be
randomized in equal numbers to the two parallel arms of either
receiving no notifications (Secondary Arm A) or daily
notification of the standard message of “Please complete your
mood and drinking diary” (Secondary Arm B).

Among users assigned to the MRT, every day at 8 pm (the
“decision point”), each user will be randomized to receive one
of three options: no notification, the standard message, or a
notification selected at random from the bank of new messages.
The randomization probabilities for the decision points each
day are 40% to receive no notification, 30% to receive the
standard message, and 30% to receive a randomly selected
message from the bank of new messages.

Methods

Participants, Interventions, and Outcomes

Study Setting
Drink Less is freely available on the iTunes Store. This trial
will recruit eligible new individuals who download the Drink
Less app during the trial recruitment period, from January 2,
2020, to April 1, 2020 (app version: 2.0.1).

We extended the informed consent process for this trial to
comply with ethics requirements. At onboarding, users will be
first asked to read the privacy notice and participant information
sheet, then provide informed consent (see Multimedia
Appendices 2 and 3), before proceeding. Users who do not
consent to take part in the research will be provided the standard
version of the app.

Eligibility Criteria
Users who download Drink Less during the recruitment period
will be eligible to participate if they: self-report a baseline
Alcohol Use Disorders Identification Test (AUDIT) score of 8
or above, indicating excessive alcohol consumption [39,44];
reside in the UK; are aged 18 years or over, and report
themselves to be interested in drinking less alcohol.

Intervention
A bank of 30 novel messages was developed with the aim of
increasing users’ reflective motivation to engage with the app
(see Multimedia Appendix 1). All messages contain the phrase
“(using a particular module in the app) can help you drink less.”
As perceived usefulness of the app has previously been found
to be associated with increased engagement, we hypothesized
that new messages which highlight the benefits of using the app
would increase users’ reflective motivation to use the app and
hence generate higher rates of engagement compared with the
standard, existing message.

Measures
Outcome measures for the MRT will be collected continuously
over the 30 days following the download of Drink Less. These
measures collected over time are: when users open the app,
when each module is used, the length of time (seconds) spent
on the app and drinking records, with the date of drinks
consumed and date and time of records made. Outcomes for the
wider comparison between the parallel trial arms are defined
over the whole 30-day follow-up period.

Outcomes

Primary Outcome (MRT)
The primary outcome measure in the MRT is a time-varying,
binary proximal (ie, near-term) measure of engagement (use of
the app). Specifically, the primary outcome for the MRT is
whether the user opens the app in the hour (8 pm to 9 pm)
following the randomization of receiving a notification at 8 pm.
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Secondary Outcomes Collected Daily Through the Trial
Period (MRT)
Within the MRT, the two secondary outcomes below will be
defined in the hour following the decision point (8 pm to 9 pm):

1. whether or not the user creates an entry in their drink
calendar (by either recording a drink record or recording a
drink-free day);

2. the time, in seconds, spent on the app;

Secondary Outcomes Over the Whole Trial Period (MRT
and Parallel Arms)
In the parallel trial arms, secondary outcomes that will be
explored are:

1. the number of days to complete disengagement, defined as
the first day of at least seven consecutive days of no use
from day of download;

2. the total number of sessions over the 30 days following
download;

3. the total time, in seconds, spent on the app over 30 days
since download, overall, and by intervention module.

Time-Varying Covariates
Measured covariates which vary over time within individuals
are the use of the modules (Action Planning; Cognitive Bias
Re-Training; Self-monitoring and Feedback; Behavioral
Substitution; Goal Setting; Normative Feedback; Information
About Antecedents); entry of drink (or alcohol-free) record in
each session; if the user opened the app before 8 pm that day;
and if the user opened the app the day before.

Time-Fixed Covariates
Measured time-fixed covariates are age, gender, type of
employment (manual, nonmanual, or other), day of the week
of download, and baseline AUDIT score.

Sample Size
We aim to randomly assign 1200 users to the MRT arm, 400
users to the standard daily notification arm (Secondary Arm A),
and 400 users to the no notification arm (Secondary Arm B),
resulting in a total of 2000 participants. The sample sizes were
calculated as follows:

To estimate the sample size required for the MRT arm, we used
a simulation-based approach to determine the sample size
required to attain a prespecified power level, because currently
there is no off-the-shelf software to calculate the sample size
for MRTs with binary outcomes. Our primary objective is to
understand the marginal effect of receiving a push notification
at 8 pm on engagement, with an important secondary objective
towards the tailoring of the notification policy is identifying
effect moderation over time. Plausible estimates of a treatment
effect and effect moderation were obtained by exploring patterns
of use with Drink Less. With 80% power and 5% type I error,
we have sized this trial to detect a marginal treatment effect of
2.16, which decays by a factor of 0.911 by day since download.
This is close to 100% power for our primary objective, the
marginal effect. See Multimedia Appendix 4 for more details.

The sample size of the two additional parallel arms was
determined based on the secondary outcome of time to
disengagement (no use for seven or more consecutive days).
Analysis of the current app shows that 55% of users have
disengaged by day 30. We powered this sample size based on
a minimal relevant change in disengagement of 10%, such that
we expect 65% of users to disengage by day 30 when no
notifications are delivered. With a 5% type I error and 80%
power to detect an increase in disengagement to 65% of users
by day 30, we would require 372 users per arm. To simplify the
allocation process, we rounded-up the sample size for the
parallel arms to 400 users per arm each, resulting in an overall
sample size of 2000 and an allocation ratio of 60% to the MRT
and 20% to each parallel arm.

Anticipated Recruitment Rate
The available recruitment window with the app was January 2,
2020, to April 1, 2020. All new app users who meet the
eligibility criteria, provide consent, and complete app
onboarding during this period will be recruited into the trial.
Previous analyses of cohort data of existing users suggest that
the average number of downloads by eligible users will be 33
per day, through the 59-day recruitment period. If the number
of participants exceeds the minimum required sample stated
above, we will continue to recruit until the end of the predefined
recruitment period.

Assignment of Interventions

Sequence Generation
At recruitment, 60% of participants will be randomized to the
MRT. The remaining participants will be randomly allocated
50:50 to receive no notifications or to receive standard
notifications daily at 11 am.

Among the participants randomized to the MRT, at 8 pm each
participant will be randomized daily to receive one of three
options: no notification, the standard notification wording, or
a message randomly selected from the new message bank. The
randomization probabilities for these three options will be 40%,
30%, and 30%, respectively.

The randomization probabilities are fixed across all individuals
and do not depend on individuals’ time-varying treatment,
outcomes, or covariates.

Allocation Concealment Mechanism
Users will be aware of whether or not they have received a push
notification each day. They will be informed in the consent
procedures that they are part of a research study testing how
different versions of the app affect use. However, they will not
receive explicit information that we are interested in the effect
of the notification, about which arm of the study they have been
allocated to, the full design of the study, or the planned schedule
of their notifications. The standard request for users to enable
notifications at the end of the onboarding process was disabled
for this trial.  Users were still able to turn off the notifications
through their phone settings.
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Implementation
Simple randomization was used, with no stratification or
blocking. The code to generate the randomization sequencing
was developed and coded into the app by an external app
developer. Members of the trial team verified the randomization
process.

Data Collection, Management, and Analysis
Descriptions of the trial participants, in terms of their available
baseline data, will be reported for all MRT participants and
participants in the two additional arms.

Primary Analysis (MRT)
Our primary analysis will estimate the marginal effect of the
notifications on the binary, time-varying outcome of whether
or not a user opens the app between 8 pm and 9 pm. The
marginal effect is averaged over all days and all participants in
the MRT arm.

The effect of notifications, quantified as a relative risk, with a
95% confidence interval, will be assessed using the estimator
for marginal excursion effect for MRTs with binary outcomes
[45]. The excursion effect is a causal effect concerning what
would happen if an individual followed the notification
scheduled used in the MRT up to day t–1 and then deviated
from the schedule to receive a notification at day t, versus
deviated from the schedule to receive no notification at day t.
The notification schedule used in the MRT is the delivery of
push notifications with 40%, 30%, 30% probability every
evening at 8 pm (see the last paragraph of the subsection Trial
Design). The marginal excursion effect we consider in the
primary analysis will marginalize (ie, average) overall days and
all individuals. Because the near-term outcome is binary, we
will estimate the marginal excursion effect on the log relative
risk scale.

For this analysis, both types of notification—the standard
wording and the messages drawn from the new bank of
messages—will be pooled; the comparison will be between any
notification versus no notification. P values less than .05 will
be considered statistically significant. Models used in the
primary and secondary analyses for the MRT arm will adjust
for age, gender, employment type, baseline AUDIT score, the
number of days since download, if the user opened the app
before 8 pm, and if the user opened the app the day before.

Secondary Analyses (MRT)
Our secondary analyses will assess the effect of sending a
notification from the bank of 30 new messages compared to the
standard message “Please complete your mood and drinking
diaries” on the primary outcome; that is, whether the user opened
the app between 8 pm and 9 pm. We will use the same analysis
method here as for the primary analyses, which is the estimator
for the marginal excursion effect. We will also assess the effect
notifications have on users creating an entry to their drinks
calendar.

We will investigate the effect moderation of the notification by
day in the study, quantified as an interaction, and expressed as
a relative risk. We will also examine the sensitivity of the result
when day-in-study is replaced by splines or its

log-transformation. Lagged notification effects will be similarly
quantified.

The continuously valued secondary outcome in the MRT relating
to time spent on the app (seconds) will be analyzed using a
centered and weighted least-squares estimation method [46]
with the effect quantified using the mean difference. All
secondary outcomes will be explored by comparing any
notification versus none and then separating the two types of
notifications.

Secondary Analyses (Parallel Arms)
Time to complete disengagement will be analyzed using the
Kaplan-Meier estimator. A Cox proportional hazards model
will be used to estimate the hazard ratio for disengagement
comparing the three parallel arms. The proportional hazards
assumption will be assessed graphically and using tests based
on Schoenfeld residuals. If nonproportionality is detected,
methods allowing for this will be applied and presented as
exploratory analyses alongside the previous Cox model analysis.

Linear regression models with robust standard errors will be
used to compare the time spent on the app, both overall and on
specific modules, between the three parallel trial arms. Similar
models will be used to compare the total number of days of app
use between arms.

No adjustment will be made for multiple testing. Outcomes and
analyses are categorized by the degree of importance (primary
and secondary), and results will be interpreted in the light of
that ordering.

Results

This study received funding from the MRC Network of Hubs
for Trials Methodology Research (MR/L004933/2- R18) in
January 2019. As of early March 2020, at the date of manuscript
submission, the trial is ongoing, with 452 users recruited.

Data Collection and Data Monitoring
Data collection began on January 2, 2020, and will end on May
1, 2020. Due to the rapid nature of this research, and relatively
very low risk of adverse events due to the intervention, there
will be no interim analysis or Data Monitoring during the trial.

Ethics and Dissemination
Ethical approval was granted by the London School of Hygiene
and Tropical Medicine Interventions Research Ethics Committee
(17929) and the University College London Departmental
Research Ethics Committee (CEHP/2016/556); an amendment
was granted by the Ethics Amendment Request to Work Package
One “The application of digital technologies to advance the
understanding, and improve the implementation of behavior
change.”

Confidentiality
No identifiable data will be collected during this study.

JMIR Res Protoc 2020 | vol. 9 | iss. 8 | e18690 | p. 6https://www.researchprotocols.org/2020/8/e18690
(page number not for citation purposes)

Bell et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

153



Discussion

The study will determine whether sending a notification at 8
pm increases engagement in the subsequent hour with Drink
Less and whether the impact of the notification changes over
time. Previous research has found that the perceived usefulness
of the app is a predictor of both the amount and frequency of
engagement with Drink Less [20]. Building on these findings,
secondary analyses will systematically explore if messages
which aim to increase the perceived usefulness of the app by
encouraging users to try out various modules are more effective
at increasing engagement than the standard request to record
drinking and mood diary entries. We will also explore potential
effect moderation, lagged effects, and overall summaries of use
over 30 days since download. This study will provide evidence
of how notifications affect engagement, as well as considerations
towards further improvement of the push notification policy.

Our research is limited by the lack of outcomes to understand
a change in alcohol units consumed, meaning we could not
investigate whether receiving notifications had any effect on
hazardous and harmful alcohol consumption. Generally,
gathering valid and reliable health outcome measures over time,
solely through self-reports, is a prime challenge for the digital
health community [47,48]. Drink Less prompts users to complete
the AUDIT-C one month after downloading the app, but the
proportion of users to do so is low [49]. Our primary aim is to

improve engagement with the app, and future research can
investigate whether any effectiveness is mediated through
engagement. Importantly, research into effective strategies to
collect real-time outcomes on substance abuse through other
apps is emerging [50-52], including an MRT with an
“engagement-first” strategy to increase the rate of self-reported
data [53]. This research is a valuable step towards developing
more effective behavior change apps. Another limitation is that
we do not understand if users subsequently turned off their
notifications during the trial through their phone’s settings.

Methodologies for tailoring notification policies, either as a
stratified intervention based on time-varying or time-invariant
covariates (eg, day of the week, age, past moods, previous app
use or drinks reported), or strictly personalized policies, in which
user’s own responses to prior notifications inform the future
policy, are becoming increasingly more refined [54,55]. After
establishing whether there is a marginal effect of the push
notifications and gaining a better understanding of the push
notification’s role in the dynamic nature of engagement,
subsequent studies may address the more ambitious aims of
creating a sequence of decision rules. Such decision rules could
capitalize on dynamic states of opportunities within users’
current environment or adapt to a user’s history. This may be
achieved by better understanding how the between- and
within-person effects of the notification [56] change under
varying circumstances, as well as any lagged effects of
notifications.
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Chapter 9

The Estimator for the Marginal

Excursion Effect

9.1 Introduction

In the previous chapter, I presented the published protocol of the MRT, which

stated that the estimand of the primary objective is the Causal Excursion

Effect (CEE), to be estimated by the Estimator for the Marginal Excursion

Effect (EMEE).

This chapter explains why the Estimator for the Marginal Excursion Effect

(EMEE) was chosen for the MRT protocol.
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9.1.1 Background

Data which arises from a MRT is longitudinally rich, consisting of time-

varying covariates, multiple treatment occasions and time-varying outcomes.

Users can be randomised up to hundreds or thousands of times, and over

this course of multiple treatment occasions (i.e. receiving notifications over

the first 30 days), there will be many hidden and stochastic factors which

influence the outcome. In this Chapter I will discuss the different types of

factors to be considered when modelling longitudinal data [78, 67].

The ideal estimator for the MRT is one which consistently estimates the

causal effect of the notification for the primary objective and for any sec-

ondary objectives. This requires the marginal effect estimate to be consistent

when the marginal effect is averaged over a time-varying effect moderator,

and when the marginal effect estimate includes in the working model an

interaction with the time-varying effect moderator.

This work compares the consistency, precision and coverage probabilities of

EMEE and GEE and is based on the data generating model in Qian, T.,

Yoo, H., Klasnja, P., Almirall, D., & Murphy, S. A. (2021). Estimating

time-varying causal excursion effects in mobile health with binary outcomes.

Biometrika, 108(3), 507-527. The R code for this simulation was obtained

(with permission to include in this thesis) from Dr Tianchen Qian’s github

account: https://github.com/tqian/binary-outcome-mrt.

160



9.2 Causal Research Questions

In this section I will describe the types of causal research questions MRTs are

designed to answer. I will begin by detailing the general steps and framework

for answering causal questions under the potential outcomes framework. I

will then recap the primary and secondary research questions MRTs often

seek to answer and the nature of the data gathered in MRTs. I will then

describe the challenges of estimation and inference with such data commonly

gathered from an MRT.

9.2.1 General Roadmap for approaching Causal Ques-

tions

Here I will follow the general roadmap for approaching causal questions, pro-

vided by Petersen and van der Laan [173] which advocates for the following

steps and framework to answer causal questions under the potential outcomes

framework:

• Define the causal parameter, by describing the notation and data

• Set the causal assumptions and give plausible arguments for or against

the causal arguments with respect to the domain knowledge

• Identify the causal parameter

• Proceed to estimation and inference
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• Through simulations undertake sensitivity analysis (i.e., how would the

results change with different trial designs, different working models or

different true data generating mechanisms?)

For the main primary outcome, I test if receiving any notification, pooling

both types, increases near-term engagement, compared to receiving no no-

tification. For the secondary objectives to explore effect moderation of the

near-term marginal effect, I test if contextual states of interest modify the

near term effect. I set the contextual states as habituation, defined as “did

the user receive a notification the day before? yes/no” and already engaged,

defined as “did the user open the app the day before between 8PM-9PM?

yes/no”.

9.2.2 Recap of questions MRTs can answer

Micro-Randomised Trials are experimental designs for the optimisation of

a time-varying intervention on a time-varying outcome. The time-varying

intervention here is the notification policy. In all MRT designs, the ran-

domisation probabilities are known and established in the trial design and

protocol.

Typical questions MRTs aim to address are:

• Does the treatment, on average, work?

• Does the context just prior to receiving a treatment modify the near-
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term effect of the notification?

9.2.3 Primary research question of the Drink Less MRT

The MRT that I conducted as part of this thesis addresses the following

question “Does sending a notification at 8pm increase proximal engagement

in the hour thereafter?”

As discussed in Paper One, the visualisations of the engagement data over a

24-hour period showed a natural peak of engagement (opening the app and

length of time on the app) in the evenings. This suggested that during the

evenings, users are more likely to be in a state of opportunity to engage with

the app. I also assume that users are generally more vulnerable to excessive

drinking, and intervening at this time of day may improve the behaviour

change app.

As stated in the Micro-Randomised Trial (MRT) protocol, I wanted to exploit

this natural peak of both frequency of sessions and length of sessions, and

established a decision point at 8pm. In order to balance the objectives of

gathering information to further optimise the notification policy with the

need to trial an app which does not overburden users, I set a ‘send limit’

[165] of only asking users to “Please complete your mood and drinks diary”

at a maximum of once per day. That is, only one decision point per day was

set.
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Establishing a ‘send limit’ considers how the marginal near-term causal effect

depends on the distribution of the notifications at hand, that is, the random

notification policy implemented in the MRT. For example, if the random no-

tification policy randomised users to receive a notification which prompted

engagement, on average, twice or three times a day, then the near-term causal

effect estimated from this more frequent randomisation policy would be dif-

ferent to near-term causal effect estimated the random notification policy in

the Drink Less MRT. It is possible a randomised notification policy which

sends the same message more frequently, and hence an increase in burden,

could result in a null near-term marginal effect, while a message sent, on

average, 3 times a week, may have a positive near-term marginal effect.

An alternative approach to establishing the send limit is to conduct a strat-

ified MRT, which can adjust the randomisation strategy to previous treat-

ments, or to build in an availability indicator [64, 132].

9.2.4 Secondary research questions of the Drink Less

MRT

Along with understanding if the intervention (i.e. notification), on average,

improves a near-term outcome (i.e. opening the app in the hour thereafter),

important secondary and exploratory analysis also aims to understand how

a recent prespecified context, just prior to randomisation, may modify the

effect of a time-varying intervention on a time-varying outcome, as well as
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how the cumulative sequence of interventions may create delayed effects.

Articulating how the dynamic intervention aims to work, in such dynamic

contexts can present different types of effects for researchers to consider.

Such considerations include hypothesising how internal or external states

can modify the near-term marginal effect. For example, internal states such

as being in a relaxed state, recently responding to a notification or recent

episodes of heavy drinking will likely modify the near-term notification ef-

fect. As discovered in the data visualisation, external factors of weekday is

associated with different engagement patterns, with longer (length of time)

sessions occurring on Sunday and Mondays evenings.

Furthermore, it is important to acknowledge that the potential moderator

of a user’s current state, such as habituation in the Drink Less MRT, can

be influenced by the sequence of past treatments and prior states. The user

may be in a relaxed state, but the sequence of notifications in the past (either

helpful or unhelpful) will influence how the current state modifies the near-

term causal effect.

Such rich, sequential data presents different types of effects which are impor-

tant considerations when analysing data from an MRT. In the Drink Less

MRT, we are interested in how the effect is modified over time, and also how

the effect is modified by recent contextual states of ‘already engaged’ and

‘habituation’. I am interested in these states, as the data visualisation of the

large cohort study showed treatment effect heterogeneity over time within
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different sub-groups, which suggested some users may habituate to the daily

fixed notification policy [18].

These aspects of the MRT provide a pathway for researchers to further opti-

mise a random policy into a dynamic policy, where the dynamic policy aims

to be more effective and less burdensome than the previous random policy. In

an MRT, users are randomised many times, and this longitudinal nature and

rich high dimensional data gathered during an MRT, to answer such causal

questions, raises some unique statistical and methodological challenges. The

next few paragraphs will describe these challenges.

9.2.5 Endogenous and exogenous effects, confounding

and feedback

Types of effects to be considered include endogenous effects, that can be

conceptualised as stochastic variables which are influenced by internal, past,

within-person factors, while an exogenous variable is stochastic, yet indepen-

dent of any past states of an individual [67].

In the Drink Less MRT, the randomisation probabilities are fixed and ex-

ogenous, as they are determined by the study design. Another example of

an exogenous variable is seasonal trends, or an exogenous shock, such as the

start of a pandemic. If the randomisation probabilities were conditioned on

previous outcomes or current contextual states of the user, then the randomi-

sation probabilities are no longer exogenous.
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As stated earlier in the thesis, confounding is when there is a variable as-

sociated with an exposure and an outcome, which creates a non-causal as-

sociation between the exposure and the outcome. The randomisation of the

notifications ensures there is no confounding in the Drink Less MRT. En-

dogeneity is different to confounding. An endogenous variable in time-series

analysis means that a covariate Xt influences both the outcome of interest

(i.e. Yt+1) and is influenced by outcomes measured earlier on (i.e. Yt−1).

In the Drink Less MRT, as an example, endogenous covariates may include

past patterns of engagement or feeling states (i.e. mood, perceived usefulness

of the app) along with the cumulative sequence of notifications delivered

randomly. Another example of endogeneity is when the previous outcome

(i.e. opening the app yesterday) would influence the near-term outcome for

a future time and this is also influenced by past outcomes (i.e. opening

the app a few days ago). When the covariate, such as Xt−1, influences the

outcome at Yt, and that outcome Yt also influences the covariate at Xt, this

phenomena is sometimes referred to as feedback [67].

For MRT data, examples of subtle issues likely to arise include (i) the pres-

ence of endogeneity or feedback; and (ii) when the mean of the outcome un-

der no notification is stochastic (i.e. varies randomly) and highly complex,

and may be considered difficult (or impossible) to model correctly. Because

MRTs measure the near-term outcome over many treatment occasions, this

near-term outcome will change in ways we are not able to fully capture or
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model through our data due to unknown changing internal or external states

impacting the natural patterns of engagement over time, or how the past se-

quence of treatments, covariates and outcomes influences how the near-term

outcome changes for a recent state.

I now describe the estimation of the primary and secondary objectives of the

causal excursion [180, 181] and begin by setting the relevant assumptions.

168



9.3 Why use the Estimator for the Marginal

Excursion Effect (EMEE)?

9.3.1 Estimands, estimators and estimates

The concepts of estimands, estimators and estimates is described here, before

proceeding with the identification of the estimand of the Drink Less MRT.

For studies estimating an intervention effect, the estimand is the true treat-

ment effect of an intervention [135]. It is the quantity which the trial aims to

estimate. Various estimands may be of interest. For our MRT, the estimand

is the Causal Excursion Effect [180].

The estimator is the formula to estimate the estimand from the trial’s data.

In our case, this is the Estimator for the Marginal Excursion Effect (EMEE).

The estimate is the value obtained by applying the formula (the estimator)

to the realised MRT data.

9.3.2 Assumptions

To express the causal excursion effect in terms of the observed data, I make

the following four standard assumptions.
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Consistency

The link between potential outcomes and observed outcomes rests on the

consistency assumption. Potential outcomes are hypothetical and postulated

to exist [31, 98], and the observed outcomes are the realised outcome values

after the treatment is assigned [31]. The consistency assumption states that

the user’s potential treatments, covariates and outcomes under the observed

history are the treatments, covariates and outcomes we observe from their

data.

Positivity

This assumption states that at each decision point, for every user, the prob-

ability of receiving a notification is always strictly greater than zero and

strictly less than one. This ensures there is no fully deterministic element to

receiving a notification [228].

Sequential ignorability

This assumption requires the notification and the potential outcomes to be

conditionally independent given the observed data. That is, there are no un-

observed confounders, and the randomised notification groups are essentially

exchangeable [127].
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Stable unit treatment value (SUTVA)

The SUTVA assumption states that the potential outcomes for one user are

not influenced by any other user and their received notifications [228, 98].

9.3.3 Are these assumptions met in the Drink Less

MRT?

In the Drink Less MRT, treatment is randomized with the probability fixed

at 0.6. This is bounded away from 0 and 1, and this ensures the positivity as-

sumption is met. Because the randomisation probabilities are exogenous (are

determined only by the trial design), the sequential ignorability assumption

is also met.

The consistency assumption may be violated if different iPhones provide

different versions of the treatment. For example, older iPhones may have a

different look of the notification to newer, sleeker iPhones, however I discount

such effects on the outcome to be negligible or very small.

The SUTVA assumption may not hold when there is a personal influence

between individuals in the MRT. For example, two people in the same house-

hold may be using Drink Less. One user may receive the prompt with the

message “Did you know that playing the “yes please, no thanks” game can

help you drink less?” and then discuss the game with the another member of

the household, who also then engages with the game between 8pm to 9pm.
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Here the first user’s treatment allocation affects the second users outcome

under no treatment, violating the SUTVA assumption. The plausibility of

the SUTVA assumption would need further consideration, particularly when

the app includes social media modules where users interact with one an-

other within the app. However, at present, Drink Less does not include any

community features.

How to assess the plausibility of the SUTVA assumption in the Drink Less

MRT is a complex problem. One may consider how smartphones can some-

times collect information about a user’s location. However, this might require

an IP address. In line with the General Data Protection Regulation (GDPR)

and privacy consent, data that is personal and identifiable, such as the IP

address, is not collected through Drink Less. Therefore, in the MRT con-

ducted, it is not possible to empirically assess potential violations of the

SUTVA assumption.

In this MRT, I have assumed any potential influences between users is neg-

ligible, and if they exist likely lessen the overall marginal near-term effect,

and bias the effect in a conservative direction. This is due to the clustering

effects.

9.3.4 Notation for data in the Drink Less MRT

Assume the MRT has n individuals, and there are T decision points in the

trial. Both n and T are predetermined by the trial design. The randomised
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treatment at time point t is denoted At. The covariate data collected between

decision point t−1 and t is denoted Xt. The near-term outcome is observed

soon after At is randomised, and is denoted as Yt+1. For each user in the

MRT, data evolves as a collection of observed information up to the final deci-

sion point at time T , with O = (X1, A1, Y2, X2, A2, Y3, ...., XT , AT , YT +1).

A timeline and list of details for the notation of the data in the Drink Less

MRT is provided below.

Figure 9.1: Timeline of MRT data

Xt−1

At−1

Yt Xt

At

Yt+1 Xt+1

At+1

Yt+2

History at time t

Time t = 1, 2, . . . 30. There are 30 decision points in the Drink Less

MRT, one each day over 30 days

Treatment At at time t: with At = 1 indicating the delivery of a push

notification and At = 0 indicating no delivery of a push notification.

Covariates Xt : Measure of other values, such as Habituation and Already

Engaged, as described in the section above.

Outcome Yt+1 (Opening Drink Less between 8-9pm: binary), measured

just after At and Xt, with Yt+1 = 0 indicating the app was not opened
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and Yt+1 = 1 indicating the app was opened.

The overbar denotes the sequence of a random variable or realised values

up to time t, i.e. Āt = (A1, ...., At), with the observed history Ht =

(X̄t, Ȳt, Āt−1) (i.e. everything known at point where At is assigned).

States of interest St, which is a summary of variables from Ht, that can

be an effect modfier of the near-term causal effect.

Observed Information (Ōt), up to the final decision point T .

9.3.5 Potential Outcomes

I now use the potential outcomes framework to define the effect of the notifi-

cation on near-term engagement [193]. This framework helps clarify the defi-

nition of estimands that describe the causal effect of the notification for both

individuals and for populations [67]. I first describe the potential outcomes

framework under a simple setting of a point exposure and a single outcome

for each individual [98], then extend the potential outcomes framework for

estimands which involve notifications expressed as potential outcomes from

past notifications [28].

Suppose the intervention is denoted by A and the outcome is denoted by

Y . The potential outcome notation defines two potential outcomes for each

individual, if A is set to a, then the potential outcome Y (a). In the MRT

example, at the first decision point, a user will have two potential outcomes,
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the observed engagement (i.e. opening the app between 8pm to 9pm) if

the user received the notification (Y (1)) and the value if the user received

no notification (Y (0)). At any decision point, an individual can not both

receive and not receive a notification, hence only one of the outcomes, (Y (1))

or (Y (0)) is observed. The outcome that would have been observed under

the treatment (i.e. notification) that the user did not receive at that precise

decision point is the counterfactual (i.e. counter to the fact) outcome.

In our MRT, a notification is randomised each day (i.e there are 30 treatment

occasions in my MRT), with a set of potential outcomes, where notifications

can be defined as potential outcomes from past notifications [28]. For exam-

ple, at t = 3, the potential outcomes on the second decision point of randomi-

sation has four potential outcomes of Y3(0, 0),Y3(0, 1),Y3(1, 0),Y3(1, 1).

Here, Y3(1, 1) is the potential outcome if a user had received a notification

on both day 1 and day 2 since download.

9.3.6 Marginal models

In the MRT, we are interested in averages across all variables in the distri-

bution of the randomised policy, that is we are interested in marginal effects.

I will now describe what the term marginal means, and briefly describe well-

known two estimators for marginal models: (i) Marginal Structural Models

(MSM) and (ii) Sequential Conditional Mean Model (SCMM), then describe

why these methods were not suitable to estimate the marginal effect of an
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MRT for both primary and secondary objectives.

I will then formally introduce the Estimator for the Marginal Excursion Effect

(EMEE), and through simulations, show the estimator’s robustness estimate

the primary and secondary objectives for an MRT, which I described in the

previous sections.

The term marginal is used to emphasise that the model for the mean response

on each occasion does not incorporate dependencies on random effects or

other user characteristics (such as a user’s full history of prior treatments)

[78, 67]. To illustrate, marginal, in part, means that the treatment effects

do not condition on the individual’s full history of data or on the full history

of prior treatments. That is, estimates of effect moderation often involve

marginalising over all but a small subset of history [180, 181, 78, 67]. The

secondary analysis of effect moderation effects in the Drink Less MRT is a

marginal model conditional on a subset of habituation or ‘already engaged’

[180]. As such, conditional treatment effects can be estimated which are still

based on marginal comparisons [180].

Estimating the parameters in a marginal model requires the specification of

three components, (i) the mean response, (ii) the assumptions concerning

the variance of the response and (iii) the pairwise within-subject association

among the responses [78, 67]. The mean response and the model for the

within-subject associations are modelled separately.
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Estimators for marginal models can sometimes require that the mean re-

sponse be correctly modelled [78], and, unlike maximum likelihood estimation

[78], do not require any assumptions about the distributions of the observa-

tions. However, it is this requirement, that the mean response be correctly

modelled for some estimation methods, which can induce challenges for data

arising from an MRT, even when the MRT has a fixed randomisation (i.e.

when the randomisation probabilities are not influenced by other variables,

and there is no confounding) [180].

Sequential conditional mean models fitted using generalised esti-

mating equations

Sequential Conditional Mean Model (SCMM) is a method used for mod-

elling repeated outcomes in longitudinal studies, and can be fitted using a

Generalised Estimating Equation (GEE) estimator [114].

Sequential Conditional Mean Model (SCMM) fitted using a Generalised Es-

timating Equation (GEE) estimator can provide unbiased conditional near-

term effects in the presence of endogeneity or feedback under the three follow-

ing conditions: (i) an independence working correlation matrix is used; (ii)

there are no unmeasured confounders; and (iii) the mean model is correctly

specified (i.e. for example, if the conditional, marginal model includes a

treatment effect moderation term, then this effect moderation term needs to

be correctly included.) [181]. If the mean model is correct, then a GEE with

177



an independence working correlation structure would provide consistent esti-

mates of a conditional effect [181] even if there are endogenous time-varying

covariates in the model.

Qian [180] demonstrates that for mean estimates fitted with generalised es-

timating equations, the estimates will be inconsistent whenever the mean

model is misspecified (for example, does not correctly model how the effect

is modified over time). This is highly relevant to the Drink Less MRT, as

we saw through the heatmaps and line plots of engagement over time, we

see how engagement patterns are very stochastic and complex. For example,

when frequently measuring behavioural engagement with a behaviour change

app, there are many stochastic, hidden, unmeasurable, and non-stationary

(both exogenous and endogenous) aspects of the user’s environment which

affect the engagement outcome and can not be fully captured to include in

the modelling process.

Marginal Structural Models (MSM) fitted using inverse probability

weighted estimation

A common approach for estimating marginal effects from longitudinal stud-

ies with time-dependent confounding is Marginal Structural Models (MSM)

[114].

MSM is an alternative estimation approach for understanding the causal

effect of a time-varying outcome from a time-varying treatment [191]. The
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models are generally chosen to analyse longitudinal data when time-varying

covariates are considered to be both confounders and intermediate variables

in the causal pathways (i.e. feedback is occurring) and are often expressed in

terms of counterfactual outcomes. MSM are fitted through the use of inverse

probability of treatment weights. The weighting procedure is a two-step

process by first creating estimating weights which aim to create a ‘pseudo-

population’, and then secondly allowing estimation to proceed, often without

conditioning, to create an unconfounded association between treatments and

outcomes.

Estimates of effect moderation can not be accommodated in a standard MSM

because the exposure to the treatment and time-dependent covariates are

captured in the weights, rather than adjustments which SCMM make. MRTs

often seek secondary objectives which examine effect moderation by recent

states, and this means the use of MSM are not appropriate for the typical

primary and secondary questions asked from an MRT.

I will now describe the estimand the MRT aims to estimate and why a newly

proposed estimator can provide consistent estimates for both primary and

secondary objectives.
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9.4 Causal Excursion Effect (CEE)

The causal excursion effect of At on Yt at time t, expressed on the log relative

risk scale is:

β0 = log
E{E(Yt | Ht, At = 1)}
E{E(Yt | Ht, At = 0)}

(9.1)

This is the estimand targeted in the Drink Less MRT.

The Causal Excursion Effect (CEE) is a new type of estimand and the CEE

depends on the distribution of the treatments implemented in the MRT. That

is, the CEE is a causal effect concerning what would happen if an individual

followed the notification scheduled used in the MRT up to day t–1 and then

deviated from the schedule to receive a notification at day t, versus deviated

from the schedule to receive no notification at day t [180].

The CEE is measured on the log relative risk scale. This is because the risk

ratio provides an easy interpretation in terms of exposure to the treatment

on the probability of the outcome [90].

The CEE not only provides the causal effect, but can also inform how the

current random notification policy implemented in the MRT can be further

improved by understanding how varying states modify this marginal causal

effect.
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In the context of the Drink Less example, the primary objective is the

marginal effect, which equates to setting St = 1. The fully marginal ex-

cursion effect, β0 is defined by

β0 = log
E{E(Yt | Ht, At = 1)}
E{E(Yt | Ht, At = 0)}

(9.2)

The effect moderated by St is

β0 + β1St = log
E{E(Yt | Ht, At = 1) | St}
E{E(Yt | Ht, At = 0) | St}

(9.3)

When I examine effect moderation, I set St to the realised values of Xt

such as habituation or already engaged, as defined above, to understand

how the marginal effect is modified by these prior contextual states. Effect

moderation analysis can be viewed as contrasts between excursions from the

implemented randomised notification policy.

9.4.1 Summary

Up to this point in this chapter, I have characterised the structure of data

from an MRT, the assumptions made to infer causal effects, and aspects that

estimation methods for marginal effects need to consider, such as endogeneity

and feedback. As established in the literature [180, 67, 28, 209], when there

is mispecification of the working model, the estimate can be biased if the
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generalised estimating equation is used as the estimator. It is also established

in the literature that when there is endogeneity, the generalised estimating

equation should use an independence working correlation matrix [209, 181].

In this chapter I have formally introduced the Causal Excursion Effect (CEE).

The causal excursion effect is a new type of estimand, where the effect de-

pends on the distribution of the treatment at hand, that is the random

notification policy implemented in the MRT. The causal excursion effect is

the effect of a time-varying treatment which occurs over a defined window of

time into the future.

I will now explore the magnitude of the bias found when either the EMEE

or GEE is used for estimation, under varying conditions. This chapter now

follows with some simulations which further extend the work of Qian [180].

This is in order to understand the performance of EMEE and GEE under

various magnitudes of misspecifications with the randomisation probability

adopted in the Drink Less MRT, and to gain a better understanding of the

consistency and efficiency of both the EMEE and GEE(ind) estimators, to

model the marginal effect often specified as the primary objective for an

MRT. I will examine the performance measures of bias, coverage probability,

standard error and root mean standard error for a number of scenarios.
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9.5 Simulation Study

This section follows the “ADEMP” structure for simulation work (Aims,

Data-generating mechanism, Estimands, Methods, Performance measures)

[156].

9.5.1 Aim

This work will compare the consistency of two estimators for the marginal

treatment effect, EMEE and GEE under model misspecification, exploring

the impact of different degrees of effect moderation and different randomisa-

tion probabilities.

9.5.2 Data Generating Mechanism

The MRT is a sequential trial with data evolving as a collection of a time-

varying treatments At, covariates Zt and outcomes Yt.

The total number of decision points (T ) per individual is 30 (i.e. one decision

point over 30 days) for all simulation scenarios. The number of simulated

replicate datasets is 1,000 for the sample sizes of 30, 60 and 90.

The time-varying covariate, Zt, is independent of all variables observed be-

fore Zt (i.e. Zt is not an endogenous covariate and hence no feedback is

occurring).
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9.5.3 Generation of the treatment

The time-varying treatment At is generated from the following Bernoulli

distribution, with treatment At = 1 when a notification is delivered and At

= 0 when a notification is not delivered.

P r(At = 1) = 0.6 (9.4)

9.5.4 Generation of the covariate distribution

The distribution of the time-varying covariate is

P (Zt = k) = 1/3, for k ∈ {0, 1, 2} (9.5)

9.5.5 Generation of the outcome distribution for each

scenario with varying magnitudes of effect mod-

eration

The outcome Yt is generated from a Bernoulli distribution with

E(Yt | Zt, At) =
{
0.21Zt=0 + 0.51Zt=1 + 0.41Zt=2

}
eAt(0.1+γZt) (9.6)
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Zt is an effect moderator of the notification effect. Yt depends on history Ht

only through Zt and At. γ is the coefficient which varies the magnitude of

effect moderation in each scenario.

Scenario A

The outcome Yt is generated from a Bernoulli distribution with

E(Yt | Zt, At) =
{
0.21Zt=0 + 0.51Zt=1 + 0.41Zt=2

}
eAt(0.1+0.3Zt) (9.7)

Scenario B

Scenario B eliminates the true effect moderation term by setting γ to zero.

The outcome Yt is generated from a Bernoulli distribution with

E(Yt | Zt, At) =
{
0.21Zt=0 + 0.51Zt=1 + 0.41Zt=2

}
eAt(0.1) (9.8)

Scenario C

This simulation evaluates the performance measures when γ is 0.05.
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E(Yt | Ht, At) =
{
0.21Zt=0 +0.51Zt=1 +0.41Zt=2

}
eAt(0.1+0.05Zt) (9.9)

Scenario D

This simulation evaluates the performance measures when γ is 0.10.

E(Yt | Ht, At) =
{
0.21Zt=0 + 0.51Zt=1 + 0.41Zt=2

}
eAt(0.1+0.10Zt)

(9.10)

9.5.6 Estimands

Estimand for Scenario A

For Scenario A, the true marginal effect (the Estimand) is

β0 = log
E{E(Yt,1 | Ht, At = 1)}
E{E(Yt,1 | Ht, At = 0)}

= 0.477 (9.11)

The true marginal effect (the Estimand) under the data generating mecha-

nism for Scenario A is

log
0.2 × e0.1 + 0.5 × e(0.3+0.1) + 0.4 × e(0.6+0.1)

0.2 + 0.5 + 0.4
= 0.477 (9.12)
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Estimand for Scenario B

The true marginal effect (the Estimand) under the data generating mecha-

nism for Scenario B is

β0 = log
E{E(Yt | Ht, At = 1)}
E{E(Yt | Ht, At = 0)}

= 0.10 (9.13)

Estimand for Scenario C

The true marginal effect (the Estimand) under the data generating mecha-

nism for Scenario C is

β0 = log
E{E(Yt | Ht, At = 1)}
E{E(Yt | Ht, At = 0)}

= 0.16 (9.14)

Estimand for Scenario D

The true marginal effect (the Estimand) under the data generating mecha-

nism for Scenario D is

β0 = log
E{E(Yt | Ht, At = 1)}
E{E(Yt | Ht, At = 0)}

= 0.221 (9.15)
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Estimand for Scenario E

The true marginal effect (the Estimand) under the data generating mecha-

nism for Scenario D is

β0 = log
E{E(Yt | Ht, At = 1)}
E{E(Yt | Ht, At = 0)}

= 0.221 (9.16)

9.5.7 Methods

In this simulation study I assess two methods: the Sequential Conditional

Mean Model (SCMM) fitted using the estimator Generalised Estimating

Equations which I call GEE for brevity, and the Estimator for the Marginal

Excursion Effect (EMEE) (for the marginal effect only).

The definition of a working model is a model that is implemented with the

awareness that the it may be flawed, such that the working model is not one

that will always correctly models the true data generating mechanisms [181,

145]. The working model is the model fitted in the process of obtaining the

estimator.

Models

For Scenario A the working models for the estimator GEE(ind) and EMEE

only include the treatment variable. This scenario only models the treatment

effect, this is sometimes known as crude model.
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Working Models for Scenario B, C, D

For Scenario B,C and D the working models for the estimator GEE(ind) and

EMEE include the Zt covariate as a continuous variable. Note the working

models are mis-specified as the Zt covariate is a categorical variables in the

data generating mechanism. No interaction effects are fitted in any working

models in any of this work.

9.5.8 Performance Measures

The following performance measures will be evaluated:

Bias: The absolute difference between the estimand and the estimate. This

is measured as E(β̂0) − β0 in which E(β̂0) represents the mean of all

estimates across all simulations and β represents the true value of the

estimand.

Empirical SE: The standard deviation of estimates across all simulated

datasets.

Mean Square Error: The expected value of the square of the difference

between the estimand and the estimate, calculated as the sum of the

variance and squared bias.

Root Mean Square Error (RMSE): Square root of the mean square er-

ror.
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Coverage Probability: The proportion of replications in the simulations

for which the 95% confidence interval of the estimator contained the

true value of the estimand. The target values is 95%, i.e. 0.95.

9.5.9 Results

Scenario A

As shown below in Table 9.1, under the crude model (when the working model

only includes the treatment effect), no bias is observed in either estimate. The

coverage probability, standard deviation and root mean square error are also

the same estimates for both estimators.

Table 9.1: Results for Scenario A Bias, Coverage Probability and Precision

Bias & Coverage Probability
Estimator Sample Size Bias CP
EMEE 30 0.00 0.92

60 0.00 0.94
90 0.00 0.95

GEE (ind) 30 0.00 0.92
60 0.00 0.94
90 0.00 0.95

Precision
Estimator Sample Size SD RMSE
EMEE 30 0.08 0.08

60 0.06 0.06
90 0.05 0.05

GEE (ind) 30 0.08 0.08
60 0.06 0.06
90 0.05 0.05
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Scenario B

As shown below in Table 9.2, the results examine the performance measures

when the effect moderation term is removed from the true generating mech-

anism. Neither estimates is biased and the coverage probability, standard

deviation and root mean square error are also the same estimates for both

estimators.

Table 9.2: Results for Scenario B: Bias, Coverage Probability and Precision

Bias & Coverage Probability
Estimator Sample Size Bias CP
EMEE 30 0.00 0.94

60 0.00 0.94
90 0.00 0.95

GEE (ind) 30 0.00 0.94
60 0.00 0.94
90 0.00 0.95

Precision
Estimator Sample Size SD RMSE
EMEE 30 0.09 0.09

60 0.06 0.06
90 0.05 0.05

GEE (ind) 30 0.09 0.09
60 0.06 0.06
90 0.05 0.05
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Scenario C

As shown below in Table 9.5, the results examine the performance objectives

when the true data generating mechanism has the effect moderation γ set to

0.05. With this small size in effect moderation, the GEE(ind) and EMEE are

consistent, and the coverage probability, standard deviation and root mean

square error are similar for both estimators.

Table 9.3: Results for Scenario C: Bias, Coverage Probability and Precision

Bias & Coverage Probability
Estimator Sample Size Bias CP
EMEE 30 0.00 0.93

60 0.00 0.95
90 0.00 0.94

GEE (ind) 30 0.00 0.93
60 0.00 0.94
90 0.00 0.94

Precision
Estimator Sample Size SD RMSE
EMEE 30 0.10 0.10

60 0.07 0.05
90 0.06 0.06

GEE (ind) 30 0.08 0.08
60 0.06 0.06
90 0.05 0.05
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Scenario D

As shown below in Table ??, the results examine the performance measures

when the effect moderation is 0.10. This is an increase to the effect modera-

tion examined in Scenario C ( of 0.05). The GEE(ind) is no longer consistent

for all sample sizes, and there is potentially some bias starting to appear for

the sample sizes of 60 and 90 users.

Table 9.4: Results for Scenario D: Bias, Coverage Probability and Precision

Bias & Coverage Probability
Estimator Sample Size Bias CP
EMEE 30 0.00 0.94

60 0.00 0.94
90 0.00 0.94

GEE (ind) 30 0.00 0.93
60 0.01 0.94
90 0.01 0.94

Precision
Estimator Sample Size SD RMSE
EMEE 30 0.10 0.10

60 0.06 0.06
90 0.06 0.05

GEE (ind) 30 0.10 0.10
60 0.06 0.06
90 0.05 0.05
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Scenario E

As shown below in Table 9.5, the results examine the performance measures

when the effect moderation is 0.3 (the same data generating mechanism for

Scenario A, with the working model now including the categorical Zt covari-

ate as a continuous variable). This is an increase of γ in the true data gen-

erating mechanisms examined in Scenario C and Scenario D. The GEE(ind)

estimates are not consistent for all sample sizes. The precision is similar for

both estimators.

Table 9.5: Results for Scenario E: Bias, Coverage Probability and Precision

Bias & Coverage Probability
Estimator Sample Size Bias CP
EMEE 30 0.00 0.94

60 0.00 0.94
90 0.00 0.94

GEE (ind) 30 0.03 0.94
60 0.03 0.92
90 0.03 0.92

Precision
Estimator Sample Size SD RMSE
EMEE 30 0.08 0.08

60 0.06 0.06
90 0.04 0.04
30 0.0 0.05
60 0.05 0.05
90 0.04 0.05
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9.6 Discussion

A common approach to estimating a near-term marginal effect from repeated

measures arising in longitudinal data is the GEE, however in this chapter I

have described reasons why the GEE with an independence working correla-

tion matrix will not always provided a consistent estimate. The simulations

mimic the trial design for the Drink Less MRT and provide a strong case for

the use of the EMEE for the analysis of the trial.

This chapter provides findings, extending from Qian’s work, which suggests

that estimates obtained from GEE(ind) are biased when (i) the true data gen-

erating mechanism includes a treatment effect moderation (the time-varying

outcome is influenced by a time-varying covariate and time-varying treatment

interaction) and (ii) the adjusted working model omits or mis-specifies this

true relationship, that is, how the time-varying treatment and time-varying

covariate interact for the time-varying outcome.

As the data visualisations with patterns of use over time showed, there is

likely to be complex effect moderation between dynamic engagement pat-

terns and multiple measures. The estimation approach for the MRT requires

a method that guarantees consistency for the marginal treatment effect for

binary outcomes, in the presence of such complex and stochastic interac-

tions between a time-varying environmental covariates and time-varying en-

gagement outcomes. The simulations suggest the EMEE guarantees such

consistency.
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In the simulation studies here, I found that under different alterations to

the true data generating mechanism or the working model, the EMEE was

always consistent for the marginal effect. The simulations also show that the

estimators have similar performance for efficiency measures.

The thesis will now follow with the results of the Drink Less MRT which

were estimated with the EMEE.
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Chapter 10

Paper Three. Optimising the

Notification Policy to Improve

Engagement with an Alcohol

Reduction App: Results from a

Micro-Randomized Trial

In the previous chapters I have explored past engagement data with Drink

Less, which led to the conclusion that optimising the notification policy was

a worthwhile investment, and presented a published protocol of the MRT.
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In this chapter, I present the results and findings from the MRT for Drink

Less.
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Abstract

Background Drink Less is a behaviour change app to help higher risk

drinkers in the UK reduce their alcohol consumption. The app includes

a daily notification, asking users to “Please complete your drinks and mood

diary”, yet we did not understand the causal effect of the notification on en-

gagement nor how to improve this component of Drink Less. We developed
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a new bank of 30 new messages to increase users’ reflective motivation to

engage with Drink Less. In this study we aimed to determine how both the

standard and new notifications affect engagement.

Objective Our objective was to estimate the causal effect of the notifica-

tion on near-term engagement, to explore whether this effect changed over

time, and to create an evidence base to further inform optimisation of the

notification policy.

Methods We conducted a Micro-Randomised Trial (MRT) with two addi-

tional parallel arms. Inclusion criteria were Drink Less users who; (1) consent

to participate in the trial; (2) self-report a baseline Alcohol Use Disorders

Identification Test score of 8 or above; (3) reside in the United Kingdom;

(4) age 18 years and (5) report interest in drinking less alcohol. Our MRT

randomised 350 new users to test if receiving a notification, compared to

receiving no notification, increased the probability of opening the app in the

subsequent hour, over the first 30 days since downloading Drink Less. Each

day at 8 PM, users were randomised with 30% probability to receive the stan-

dard message, 30% probability to receive a new message or 40% probabil-

ity to receive no message. We additionally explored time-to-disengagement,

with the allocation of sixty percent of eligible users randomised to the MRT

(n=350), and forty percent of eligible users randomised in equal number to

the two parallel arms, either receiving the no notification policy (n=98) or

the standard notification policy (n=121). Ancillary analyses explored effect
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moderation by recent states of habituation and engagement.

Results Receiving a notification, compared with not, increased the probabil-

ity of opening the app in the next hour by 3.5-fold (95% confidence interval

(CI) 2.91, 4.25). Both message types were similarly effective. The effect of

the notification did not change significantly over time. A user being in a

state of ‘already engaged’ lowered the new notification effect by 0.80 (95%

CI 0.55, 1.16), though non-significantly. Across the three arms, time-to-

disengagement was not significantly different.

Conclusion We found a strong near-term effect of engagement on the no-

tification but no overall difference in time to disengagement between users

receiving the standard fixed notification, no notification at all, or the ran-

dom sequence of notifications within the MRT. The strong near-term effect

of the notification presents the opportunity to target notifications to increase

‘in-the-moment’ engagement. To improve longer-term engagement, further

optimisation is required.

International Registered Report Identifier (IRRID): DERR1-10.2196/18690

10.0.1 Introduction

Hazardous and harmful alcohol consumption is one of the major risk factors

for many disease outcomes and has a significant global burden of health [8,

81]. Delivering brief interventions to reduce hazardous and harmful alcohol
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drinking is known to be effective [110] however such efforts are challenged by

the sheer prevalence of harmful drinking and the limited capacity of services

[229, 111]. There is a long-standing recognition of the need to broaden the

reach of and access to brief, effective interventions to reduce harmful alcohol

consumption for help-seeking individuals [36]. A promising solution is be-

haviour change apps, as these are complex interventions which can capture

dynamic patterns in human behaviour and deliver support when an individ-

ual needs this the most [82, 14, 146]. Building on evidence which supports

short message services as interventions to help individuals [21], behaviour

change apps can provide comprehensive, every-day support, within people’s

homes and diverse communities, to maintain healthy behaviours [194]. How-

ever, a major concern is that insufficient engagement with an app is likely to

hinder behaviour change, particularly if a user disengages with the app not

long after downloading it [234, 4]. Engagement, a construct of both experi-

ential and behavioural aspects [14], fluctuates within and between users over

time, and is influenced not only by the static content of the intervention,

but also by internal (e.g., the user’s momentary mood, cognitive state and

recent patterns of engagement and drinking) and external (e.g., the user’s

current environment) factors [171, 160, 6]. Push notifications (reminders or

pop-up messages on the screen) are often implemented to increase engage-

ment with a behaviour change app [4] and can have small, positive effects on

engagement over a 24-hour period [25]. However, a more immediate causal

effect (e.g., within the next hour) of a push notification on engagement with
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behaviour change apps is not yet established [25, 227]. We undertook a trial

to estimate the causal effect of the notification on near-term engagement in

the behaviour change app Drink Less and to consider how the notification

policy could be further optimised to improve engagement.

10.0.2 The Drink Less App

Drink Less is a behaviour change app that aims to help higher risk drinkers in

the UK adult population reduce their alcohol consumption. The app is freely

available to people seeking help with their alcohol consumption though the

app has not been advertised or targeted to specific groups of people. Drink

Less was developed in line with the Medical Research Council guidelines for

developing and evaluating a complex intervention [40, 204] and the MOST

(Multiphase Optimisation Strategy) framework [54, 55], and is freely avail-

able on the Apple App Store. Drink Less is an evidence- and theory- informed

intervention with several modules. The overall development and refinement

of Drink Less, including how the behaviour change modules were selected,

can be found here [88, 85, 84]. The standard version of the app delivers a

local daily notification at 11 AM, asking the user to “Please complete your

mood and drinks diary” (See Appendix 6 for a visual of the Drink Less no-

tification). The daily notification aims to remind users to self-monitor their

drinking. The National Institute for Health and Care Excellence (NICE)

for the United Kingdom recommends self-monitoring as an effective tech-

nique for the act of noticing recent behaviour and how this relates to their
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related goals [164]. However, if a user has already engaged with the app

to self-monitor their drinking that day, the notification may be an unnec-

essary reminder and ultimately annoy the user over time. The notification

appears on the users’ Notification Centre and tapping the notification opens

to the Drink Less landing page. The standard version of Drink Less sends

a daily notification that aims to increase self-monitoring through tracking of

recent alcohol units consumed (i.e., the day before). The 11 AM time is to

allow users time to complete their morning routines before engaging with the

app. User feedback was received via the App Store, with a suggestion that

a reminder to report drinking diaries in the evenings would be more helpful.

10.0.3 Engagement with Drink Less

We previously reported exploratory research which visualised the temporal

patterns of engagement with Drink Less [18]. The visualisations showed

limited depth of engagement, with 85% of sessions occurring within the Self-

Monitoring and Feedback module, and a natural peak, near 8 PM, of both

frequency (i.e., number of logins) and time spent on the app observed in the

evenings. This suggested that evenings are opportune moment to engage

with Drink Less for longer sessions. In the evenings, users may be more vul-

nerable to harmful drinking and intervening at this moment of vulnerability,

and at an opportune moment to engage, may be more conducive to reduce

harmful patterns of drinking. Additionally, our exploratory research discov-

ered different trajectories of use, with 50% of users disengaging with the app
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22 days after download, and we hypothesised that a fixed notification pol-

icy may suit some users for maintaining engagement, while other users may

habituate to the daily notification policy and disengage sooner.

10.0.4 Specific aims and objectives

We conducted a Micro-Randomised Trial (MRT), a design in which users

recruited to the MRT were repeatedly randomised to notifications over time

with outcomes measured after each randomisation [180, 222, 163, 42, 162].

Our aim is to provide evidence of how notifications affect near-term engage-

ment as well as consideration towards further improvement of the push notifi-

cation policy. The primary objective was to assess if sending a notification at

8 PM increases behavioural engagement (opening the app) in the subsequent

hour with Drink Less. Secondary objectives included the comparison of two

different types of notifications, effect moderation by time and the exploration

of effect moderation by a user’s context (with context being a user’s dynamic

state of engagement or habituation). We aimed to understand the role of a

notification policy more generally for time-to-disengagement. Additionally,

we also aimed to compare three policies on time to disengagement (each pol-

icy being the decision rule of delivering notifications employed in one of the

three arms). This is a first step in our wider aspiration to optimise the no-

tification policy of Drink Less, an aspiration we return to in the discussion

section.
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10.1 Methods

10.1.1 Trial Design

Our study is a 30-day MRT with two additional parallel arms. Three differ-

ent notification policies are implemented in the two arms and the MRT, to

address secondary objectives. The different policies are (i) a standard policy

of sending a daily message of “Please complete your mood and drinks diary”

sent at 11 AM (ii) the MRT, a random policy which varies the content and

sequence of the notifications, and (iii) a no-notification policy, a policy which

no notifications are sent. For the secondary objectives, the three policies are

referred to as (i) the standard notification policy, (ii) the random notification

policy, and (iii) the no-notification policy. Sixty percent of eligible users were

randomised to the MRT, and forty percent of eligible users were randomised

in equal number to the two parallel arms, either receiving the no notification

policy or the standard notification policy, of “Please complete your mood and

drinking diary” at 11 AM. For users randomised to the MRT, each user was

randomised daily at 8 PM, to receive one of the three options: no notification

(with 40% probability), the standard message (with 30% probability), or a

notification randomly selected with replacement from a bank of new messages

(with 30% probability). Following our MRT protocol [19] and the Consol-

idated Standards of Reporting Trials (CONSORT) 2010 guidelines [38] we

report the primary and some secondary results here.
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10.1.2 Participants

The recruitment period ran from 2nd January 2020 to 1st April 2020. Drink

Less is freely available on the Apple App store, and individuals who down-

loaded the app during the recruitment period were eligible to participate in

the trial if they self-reported a baseline Alcohol Use Disorders Identification

Test (AUDIT) score of 8 or above which is indicative of excessive alcohol

consumption [5]; resided in the UK; were aged 18 years or over; and reported

being interested in drinking less alcohol.

The app prompted eligible users to read the privacy notice (Appendix 2) and

participant information sheet (Appendix 3) before proceeding to enrol in the

trial. During the informed consent process, users were informed that they

could opt out of the trial at any time and that they would receive the standard

version of the app if at any time they withdrew their consent. Date of

download is defined as the date which the onboarding process is completed by

each user. The onboarding process involved users completing a registration

section where they completed the AUDIT and sociodemographic assessment,

and then received normative feedback (personalised feedback on how their

drinking compares with the behaviours of others). It is only after completion

of the onboarding process that users were then assessed for eligibility and

consequently randomised to one of the three arms. Upon enrolment to the

study, we turned the permission function off within the app. This was with

the intention to ensure that the participants received the notification policy
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they were randomised to. Participants could, however, go into the settings

and turn the notification policy off, which is applicable for all apps on the

Apple App Store and is beyond the control of any app developers.

10.1.3 Data

Pre-processing of the original usage data was required. The raw engagement

data is captured by a series of screen views, comprising of timestamps of when

a new screen is opened in the app. Clearing or swiping away the notification

does not register as any use [40]. The length of a session is calculated as the

difference (in micro-seconds) between the first screen view and the last screen

view, with a new session defined after 30 minutes of inactivity between screen

views [41]. This method of calculating length of sessions means our measures

of the length of time spent on the app are always underestimated, as we do

not know how long the user observed the last screen view [86]. We did not

impose a threshold on our outcome (in terms of amount or depth of app use),

so simply opening the app is measured as engagement. When a user opens

Drink Less, they are presented with a dashboard with various information

about their drinking habits as well as a ‘toolbox’ of features to access if

they want. As such, simply opening the app and viewing the dashboard

and toolbox presents an opportunity for users to benefit from engaging with

Drink Less. All time stamps were appropriately adjusted from Coordinated

Universal Time to British Summer Time.
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10.1.4 Time-fixed Measures (Baseline)

Time-fixed covariates, measured at baseline were age, sex, type of employ-

ment (manual, non-manual, or other) and baseline AUDIT score (0-40) [5,

195]. The AUDIT risk zones were: hazardous (8-15), harmful (16-19) and

at risk of alcohol dependence (20-40). The participants self-selected the em-

ployment status they identify with for the options they were provided. They

were not provided with a definition of the employment type.

Time-Varying Measures

Time-varying engagement measures within the MRT are timestamps of when

the user opens the app and the length of time (in seconds) spent on the app.

This includes the time-varying variables (i) “did the user open the app before

8PM on day of randomisation? (yes/no)” (ii) “did the user open the app any

time after 9PM the day before? (yes/no)”. Time-varying covariates, used as

part of post-hoc analyses to explore effect moderation, were ‘habituation’ and

‘already engaged’. ‘Habituation’ was captured using the binary measure “did

the user receive a notification the day before? (yes/no)”. ‘Already engaged’

was captured using the binary measure “did the user open the app between

8 PM-9 PM the day before? (yes/no)”.
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10.1.5 Interventions

The MRT tested two different notification types. This trial tests the existing

notification with the message of “Please complete your mood and drinking

diary” and a new notification bank of 30 novel messages (Appendix One).

The development of the new notification bank was informed by research with

Drink Less which found that the perceived usefulness of the app (the belief

that using the app will help the user achieve their goal(s) and an indicator of

users’ reflective motivation to engage) was associated with increased engage-

ment for some users. The new bank of notifications was therefore designed

(with feedback on the content sought from a group of behavioural scientists)

to increase users’ reflective motivation to engage with a particular interven-

tion module [172]. All messages contained the phase “(using a particular

module in the app) can help you drink less”. Examples include “Recording

if-then plans can help you drink less” and “Setting a doable goal can help

you drink less. Take a moment to set a doable goal”. The notification does

not lock the users’ screen and there is no expiry time to the notification.

10.1.6 Outcomes

The primary outcome is whether the user opened the app (yes/no) in the

hour between 8 PM to 9 PM, following the randomisation of receiving a

notification at 8 PM. This is a time-varying, binary, near-term measure of

engagement. We also defined a post-hoc outcome of whether the user opened
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the app between 8 PM on the day of randomisation to 8 PM the following day,

to explore the effect over a 24-hour period. Secondary outcomes captured

across the three different polices include number of days to disengagement,

with disengagement defined as the first day in a period of seven or more

consecutive days of no use.

10.1.7 Sample Size

We powered the MRT for the important secondary objective of effect mod-

eration over time, which guarantees at least as much power for the primary

objective to detect a marginal effect. Using simulation informed by observa-

tional Drink Less data [19], we determined that a sample of 1,200 users was

sufficient to provide 80% power, with type I error of 5%, to detect effect mod-

eration over time, assuming a marginal notification effect of 2.16 decaying by

0.911 per day since download. We powered the secondary arms, implement-

ing different notification policies, to detect a minimum absolute difference in

time-to-disengagement of 10%, assuming 55% disengagement by day 22 under

the standard policy compared with 65% under the no-notification policy. To

achieve 80% power, with type I error of 5%, we required 372 users to receive

each notification policy. This was rounded to 400 to simplify the randomisa-

tion process. Overall, we aimed to recruit 1,200 users to the MRT, 400 users

to the standard notification policy and 400 users to the no notification policy.

Previous download trends revealed, on average, an estimate of at least 33 eli-

gible users per day who downloaded Drink Less and consented to the privacy
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notice, and we expected the available recruitment window (2nd January to

1st April 2020) to be sufficient to reach our recruitment target of 2,000 users.

However, we fell short of this target of 2,000 users and randomised 598 users

in total for three reasons: (i) a large proportion of users (40%) did not give

their informed consent to be part of the study, (ii) the number of downloads,

particularly for March 2020, was less than predicted, based on 2019 trends,

and (iii) extending the recruitment period to achieve the desired sample size

was not possible due to the commencement of a prescheduled NIHR-funded

RCT [84]. Consequently, the primary objective was sufficiently powered, yet

we did not achieve the pre-specified sample size for the secondary objectives

of effect moderation over time and time-to-disengagement.

10.1.8 Randomisation

Simple randomisation (unstratified and no blocking) was used. An external

engineer generated the randomisation sequence and coded this into the app.

Two co-authors (LB and CG) pilot tested the randomisation schedule. To

further verify the randomisation process, ten volunteers also participated in

a pilot test. The ten volunteers were randomised to the three different arms

and asked to record notifications received and use of the app. We confirmed

the randomisation process functioned as planned, and all use was correctly

captured.
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10.1.9 Statistical Methods within the MRT

Descriptive statistics (frequency distributions and measures of central ten-

dency) were used to describe the baseline variables of participants. The

primary outcome, within the MRT, was summarised separately for the stan-

dard notification, the new notification, and no notification, by the number

of person-days where the app was opened between 8 PM to 9 PM then

divided by the number of person-days in the MRT, and expressed as a pro-

portion. The near-term effect of the notification on the primary outcome

was expressed on the relative risk scale, and pooled over the longitudinal

data across all participants, using the Estimator for the Marginal Excur-

sion Effect (EMEE) [44]. The EMEE was developed for estimating causal

effects of time-varying treatments with binary outcomes. The EMEE does

not require the correct specification of the marginal mean model (i.e., how

the time-varying engagement depends on a user’s time-varying contexts),

providing robustness to highly complex and stochastic engagement patterns.

The effect of receiving a push notification, versus not receiving a notification,

was estimated overall and then separately for the new message bank and the

standard notification. All models from the MRT were adjusted for the con-

tinuous variables of age, AUDIT score, days since download, the categorical

variables of sex and employment type and the time-varying variables “did the

use user the app before 8 PM that day?” and “did the users use the app after

9PM the day before?”. The time-varying measures were included to increase

the precision of our near-term notification effect, as they are likely highly
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correlated with the outcome. The covariates of ‘habituation’ and ‘already

engaged’ are for the purpose of exploring how these recent states modify the

near-term effect of the notification.

10.1.10 Statistical Methods across Arms

Baseline descriptive statistics and measures of use – the median number of

sessions per user and the median length of sessions (seconds) – were reported

across the three policies. A user was classified as having disengaged at the

first day of a period of 7 consecutive days of no use. This outcome was only

defined for the first 23 days since follow-up lasted 30 days in total. Survival

curves were plotted using the Kaplan Meier estimator [45] and compared

using a log-rank test. Due to technical glitches, there was some unanticipated

missing categorical baseline data. We report the number of missing values per

arm. We used modal imputation for baseline variables. To assess sensitivity

of our conclusions to our missing data approach, we imputed data with the

second most common value. All analyses were conducted using R v.4.0.5

[212] with the dplyr [226], lubridate [92], gtsummary [203], zoo [236], ForImp

[205], and survminer [112] packages.

Ethics

Ethical approval for this study was granted by the University College of

London’s Departmental Research Ethics Committee (CEHP/2016/556) on

October 11, 2019, and The London School of Hygiene and Tropical Medicine
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Interventions Research Ethics Committee (17929) on November 27, 2019.

10.2 Results

The anonymised datasets, including data dictionaries, are publicly available

here: https://osf.io/w3szp/. The code for the EMEE is openly available

on GitHub account: https://github.com/lauren-bell/DrinkLessMRT.
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Figure 10.1: Flowchart of Trial

Recruitment

The trial recruitment period ran from 2nd January 2020 to 1st April 2020

(app version 2.0.1). We analysed 566 users in total. Mean age was 44 years
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old (SD = 12), with 247 (43.6%) males and 259 (45.8%) females. 353 (62.3%)

of users reported being in non-manual employment; 71 (12.5%) in Manual

employment; and 82 (14.4%) in Other. 276 (48.8%) reported Hazardous al-

cohol consumption, 114 (20.1%) reported Harmful and 176 (31.1%) reported

to be at risk of alcohol dependence. 386 (68.2%) users disengaged by day 23

or before.

Sex and employment type was not recorded for 60 users (Standard Arm n=5;

MRT n=40; No Notification Arm n=5). We used mean modal imputation for

these 60 observations of baseline outcomes of sex (to female) and employment

type (to non-manual).

Baseline Summary

User Characteristics N Standard Arm,
N=120

MRT,
N=349

No Notification Arm,
N=97

Age (years), median (IQR) 566 45 (35,55) 43 (31,51) 43 (34, 52)
Sex, n (%) 506
Male 43 (41%) 155 (50%) 49 (53%)
Female 62 (59%) 154 (50%) 43 (47%)
-Missing- 15 40 5
Employment Type, n(%) 506
Non-manual 66 (63%) 224 (72%) 63 (68%)
Manual 19 (18%) 37 (12%) 15 (16%)
Other 20 (19%) 48 (16%) 14 (15%)
-Missing- 15 40 5
AUDIT score, n(%) 566
Hasardous (8-15) 48 (40%) 142 (41%) 49 (51%)
Harmful (16-19) 29 (24%) 84 (24%) 18 (19%)
At risk of alcohol dependence (20-40) 43 (36%) 123 (35%) 30 (31%)

10.2.1 Outcomes and estimation

In the MRT, 349 users were randomised each day for 30 days, resulting in

10,470 measurements for the primary outcome. There were 3,146 (30.0%)
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measurements for the new message, 3,112 (29.7%) measurements for the

standard notification and 4,212 (40.2%) measurements for no notification.

The proportion of the primary outcome occurring (opening the app between

8 PM-9 PM) was: 0.122 for the new message; 0.131 for the standard message;

and 0.036 for no message. For the post-hoc 24-hour outcome (from 8 PM

to 8 PM the next day), the proportion of opening the app was 0.351 for the

new message; 0.342 for the standard message; and 0.280 for no message.

Main Results

Table 10.1: Primary objective – adjusted marginal effect of receiving a noti-
fication compared to not receiving a notification.

Notification Type Relative Risk (95% confidence interval)
Pooled notifications (both standard and new) 3.523 (2.918 - 4.255)
Standard notification 3.664 (2.993 - 4.485)
New notification 3.385 (2.774 - 4.131)

Table 10.2 provides the results for the estimate of the near-term effect of

the notification on engagement. This demonstrates that on average, the

probability of opening Drink Less within the hour of receiving a notification

increased 3.52-fold; 95% CI (2.91 to 4.25). The two different notification

types have similar effects, with the probability of opening Drink Less within

the hour of receiving a standard notification increasing 3.66-fold; 95% CI

(2.99 to 4.48) and the probability of opening the Drink Less app within the

hour of receiving a new notification increasing by 3.39-fold; 95% CI (2.77 to

4.13).
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Table 10.2: Change of marginal treatment effect (Relative Risk) over time
(rate of habituation per day)

Notification type
Relative Risk (95%
confidence interval) on day
after download

Multiplicative change
in effect

Pooled notifications
(both standard and
new)

3.849 (2.811 - 5.270) 0.993 (0.975 - 1.012)

Standard notification 4.193 (3.004 - 5.854) 0.989 (0.970 - 1.001)
New notification 3.534 (2.536 - 4.924) 0.997 (0.976 - 1.017)

Table 10.3: Summary across three policies

Arm Median (IQR)
number of sessions

Median (IQR) length of sessions
(seconds)

Standard Arm 14 (4, 32) 28 (6, 87)
MRT 10 (3, 42) 28 (7, 86)
No notification Arm 8 (3, 27) 36 (10, 107)

Time to disengagement – Survival Analysis

The median time to disengagement was 11 days for the standard arm, 11

days for the MRT and 7 days for the no notification arm. The number of

users who disengaged was 83 in the standard arm, 232 in the MRT and 71

in the no notification arm. The log rank chi-squared test statistic is 1.7 with

2 degrees of freedom and the corresponding p-value is 0.42.
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Figure 10.2: Kaplan-Meier plot of Time-to-Disengagement

Ancillary analyses

Table 10.4: Estimated effect and effect moderation (relative risk)

Notification type Relative Risk (95% confidence
interval)

Multiplicative change in effect
(95% confidence interval)

Habituation - “did the user receive a notification the day before?”
Pooled 3.645 (2.665 - 4.987) 0.946 (0.655 - 1.368)
Standard 3.935 (2.843 - 5.447) 0.889 (0.603 - 1.311)
New Message 3.357 (2.387 - 4.721) 1.013 (0.678 - 1.513)

Already engaged – “did the user open the app between 8PM-9PM the day before?”
Pooled 3.621 (2.908 - 4.508) 0.875 (0.616 - 1.242)
Standard 3.720 (2.941 - 4.704) 0.962 (0.656 - 1.412)
New Message 3.522 (2.797 - 4.434) 0.800 (0.551 - 1.163)
• Adjusted for the continuous variables of age, AUDIT score, days since download, the categorical variables of

sex and employment type and the time-varying variables “did the use user the app before 8PM that day?”
and “did the users use the app after 9PM the day before?” and the effect moderation variable of Habituation.

• Multiplicative change in relative risk when effect modifier is positive
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Table 10.5: Post-hoc estimated adjusted marginal effect defined over 24 hours
(from 8PM to 8PM the next day).

Notification type Relative Risk (95% confidence interval)
Pooled 1.260 (1.187 - 1.337)
Standard 1.245 (1.161 - 1.336)
New Message 1.274 (1.193 - 1.360)
• Adjusted for the continuous variables of age, AUDIT score, days since download, the categorical vari-

ables of gender and employment type and the time-varying variables “did the use user the app before
8PM that day?” and “did the users use the app after 9PM the day before?”.

10.3 Discussion

10.3.1 Principal Findings

We have shown that, for Drink Less, there is a large near-term (3.5-fold)

positive effect on engagement. The near-term notification effect for either the

standard message type or a message from the new bank have similar effects

in increasing engagement in the subsequent hour. Over a 24-hour period, a

smaller, significant effect (1.3-fold) remains. We did not detect a significant

change in the effect of the notification over time. The effect of receiving a

new message, which aims to re-engage users, was non-significantly reduced

by 20% if the user was already engaged. Furthermore, the effect of receiving a

standard message was non-significantly reduced by 12% if the user received a

notification the day before. There was no significant difference in (i) the mean

number of days to disengagement, (ii) number of sessions and (iii) length of

sessions across the three different notification policies. However, a slightly

higher median length of time for a session under the no notification policy

was observed. One might hypothesise that behavioural engagement that is
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unprompted may include more attentive interest and cognitive investment.

In our study, despite evidence of a large positive notification effect on near-

term engagement, an overall policy of sending a fixed daily notification or a

random mix of notifications did not lengthen the time to disengagement or

increase the amount of engagement during the first 30-days of download. The

results of the effect moderation analyses, although requiring confirmation in

larger studies, suggest that notifications may be better served as dynamic

interventions which adapt to a user’s fluctuating patterns of engagement,

for example via a policy of sending a notification to users when they are

at an increased risk of disengagement, targeting them at that point with a

notification intended to increase their perception of the usefulness of the app.

10.3.2 Future research to optimise the notification pol-

icy

Our study has demonstrated that, for Drink Less, the notification increases

near-term engagement. This finding offers the opportunity for behaviour

change scientists to directly target the precise momentary states of an in-

dividual, to develop and implement dynamic theories for behaviour change

with Drink Less.

Efforts to maintain or increase engagement through consistent notifications

could overburden or annoy a user, resulting in a state of disengagement with

the interventions from a previously motivated user[19]. Our findings suggest
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that the optimal role of notifications to improve long-term engagement is

unlikely to be fixed or random components, but better placed as dynamic

components (i.e. varying not randomly but in response to the user’s chang-

ing state of engagement and habituation). The open question now is when

do we programme notifications to be sent, to balance goals of (i) interven-

ing for maximum therapeutic effect, based on a users’ internal history with

Drink Less and external, environmental factors; and (ii) avoiding states of

disengagement due to the burden of unhelpful notifications. To begin to an-

swer this question, we will undertake further modelling of this MRT data,

to explore the within- and between- user effect of the notification over time,

and the balance of near-term and long-term effects. We will further anal-

yse the data to understand if cue-to-action messages resulted in the task, to

determine if the suggested module was engaged with. We imagine a further

optimised policy would (i) keep more users in a state of engagement for longer

by sending fewer notifications than the policies tested here, (ii) have a higher

near-term notification effect, and (iii) ultimately improve the effectiveness

of Drink Less. A type of machine learning, called reinforcement learning,

may be helpful to personalise and optimise the sequence of notifications over

time [238]. The available data from our trial can provide a rich source of

information to help guide the initial steps (i.e., provide a “warm-start”) of

the learning process of a reinforcement learning algorithm, to improve en-

gagement, for Drink Less or other similar behaviour change apps [238, 233,

132, 133].
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10.3.3 Limitations

Our study was sufficiently powered for the primary objective, to detect a

near-term notification effect. However, due to not achieving our planned

sample size, important secondary objectives of effect moderation over time

and time to disengagement between policies were not adequately powered.

This resulted in wide confidence intervals and large p-values for the effect

moderation analyses, leaving remaining uncertainties about the existence

and magnitude of these effects. Larger studies are required to explore these

effects. There was missing data for a minority of the baseline values of

sex and employment type, though our sensitivity analyses showed that the

result was not sensitive to how the missing values were imputed. The values

entered for alcohol units consumed as diary entries were deemed too noisy to

represent alcohol consumption over time due to bias, extensive missing data

and backfilling (i.e. users bulk reporting their drinking outcomes days later).

Due to a priority to not overburden users with too many notifications sent

within a day, our research does not provide a comparison of the near-term

effect of the notification for different times of the day.

10.3.4 Generalisability

The recruitment period was from 2nd January to 1st April 2020, which be-

gan with a typical surge in downloads in the new year and ended during

the United Kingdom’s first COVID-19 lockdown. Such significant changes
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in the overall environment during the trial are likely to influence the un-

derlying thoughts, emotions, and behaviours about reducing drinking levels

(i.e., people were mainly housebound) [59] and hence impact the patterns

of engagement with Drink Less. The interpretation of the result is an av-

erage over this period only, with most of the recruitment occurring before

the wide-spread outbreak in the UK (Appendix 5). We also note the median

time to disengagement in the standard policy arm (11-days) is much sooner

than our data visualisation cohort experienced (22 days) [18].

10.3.5 Conclusions

We found a large causal effect of sending a notification on near-term engage-

ment. The probability of opening the app in the immediate hour increased

3.5-fold when receiving a notification, compared to not receiving a notifi-

cation. Notifications are important and effective components of behaviour

change apps; however, a policy of sending a fixed daily notification or a

randomly chosen series of notifications did not increase the amount of en-

gagement, or length of time to disengagement for users compared to a policy

of no notifications. This suggests notifications may better serve users when

they are implemented as dynamic components, such as sending a notification

to increase the perceived usefulness of the app only when the users’ pattern

of engagement shows they are at risk of disengaging. Further optimisation

of the notification policy is required to achieve an improvement in long-term

engagement. The next stage of research is to explore how our findings would
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help develop a policy for Drink Less to both intervene when a user is likely

to benefit from support and keep more users engaged for the first 30-days

since download.

10.3.6 Other Information

Registration Registration number and name of trial registry International

Registered Report Identifier (IRRID): DERR1-10.2196/18690
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10.4 Other Information

10.4.1 Registration

Registration number and name of trial registry

International Registered Report Identifier (IRRID): DERR1-10.2196/18690

10.4.2 Protocol

Where the full protocol can be accessed

The published protocol can be found here:

Bell L, Garnett C, Qian T, Perski O, Potts HWW, Williamson E Notifi-

cations to Improve Engagement With an Alcohol Reduction App: Proto-

col for a Micro-Randomized Trial JMIR Res Protoc 2020;9(8):e18690 doi:

10.2196/18690PMID: 32763878 PMCID: 7442945
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Research is a partnership between the Universities of Sheffield, Bristol, Cam-
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sities of Liverpool and Lancaster; and Fuse—The Centre for Translational

Research in Public Health: a collaboration between Newcastle, Durham,

Northumbria, Sunderland, and Teesside Universities. The views expressed

are those of the authors and not necessarily those of the NIHR or the Depart-

ment of Health and Social Care. UKCTAS is part of UK Clinical Research

Collaboration, a Public Health Research Centre of Excellence. Funding from

the Medical Research Council, British Heart Foundation, Cancer Research

UK, Economic and Social Research Council, and the NIHR under the aus-
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10..5 Bank of 30 newly developed messages and their

link to the relevant behaviour change module

Table 10.6: Bank of 30 newly developed messages and their link to the rele-
vant behaviour change module.

Message content
Behaviour

change module

Tracking your drinks and days you don’t drink can help you

Drink Less.
Goal Setting

Did you know that tracking your drinks and days you don’t

drink can help you Drink Less?
Goal Setting

Tracking your drinks and days you don’t drink can help you

Drink Less. Take a moment to track your drinks or a

drink-free day.

Goal Setting

Setting a doable goal can help you Drink Less. Action Planning

Did you know that setting a doable goal can help you Drink

Less?
Action Planning

Setting a doable goal can help you Drink Less. Take a moment

to set a doable goal.
Action Planning

Tracking your mood after drinking and drink-free days can

help you Drink Less.

Self-Monitoring

and Feedback

Did you know that tracking your mood after drinking and

drink-free days can help you Drink Less?

Self-Monitoring

and Feedback

Tracking your mood after drinking and drink-free days can

help you Drink Less. Take a moment to track your mood.

Self-Monitoring

and Feedback

Tracking your productivity levels after drinking and drink-free

days can help you Drink Less.

Self-Monitoring

and Feedback
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Did you know that tracking your productivity levels after

drinking and drink-free days can help you Drink Less?

Self-Monitoring

and Feedback

Tracking your productivity levels after drinking and drink-free

days can help you Drink Less. Take a moment to track your

productivity levels.

Self-Monitoring

and Feedback

Tracking your sleep quality after drinking and drink-free days

can help you Drink Less.

Self-Monitoring

and Feedback

Did you know that tracking your sleep quality after drinking

and drink-free days can help you Drink Less?

Self-Monitoring

and Feedback

Tracking your sleep quality after drinking and drink-free days

can help you Drink Less. Take a moment to track your sleep

quality.

Self-Monitoring

and Feedback

Tracking how clear-headed you feel after drinking and

drink-free days can help you Drink Less.

Self-Monitoring

and Feedback

Did you know that tracking how clear-headed you feel after

drinking and drink-free days can help you Drink Less?

Self-Monitoring

and Feedback

Tracking how clear-headed you feel after drinking and

drink-free days can help you Drink Less. Take a moment to

track your clear-headedness.

Self-Monitoring

and Feedback

Keeping an eye on how your drinking compares with others

can help you Drink Less.

Normative

Feedback

Did you know that keeping an eye on how your drinking

compares with others can help you Drink Less?

Normative

Feedback

Keeping an eye on how your drinking compares with others

can help you Drink Less. Take a moment to check how your

drinking compares with others.

Normative

Feedback
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Recording if-then plans can help you Drink Less. Action Planning

Did you know that recording if-then plans can help you Drink

Less?
Action Planning

Recording if-then plans can help you Drink Less. Take a

moment to record an if-then plan.
Action Planning

Keeping an eye on which if-then plan has and hasn’t worked

can help you Drink Less.
Action Planning

Did you know that keeping an eye on which if-then plan has

and hasn’t worked can help you Drink Less?
Action Planning

Keeping an eye on which if-then plan has and hasn’t worked

can help you Drink Less. Take a moment to check your if-then

plans.

Action Planning

Playing the “yes please, no thanks” game can help you drink

less.

Cognitive Bias

Re-training

Did you know that playing the “yes please, no thanks” game

can help you Drink Less?

Cognitive Bias

Re-training

Playing the “yes please, no thanks” game can help you Drink

Less. Take a moment to play the game.

Cognitive Bias

Re-training
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Appendix 10.A Privacy notice

Privacy notice

The data we collect is anonymous and will only be used for academic research

conducted by University College London to develop improved ways of helping

people to Drink Less.

We are currently testing how the push notifications you receive affect how

you use the app. In this research, you may be randomized to receive either

no messages, the same message, or different messages over time.

The Tobacco and Alcohol Research Group at University College London

(UCL) is collecting the data and processes users’ data for the following pur-

poses:

• To help users Drink Less

• To improve the smartphone application

• To conduct research and write publications that add to the scientific

literature

• To communicate with users

The data collected includes that which the user voluntarily enters or provides

when using the Drink Less app (eg, gender, age, country, job type, alcohol

consumption) and app usage. App versions up to and including 1.0.10 col-
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lected personal data—email addresses—which was entered voluntarily.

Those personal data will be stored for three years.

Processing of users’ data is necessary for the performance of a task carried

out in the public interest. Health data on alcohol consumption is necessary

for scientific research purposes and is in accordance with safeguards.

Research governance within UCL ensures that data is:

• Necessary to support research

• Only used to support legitimate research activities that are considered

to be in the public interest

• Safeguarded/protected

Disclosure:

The Tobacco and Alcohol Research Group at UCL will not share user data

with any third parties.

Right of access:

As the data collected is anonymous, it is not possible to link any data we

hold with an individual user. For versions up to and including 1.0.10 of the

app, email addresses were collected from some users. If a user downloaded

one of these app versions and entered their email address, then the Tobacco

and Alcohol Research Group at UCL can share the data held on the user. Up
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to three years after downloading the app, users can request this by emailing

support@drinklessalcohol.com, along with the email address entered during

the registration process. The Tobacco and Alcohol Research Group at UCL

will then send users the data that it holds on them within one calendar month

of receipt.

If you have any questions about this privacy notice, please contact us at

support@drinklessalcohol.com

Terms and conditions

All data will be stored securely and in line with our privacy notice. You are

not obliged to have your data used for academic research, and you should not

feel coerced. If you choose to withdraw, you may do so without a disadvan-

tage to yourself and without any obligation to give a reason. To withdraw,

please go to the Help tab of the app and choose “Opt out of the study.”

Please feel free to ask us any questions on support@drinklessalcohol.com

Consent

By consenting to this Privacy Notice, you are explicitly giving the Tobacco

and Alcohol Research Group at UCL permission to process your data for the

purposes specified.

You may withdraw consent at any time by going to the Help tab of the app

and choosing “Opt out of the study.”
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I consent to the use of my data, as explained by the Privacy Notice and

Terms and Conditions.

[Yes, I agree]

[No, I disagree]
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Information Sheet

[Screen2] Information sheet for a research project

You are being invited to take part in a research project. Before you decided

to take part, it is important for you to understand why the research is being

done and what participation will involve. The information here will try

and answer any questions you might have about the study but contact us

at support@drinklessalcohol.com if there is anything else you would like to

know. Please read the following carefully and discuss it with others if you

wish.

Who is conducting the research?

We are a team of researchers at University College London and London School

of Hygiene and Tropical Medicine.

Why are we doing this research?

We want Drink Less to be an app that you want to use. There are features

in the app which may or may not encourage you to carry on using the app.

We want to know how to improve these features. We are only interested in

how you use the app during the first 30 days.

Why have I been chosen?

You are eligible to take part in this study if you are aged 18 years old or

older, have indicated that you are interested in using the app for drinking
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less alcohol, and have a score of 8 or more on the test to identify alcohol use

disorders, as we are particularly keen to support this group in continuing to

use the app. Most importantly, you decide to take part or not.

What will happen if I choose to take part?

If you choose to take part in this study, the reminders that Drink Less sends

you may have different wording compared with people who choose not to

take part. Otherwise, your experience with the app will not be different

from other people.

Could there be problems for me if I take part?

We do not anticipate any problems caused by taking part in this study.

What data will you collect about me?

We will not at any time access any personal information about you, such

as your name, address, email address. We will collect data about your age,

gender, occupation type, and your alcohol consumption when you download

the app. For the following 30 days, we will collect data about how you use

the app, such as did you use the app or how long you spent on the app. We

cannot identify you in this study, and the app will not provide us with any

other information available on your phone.

What will happen to my data at the end of the research?

At the end of the study, we will make a dataset available to the public here:
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https://osf.io/q8mua. It will not be possible for anyone to identify you in

the dataset. The dataset will only contain your general characteristics (age,

gender, occupation type, baseline alcohol consumption) and how you used

the app for 30 days, such as did you use the app or how long you spent on the

app. The content of the diaries will not be made available to us or anyone

else. If you have any questions, please feel free to ask Professor Susan Michie

on support@drinklessalcohol.com

Consent

You are about to consent to a scientific study that examines how people use

this app.

By taking part, you agree that you have read and understood the information

about the study.

By consenting to this Privacy Notice, you are explicitly giving the Tobacco

and Alcohol Research Group at UCL permission to process your data for the

purposes specified.

I consent to my data being fully anonymized and made available in the public

domain via a data repository. Tick Box [Yes, I agree] [No, I disagree]

I understand that it is not possible to identify me at any stage in this research,

or from any information made public. Tick Box [Yes, I agree] [No, I disagree]

I understand I may withdraw consent at any time by going to the Help tab
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of the app and choosing “Opt out of the study.” Tick Box [Yes, I agree] [No,

I disagree]

I consent to the use of my data, as explained by the Privacy Notice and

Terms and Conditions.

[Yes, I agree]

[No, I disagree]
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10.A.1 Sample size calculation

Based on findings from the exploratory analyses of Drink Less users (manuscript

submitted), we create generative models with a varying magnitude of treat-

ment effect moderation with a few plausible values of marginal treatment

effect. In particular, the exploratory analysis suggested that a crude esti-

mate of the marginal treatment effect is 2.16 (in terms of relative risk), and

the effect is modified by a factor of 0.911 for each additional day since down-

load. Therefore, in the generative models, we let the marginal treatment

effect to take values from 2.16, 1.80, and 1.50 (in terms of relative risk). For

each marginal treatment effect value, we consider the magnitude of effect

moderation by day-in-study (range –0.03 to –0.012) (in terms of log relative

risk, assuming a log-linear model; eg, effect moderation–0.015 means that for

each additional day in the study, the treatment effect decreases by a factor

of exp(–0.015) = 0.985, and at the end of the study (day 30) the treatment

effect will be exp(–0.015 × 29) = 0.647 of the treatment effect on the first

day of the study). Figure 2 shows the result of the simulation-based sample

size calculation, where the power to detect moderation for each sample size,

marginal treatment effect, and moderation combination is calculated from

1000 simulations, where the critical value of the t-test is chosen to ensure

0.05 Type I error control.
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Figure 10.3: Result of the simulation-based sample size calculation.

“ATE” (average treatment effect) denotes the marginal treatment effect aver-

aged over 30 days (relative risk scale). “Moderation” denotes the treatment

effect moderation by day-in-study (on log relative risk scale, assuming a log-

linear model; eg, effect moderation being –0.03 means that for each additional

day in the study, the treatment effect decreases by a factor of exp(–0.03) =

0.97).

Simulations indicate that to ensure roughly 80% power to detect a –0.015

moderation (yellow curve in Figure 2) or larger moderation in magnitude,
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a sample size of 1200 is sufficient. Comparison across the three panels in

Figure 2 shows that the power to detect moderation is relatively insensitive to

different marginal treatment effect values. Because the sample size required

to detect a nonzero marginal treatment effect is drastically smaller than the

sample size required to detect moderation, we have close to 100% power to

detect a nonzero marginal treatment effect under all of the sample sizes,

marginal treatment effect, and moderation combinations considered in the

simulation (results not shown). Therefore, we set the target sample size of

the MRT arm to be 1200. In the simulation-based sample size calculation,

we consider the following generative model. The binary outcome (whether

or not the user logged into the app or not between the hour of 8PM to 9PM)

on day t is generated from a Bernoulli distribution with success probability

exp {α0 + α1t + At (β0 + β1t)}

where t denotes day-in-study (1, 2, . . . , 30), and At is the binary indicator

of whether a notification is sent on day t, with 0.6 probability to be 1 and 0.4

probability to be 0 . Following (Qian—et al., 2020) the marginal excursion

effect averaged over time on relative risk scale (ie, ”average treatment effect,”

or ATE) is defined as

ATE =
∑30

t=1 exp (α0 + α1t + β0 + β1t)∑30
t=1 exp (α0 + α1t)

.

Using the result of the prior cohort data, in the generative model, we fix the
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success probability of the binary outcome under no treatment on day 1 to

be 7.6%, and we fix the success probability of the binary outcome under no

treatment on day 30 to be 2.2%. The effect moderation by day-in-study on

log relative risk scale is β1, which we vary between −0.030 and −0.012. We

also vary ATE among three values: 2.16 (the crude estimate from the cohort

data analysis), and two conservative values 1.80 and 1.50. Hence, for a given

(ATE, β1 ) pair and the fixed success probability under no treatment on day

1 and day 30 , we can compute the values of α0, α1, β0. The combination

(α0, α1, β0, β1) determines the generative model.

Under each generative model, for a fixed sample size (500, 600, . . . , 2000),

we simulate 1,000 data sets and calculate the t-statistic for testing H0 : β1 =

0 using the EMEE estimator in Equation 10 (Qian et al., 2020)of by setting

St = (1, t), g (Ht) = (1, t), p̃t (St) = 0.6, and with a small modification

in that the factor exp
(
−AtS

T
t β

)
is replaced by exp

{
− (At − 0.6) ST

t β
}
.

The t-statistic is formed by dividing the estimator of β1 by its estimated

standard error, and H0 : β1 = 0 is rejected if the absolute value of the

t-statistic is larger than 1.96. This ensures 0.05 Type I error control. Power

under each setting is calculated as the proportion of simulations where H0

is rejected.
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10.A.2 Recruitment plots

Figure 10.4: Recruitment plots over time
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Chapter 11

Discussion

11.1 Summary of thesis

To conclude this thesis, I will summarise my work, review the key discoveries

and consider the new research questions and future directions.

I first began by describing two digital therapeutic apps which sought reg-

ulatory approval as digital therapies, and considered the differences in the

types of evidence evaluated for regulatory approval. This demonstrated the

challenges regulatory bodies and behaviour change app developers face with

gaps in knowledge of evidence, when evaluation methods do not fit the agile

and dynamic nature of behaviour change apps. I then explored the different

types of evaluation methods, particularly different types of randomised trial
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designs in the literature, through a systematic review.

I began my work with Drink Less by exploring patterns of use through simple

visualisations. This work suggested that the fixed daily notification policy

worked well for some users for maintaining engagement, but not for other

users. I concluded that optimising the notification policy is a worthwhile

investment, and the future goals were established to (i) determine the causal

effect of the notification and (ii) consider tailoring the notification policy to

the context of individual users over time. A Micro-Randomised Trial (MRT)

would allow us to achieve both goals.

I then designed an MRT, which was complemented with two parallel arms

(i.e. a no-notification policy, a random notification policy at 8pm and a

standard, fixed notification policy for 11am). I wanted to build a more effec-

tive and less burdensome notification policy, with the results of the MRT to

inform the optimisation of the content and sequence of the notification pol-

icy. The objectives were to understand (i) if the notification had a marginal,

near-term effect, (ii) if this effect changes over time or depends on other time-

varying states, and (iii) if there is a long-term effect, along with a near-term

effect. I also established disengagement as a state, and set the trial to explore

trajectories of reaching this state under three different policies.

I then expanded on the work of Qian et. al. [180], by exploring the properties

of the EMEE as an estimator for estimating the CEE from MRTs. This work

extends the findings of Qian [180], which shows that the EMEE provides con-
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sistent estimates for the marginal near-term effect when the adjusted working

model omits or does not correctly specify the true relationship between an

effect moderator and the outcome under no treatment. The results confirm

that GEE with an independence correlation matrix is not guaranteed to be

a consistent estimator. The benefits of the EMEE is that it provides a co-

herent approach to estimate both the primary and secondary objectives for

the Drink Less MRT.

The results of the MRT showed a large, near-term effect of the notifica-

tion, but highlighted that a notification policy which does not adapt to the

time-varying recent state of engagement does not perform better than no-

notification policy. I now hypothesise that a notification policy which only

sends notifications to encourage engagement, when users are at a higher risk

of disengagement, would increase the effectiveness of the near-term notifica-

tion while reducing burden, and this may ultimately keep users engaged for

longer.

The MRT was analysed using a novel estimator, the Estimator for the Marginal

Excursion Effect (EMEE), developed by Qian [180] and discussed in Chapter

Eight. As discussed, when there is a highly stochastic, complex outcome

under the null, the conditional effects are biased for a Sequential Conditional

Mean Model (SCMM), when modelled by a Generalised Estimating Equa-

tion (GEE) with an independence working correlation matrix, but the EMEE

provided consistent results for the Causal Excursion Effect (CEE) for both
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the primary and secondary objectives.

Finally, I now conclude with some thoughts towards future research, and

future further analysis of the MRT data, to potentially consider and build

a warm-start policy for reinforcement learning, developed from the MRT for

Drink Less, with a constrained contextual bandit in mind. This would be

with the goal to both allow (i) personalisation to occur within Drink Less

and (ii) statements of causal inferences to be made.

The key discovery of my work to the field of engagement in digital health, is

how the notification policy impacts engagement with Drink Less. Notifica-

tions can be useful tools to encourage and direct in-the-moment engagement.

However, repeatedly delivering notifications at times which are unhelpful is

likely to induce habituation and result in disengagement. Strategies for the

notification policy which are myopic (i.e. a policy continues to send notifi-

cations to individuals who were already engaged and may have used the app

anyway) may result in habituation and result in users to disengage sooner.

Overall, this work contributes to the growing scientific literature that places

optimising behaviour change apps to be dynamic health interventions which

exist within dynamic environments and individual states. Behaviour change

apps can evolve into adaptive interventions, to be more effective for different

people with different needs. A better appreciation of the importance of this

understanding could significantly change the way apps are developed in the

future, with fit-of-purpose evaluation methods that match the agile, dynamic
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nature of such interventions.

11.2 The big picture

We live in a world where the most lucrative (and arguably divisive) corpo-

rations currently create their profit from personalised algorithms, and these

algorithms aim to change purchasing behavior through engagement with their

service. Learning algorithms, such as multi-armed bandits and reinforcement

learning, are the tools which drive such personalisation in search engines and

online advertisement [198, 165, 154, 230]. Monitors and wearable sensors for

health will increasingly become more common in our homes [169, 68], and

continuous monitoring of health measures could give rise to digital dynamic

treatment regimes, with the potential to tailor, in real time, the delivery of

treatments, to the context of personal health information gathered over time

[176].

In order for personalised behaviour change apps be effective in our health

system, there are many important urgent challenges to address [140]. One

important challenge is for the intervention to continuously improve through

personalisation, while allowing for statements of efficacy to be made.
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11.3 Summary of the key conclusions

A key conclusion from this work is that a notification policy within a digi-

tal health app is a powerful tool to create in the moment engagement, yet

the tailoring to an individual’s recent state of engagement and behaviour,

environment and past treatments is likely required, to optimise longer-term

engagement.

What is a helpful notification for some users may not be helpful for others, or

a user may find the same notification helpful in a particular environment or

contextual state, but unhelpful in a different contextual state. In this thesis,

I argue that sending a push notification, to encourage engagement, when the

user is already engaged, is likely to result in delayed negative effects. The

development of a notification policy should avoid being myopic, that is only

consider the immediate effect when determining if to send more notifications

over time.

The cumulative sequence of unnecessary, unhelpful notifications, sent to an

individual who is already motivated and engaged (and may respond to the

notifications initially) will eventually result in harm in the long term, where

harm in this context is defined as burden that induces poor perceptions of

the usefulness of the app. This burden will ultimately lead to states of

disengagement and render the intervention ineffective for a person who was

motivated and engaged with the app at the beginning.
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How the effect of the notification changes due to recent contextual states gives

a direction and signal for how to better optimise the content and sequence

of the notification policy. Optimal development may be better served by

considering notifications as strategies to reignite engagement, and sent when

the risk of disengagement is increasing for an individual, rather than fixed

components to maintain engagement. I now address the open questions which

remain.

11.4 Potential future work with Drink Less

In this section, I now consider how we could proceed to further develop

Drink Less into a JITAI or adaptive behaviour change app. I aim to create a

notification policy which sends the right notification to the right users at the

right moment. To do this we need to better understand how the notification

effect is likely to change within and between people over time. This would

extend beyond the results reported in the main analysis of the MRT, which

represent population average marginal effects.

11.4.1 Sequential decision making

I believe the first steps would be to better understand the between and within-

person effects within the notification, and any effects from the cumulative

sequence of notifications.
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As previously highlighted, a key methodological challenge is to allow the

continuous, iterative development of the learning algorithm while facilitating

statements of causal effects. Powered constrained bandits offer a solution

to this challenge, through allowing the notification policy to be tailored to

contextual states of an individual, while guaranteeing sufficient power to

estimate the marginal effect of the notification.

Another path for future research is the development of a warm-start policy

from the Drink Less MRT data. This would be important because poor

initialisation of a reinforcement learning algorithm could be an important

cause of failure to engage users. To begin, we could consider what a good

reinforcement learning algorithm would look like, and consider what infor-

mation is required to help the reinforcement learning algorithm achieve a

good performing initialisation.

Below I briefly describe reinforcement learning, powered constrained bandits

and warm-start policy.

11.4.2 Warm-Start policies for reinforcement learning

Reinforcement Learning is a type of machine learning which aims to opti-

mise sequential decision making by a agent (i.e. a JITAI) over time. History

is now conceptualised as states (i.e. time-varying covariates), actions (i.e.

time-varying treatment) and reward (i.e. time-varying outcomes). The re-

inforcement learning goal is to learn how to transition between states and
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actions to maximise the total expected reward [45, 63].

Reinforcement Learning agents can include one or more of the following com-

ponents.

Policy How the agent behaves

Value How good it is to be in each state

Model How the agent represents the environment

Due to the need for behaviour change apps to keep users engaged from

the beginning, the poor initialisation of reinforcement learning should be

avoided. This could be achieved through a warm-start policy. Liao [133]

listed four characteristics a good reinforcement learning algorithm should

consider, which are:

• Adjust for the longer term effects of the current action

• Learn quickly and accommodate noisy data

• Accommodate some model mis-specification and non-stationarity

• Select actions in a way that after the study is over, secondary data

analyses are feasible (i.e. causal statements can be made).
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11.4.3 Powered constrained bandits

The inspiration for considering Powered Constrained Bandits came from

the paper: Yao, J., Brunskill, E., Pan, W., Murphy, S., & Doshi-Velez,

F. (2021, October). Power Constrained Bandits. In Machine Learning for

Healthcare Conference (pp. 209-259).

In this research, Yao et al [233] develop a meta-algorithm which both guar-

antees sufficient power to detect a marginal effect, while allowing personal-

isation to occur through contextual bandits. The issues addressed includes

minimising regret, which is the difference between the optimal cumulative

outcomes for a particular user and the expected outcomes of that policy,

while retaining enough power for robust causal effects statements to be made.

In the context of future research for Drink Less, a potential next step is

to consider creating a warm-start policy for a powered constrained

bandit.

11.5 Conclusion

In summary, this thesis highlights the usefulness of a MRT to better under-

stand the causal effects of a notification on engagement and further pathways

of optimising the sequence of the notifications. At a high level, I hope this

thesis adds values to the scientific digital health community of how new meth-

ods can be implemented and the useful insight they provide. I also hope the
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thesis brings awareness of the added benefit behaviour change apps can offer

to a user, when their development recognises the way which they can become

adaptive and personalised interventions.
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Appendix A

Key characteristics of trial

designs

A.0.1 Two-arm (simple) RCT

In a two-arm RCT, patients are randomised once to treatments A or B. The

treatments are the same for all patients within each treatment group. Ran-

domised patients are followed up over a set time period and patient outcomes

collected at the end of this period. The average difference of outcomes be-

tween the two treatment groups is estimated as the treatment effect, and

determined to be statistically significant or not. Analysis methods are often

generalised linear models. The common aim of a simple RCT is to determine

if one treatment is more efficacious or effective than another. The control
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treatment can be treatment as usual or a placebo. An example of a mobile

health app evaluated in a simple RCT is the SMART-PD trial [124]. The

main objective of the trial was to determine if the use of a smartphone and

web applications to promote self-management would increase treatment ad-

herence. Patients with (i) a diagnosis of Parkinson’s Disease, (ii) who had

access to a smartphone, tablet or internet connection, and (iii) who required a

change to medication regime were recruited to the trial. The control arm was

‘treatment as usual’ and the treatment period was 16 weeks. The primary

outcome was responses to Morisky Medication Adherence Scale (MMAS-8)

measured at the end of treatment period of 16 weeks. A generalised linear

model compared the average of the outcomes, adjusting for baseline MMAS-

18 score and covariates, between treatment arms.

The research questions well suited to RCTs include when interventions are

clearly defined and static, and a suitable control arm exists. Unblinding of

the outcome data cannot be undertaking during the trial, nor can changes to

the interventions. The within and between patient treatment effects cannot

be understood.

A.0.2 A/B testing

Within online website development, simple randomised controlled trials are

called A/B testing [113, 232]. Participants are randomised to receive two

different versions of a website. A common outcome in A/B testing is number
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of purchases made or clicks to online advertisements, known as the conversion

rate. When more than two websites are compared, the experiment is known

as A/B/n tests.

An example of A/B testing is the online double-blind randomised controlled

field experiment of an educational website Math Garden [196]. School chil-

dren visiting the website were randomised to two different versions of an

educational programme including mathematical problem solving exercises.

Website A was the educational programme used in practise and Website B

included a new mechanism which delayed the options to skip solving more

difficult mathematical problems. Exerted effort was the outcome. The re-

sults showed an increase in the average exerted effort of students who used

Website B, compared to the Website A.

A.0.3 Cross-Over Randomised Trials

Patients are randomised to two or more treatments and serve as their own

control. For a two-arm cross over randomised trial of treatment A and B,

patients are randomised to receive either A then B, or treatment B then

A. More than two treatments can be assessed, with k-arm cross over trial

designs as k number of treatments.

An example of a cross-over trial includes the teleCRAFT randomised crossover

trial, which compared telemonitoring to best practice clinical care for patients

with chronic lung disease [48]. The primary outcome was time to first hos-
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pital admission for acute exacerbation. The number of patients in the trial

was 72 patients, with 61 patients of outcome data on both treatments and

11 patients had some outcomes missing. Paired t-tests were used to compare

outcomes between the arms.

This design allows between and within patient treatment effects to be un-

derstood. For some treatments, a positive correlation of treatment outcomes

within patients is expected, resulting in more statistical power gained com-

pared to a simple RCT with the same sample size. Crossover trials are suited

to studying short-term outcomes of chronic diseases or stable processes. An-

other consideration is ‘carry over’ effect, in that the sequence of treatments

may influence the treatment effect of subsequent treatments [202].A washout

period can be implemented between alternating treatments to allow previous

treatment effects to subside.

A.0.4 Single Case Experimental Designs

Single-case experimental designs include a family of methods in which par-

ticipants serve as their own control [62]. This term is commonly found in

behavioural research trials, in which the intervention and control alternate

over time with outcomes measured for each treatment period. Single case

designs have more than one participant, such that the treatment effect is

measured within and between participants [61].

It is a misconception that single-case experimental designs are based on
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one participant. Types of single-case experimental designs for two treat-

ments A and B include; Reversal (ABA) – when baseline measurements

are taken, treatment is implemented and then removed; Multiple-Baseline

(AB) – trial commences with baseline, then switching to treatment B is

randomly staggered over time across participants; Alternating treatment

(ABABAB. . . ..AB) – baseline and multiple treatments are rapidly alternat-

ing during the study; Changing Criteria – Treatment adapts to the observed

patient behavioural change of the treatment; Combined – Combination of

all elements above. An example of single-case experimental design includes

the smartphone video-based Cognitive Behavioural Therapy (CBT) for obese

patients with an eating disorder [2]. This was a controlled single-case mul-

tiple baseline design to understand if a smartphone video-based application

increased number of participant’s daily meals (as opposed to binge episodes).

Five patients were randomised to baseline time lengths between 14 days to

35 days. The total study time length was 55 days for each patient, such that

treatment period ranged from 20 to 41 days. In this study, statistical analysis

was performed with randomisation tests, non-overlap of pairs calculation.

Single-case experimental designs have the same benefits to randomised cross-

over designs, such that within and between patient variability can be under-

stood. The feasibility and acceptance of removing and providing treatment,

as well as blinding, needs to be considered for designs.
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A.0.5 Series of N-of-1 or N-of-Many

Series of N-of-1 are multiple crossover trials in which both individual and

group treatment effects can be summarised [134, 100]. These study designs

are ultimately the same as single-case experimental designs, where individ-

uals act as their own control and are randomly assigned sequences of treat-

ments throughout the trial. The estimated population treatment effect is

measured as the average difference between outcomes, where individuals can

also receive summaries of their own treatments and outcomes.

An example of a series of randomised controlled N-of-1 trials is the Stat-

inWISE trial, which aims to understand if muscle symptoms during statin

use are caused by statins in individuals [100]. Patients are randomised to

a sequence of six treatment periods, receiving atorvastatin or placebo. The

primary analysis will group treatments to test there is an effect on mus-

cle symptoms between treatments, and also provide with patient their own

numerical and graphical summaries of treatment effects to individuals.

Series of N-of-1 study design is endorsed when treatment effect is considered

heterogeneous across the population, as they enable the between and within

treatment effects to be understood. Again they are suited to conditions which

are stable and chronic, and there are minimal carry-over effects between

treatments.
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A.0.6 Sequential Multiple Assignment Randomised Tri-

als

The Sequential Multiple Assignment Randomised Trial (SMART) is a study

designs which informs the development of adaptive interventions. Adaptive

interventions, also known as dynamic treatment regimes or treatment poli-

cies, are a sequence of decision rules where treatment changes over time from

the initial responses. The change of treatment is determined by the tailoring

variable, which is the patient’s measured responses to first line treatments

that are part of the adaptive intervention [54].

Patients are first randomised to initial interventions, outcomes are mea-

sured and then based on responses to initial treatment patients are then

re-randomised to subsequent treatments. Patients can be re-randomised to

one of several intervention options and time points during the trial. The main

objective in a SMART is to develop adaptive interventions. Guidance sug-

gests that evaluation of efficacy or effectiveness of the adaptive intervention

developed in the SMART is conducted in a subsequent Sequential Multiple

Assignment Randomised Trial (SMART).

An example of a SMART includes an adaptive internet-based stress man-

agement program called My Health CheckUp [125]. Patients with moderate

stress (determined by the Depression, Anxiety and Stress Scale) are recruited

and randomised to one of two initial treatments A or B. Treatment A is
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self-directed use of My Health CheckUp. Treatment B is minimal guided

My Health CheckUp with additional support through weekly telephone lay

coaching.

Total treatment duration of the adaptive intervention is 12 weeks, however

patient outcomes will be recorded at 6 weeks and defined as non-responders if

their stress score did not improve from baseline or remains above the cut-off

for mild stress. All non-responders will re-randomised to either (C) continue

first stage treatment they were randomised to (that is treatment A or B),

or (D) to receive professionally-led motivational interviewing. Responders,

that is patients who score below the cut-off for mild stress at 6 weeks, will

not be re-randomised and continue first stage treatment, either A or B, for

the remaining 6 weeks.

Good adaptive interventions rely on the appropriateness of changing the

treatment to a tailoring variable. Dichotomisation of the tailoring variable,

such that grouping patients into responders and non-responder to dictate the

change of treatment, needs careful consideration.

A.0.7 Micro-Randomised Trials

The Micro-Randomised Trial is a study design which randomly assigns com-

ponents within an app, such as personalised notifications, repeatedly to par-

ticipants during a trial. App features tested in a micro-randomised trial are

known as ‘Just-in-time adaptive interventions’ in mobile health research or
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push notifications in app development industry. An example of a micro-

randomised trial includes the app HeartSteps [117]. HeartSteps is made up

of two intervention components (i) daily activity planning and (ii) push no-

tifications of contextually-relevant suggestions of physical activity. There

are five decision points during the day when push notifications can be ran-

domised to participants. Push notification were tailored to participant’s lo-

cation, weather, day of the week and time of the day. Randomisation was

fixed, such that randomisation was independent of prior randomisations and

participant’s individual or group responses delivered previously in the study.

Analysis was performed by general estimation equation.14, 15 This analysis

method has decision points nested within participants and models the out-

come within-participant correlation across time. The method incorporates

the sequential randomisation to estimate causal treatment effects. Small

sample corrections were applied to the critical value of the test statistic to

adjust the Type I and Type II errors. Klasnja describes micro-randomisation

as a form of a sequential factorial design [117]. MRTs differ from single-case

experimental designs by measuring how a component at a set time or context

is most efficacious through understanding effect moderation. Simple RCTs

do not articulate decision points for components or examine moderators of

observed effects.
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A.0.8 Multi-Phase Optimisation Strategy Framework

Multi-phase Optimisation Strategy Framework (MOST) is a framework to

develop complex interventions made up of multiple components.12 The frame-

work emphasises agile screening experiments of potential components to de-

velop a complex intervention before a definitive RCT. MOST consists of three

phases (i) screening phase, (ii) refining phase and (iii) confirming phase. The

screening phase sees the development of a ‘first draft’ intervention through

testing the efficacy of individual intervention components. This is conducted

through a between subject randomised factorial (either full or fractional)

study, which participants are randomised once to a version of the complex in-

tervention with different module components either present or removed. The

refining phase takes the complex intervention, developed from the screening

phase, and explores how to optimise the selected individual components, se-

lected from the screening phase, in terms of doses or personalisation. This

refining phase is also undertaken with between subject randomised factorial

designs. The final confirming phase sees the complex intervention developed

from the first two phases evaluated in a RCT.

An example of an app that was development with the MOST framework

is Drink Less [85, 88, 84]. During the factorial design, five modules were

assessed: self-monitoring and feedback; action planning; normative feedback;

cognitive bias re-training; and identity change. In the refining phase, each

module was developed as a ‘high’ and ‘low’ version. For example, the high
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version of the self-monitoring and feedback module included info-graphics

of calories consumed from alcohol, mood diary and feedback on progress.

The low version was only the ability to record number of drinks consumed.

The app with all five interventions set to low version was considered the

default control. This framework shows how different components within a

complex intervention perform, and can be outcomes of acceptability, usability

and effectiveness. By randomising patients once to a treatment, the within

and between patient treatment effects cannot be understood. With many

treatment arms compared to one another, adjustments to the type I error

rate may be considered.

A.0.9 Multi-Arm Multi-Stage Trials

Multi-arm Multi-stage (MAMS) trial is a study design in which several treat-

ments, or various combination of treatments, are compared to one control

treatment. The trial incorporates interim assessments in which recruitment

to a treatment arm is discontinued if deemed to be under-performing. The

primary outcome across interim and finals stages can vary. MAMS are adap-

tive study designs, based on group sequential methods which allow multiple

looks at the data during the trial and decisions based on critical values. A

trial without the interim analysis is considered a Multi-Arm (MA) trial.

Examples of a MAMS trial the STAMPEDE trial, which assessed multiple

therapies for advanced or metastatic prostate cancer [211]. The STAMPEDE
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trial began with a control arm and five treatment arms, with a 2:1:1:1:1:1

control to treatment randomisation ratio allocation. The first stage outcomes

were based on safety and feasibility objectives, which resulting recruitment

stopped to two treatment arms. The second stage was based on failure free

survival, and the final analysis is based on overall survival. Because the

design tests multiple hypotheses, this multiple testing influences the rate

of false positive findings. Guidance for MAMS recommends prioritising the

control for the family-wise error rate, that is the probability of a false-positive

with multiple testing [224].

MAMS are a more efficient method, in both duration and number of patients

required, compared to undertaking multiple standalone RCTs to understand

several treatments. MAMS are different to a factorial design in that MAMS

treat each arm independent when estimating treatment effects, whereas fac-

torial designs estimate the treatment effects by combining data, this requires

an assumption that effects are additive when treatments are combined [107].

Factorial designs are not adaptive trial such there are no interim analysis

built in.
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Confirmation of ethical opinion

On behalf of the Committee, I am pleased to confirm a favourable ethical opinion for the above research on the basis described in the application form, protocol and supporting documentation
as revised, subject to the conditions specified below.

Conditions of the favourable opinion
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An annual report should be submitted to the committee using an Annual Report form on the anniversary of the approval of the study during the lifetime of the study. 

At the end of the study, the CI or delegate must notify the committee using an End of Study form. 

All aforementioned forms are available on the ethics online applications website and can only be submitted to the committee via the website at: http://leo.lshtm.ac.uk

Additional information is available at: www.lshtm.ac.uk/ethics
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