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Abstract 
 

Adherence to prescribed medications is a global challenge, with average adherence to long-term 

medications estimated at 50%. The active ingredients of successful interventions to improve 

medication adherence remain elusive. Behavioural science research has identified habit as a 

mechanism of interest for the maintenance of health behaviours, including medication adherence. A 

habit is defined as a mental process which is automatically elicited by a stable contextual cue. 

Existing methods to measure habits are methodologically limited: many require participants to self-

report on implicit mental associations and are subject to recall bias; others require time- and 

resource-intensive procedures to capture data and most fail to capture contextual stability of the 

behaviour. This is important because elicitation of behaviour in response to a stable contextual cue 

is a key feature in distinguishing habits from other forms of automatic behaviour.  

The overarching aim of this thesis is to explore the role, conceptualisation and measurement of 

habit and context stability in adherence to medication for people with long-term conditions. 

The thesis presents a series of critiques and research studies which explore habit, habitual 

behaviour, context stability and methods of measuring context stability in people taking medications 

for long-term conditions. A machine learning assisted review found that habit has not been 

uniformly conceptualised in line with contemporary habit theory in the medication adherence 

intervention literature, that behaviour change techniques used to form habits are multiple and 

heterogeneous and that habit formation is seldom measured. The review also highlighted that 

medical devices that collect time- and date-stamped adherence data are widely available in 

medication adherence research and this data could be used to objectively measure habit using the 

‘behaviour frequency x context stability’ approach. This measure has been in use since 2005 but in 

self-report form. A subsequent critique of the ‘behaviour frequency x context stability’ measure of 

habit describes the need to develop an objective metric of context-stability which is demonstrably 

delineated from frequency of behaviour. The following research studies developed and evaluated 

the utility of an objective metric of context stability to meet this need. This was conducted using a 

sample of 607 people with Cystic Fibrosis whose data described the time of day at which they took 

prescribed nebulised medications over a 12-month follow-up period. This data was captured on 

electronic medical devices. The chosen metric of context stability was derived from a combination of 

simple summary statistics and non-linear methods which capture complex patterns in longitudinal 

data. Albeit with small effect sizes, the metric explained statistically significant variance in ongoing 

(change in adjusted R2 =10.3%, p<.001, after controlling for other variables; a 10% increase in 
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context stability predicted a 7.3% increase in concurrent behaviour), future (change in adjusted 

R2=8.2%, p<.001 after controlling for other variables; a 10% increase in context stability predicted a 

7.8% increase in future behaviour) and the degree of maintained behaviour (people with higher 

context stability had 5% (p<.001) less probability of failing to maintain medication adherence). These 

findings are consistent with performance of self-report metrics of habit and context stability used 

elsewhere in the literature.  

Future work can benefit from the review’s explicit clarification of common misconceptions about 

what a habit is and how it can be targeted, as well as theoretical critiques of common practice in 

habit research. The remaining chapters provide a starting point for future research to continue the 

development of the objective metric of context stability by examining the scope of its 

generalisability in other samples, population groups, study designs and behaviours. 
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 SD Standard deviation 

DET Determinism  SE Standard error 

DIFF_AVG average of the differences in 
time of day between 
consecutive inhalations 

 SRBAI Self-Reported Behavioural 
Automaticity Index 

DIFF_ENT entropy in the differences in 
time of day between 
consecutive inhalations 

 SRHI Self-Reported Habit Index 

DIFF_SD standard deviation of the 
differences in time of day 
between consecutive inhalation 

 TiDIER Template for intervention 
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DTW Dynamic time warping  TS1 Time series 1 

ENT Entropy  TS2 Time series 2 

FEV1% Forced expiratory volume in 
first second (per cent) 

 TT Trapping time 

IQR Inter-quartile range  UQ Upper quartile 

IV Intravenous antibiotics  VENT Entropy in the vertical lines 

LAM Laminarity  VMAX Longest vertical line length 

LASSO Least Absolute Shrinkage and 
Selection Operator algorithm 

 W Average white vertical line length 

LTC Long-term condition  WENT Entropy in the white vertical line 
length 

LQ Lower quartile  WHO World Health Organisation 

MeSH Medical Subject Heading  WP Work-package 

PICOTS Population, Intervention type, 
Comparison, Outcome, Timeline 
and Study 
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Chapter 1. Introduction to medication adherence, 

habit theory and issues with the measurement of 

habits 

 

This thesis converges knowledge, challenges and opportunities from three key areas of health and 

behavioural research; medication adherence in long-term conditions, habit theory and the objective 

measurement of psychological constructs. Chapter 1 reviews the literature, highlighting key 

challenges and opportunities arising from these three areas before drawing them together in the 

rationale for this thesis; that is, the exploration of habit, habitual behaviour and context stability in 

maintenance of adherence to medication for people living with long-term conditions. 

1.1 Medication adherence 

Medication adherence is a complex, evolving and context-variable construct (Stirratt et al., 2018; 

Vrijens et al., 2012). It is most popularly described as the extent to which a person’s behaviour 

follows that which is prescribed by, and agreed with, their healthcare provider (Osterberg & 

Blaschke, 2005; World Health Organisation, 2003). Departing from the prior established concept of 

‘compliance’ which implied little or no patient input in the specification of medication regimen, both 

the degree of inappropriate drug use and the need for consumers of care to be included in the 

discussion about their prescription are central to the concept of adherence (Vrijens et al., 2012). 

Importantly, this term promotes an understanding of the significance of patient self-management 

and engagement in care (Dimatteo et al., 1994). 

1.2 Incidence of non-adherence in long-term conditions 

Adherence to medication has been studied in relation to both acute and long-term conditions (LTCs; 

Haynes et al., 2002, 2008; Jackevicius et al., 2002; Osterberg & Blaschke, 2005). The World Health 

Organization (WHO) describes LTCs as a disease with at least one of the following characteristics: 

“they are permanent, leave residual disability, are caused by non-reversible pathological alteration, 

require special training of the patient for rehabilitation, or may be expected to require a long period 

of supervision, observation or care” (World Health Organisation, 2003, pg. 4). 

According to WHO, adherence in LTCs is approximately 50%, meaning one in every two prescribed 

medications is missed (World Health Organisation, 2003). Estimates across the field echo this figure, 

frequently reporting non-adherence between 40-60% (Briesacher et al., 2008; Stirratt et al., 2018; 
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Yeaw et al., 2009). Variation in treatment types and methods of measurement affect estimates of 

non-adherence (Briesacher et al., 2008; DiMatteo, 2004; Vink et al., 2009; Yeaw et al., 2009), but for 

people living with LTCs, adherence is consistently reported below the minimally accepted level of 

80% (Brown & Bussell, 2011). 

Lower adherence is associated with higher healthcare costs (Cutler et al., 2018; Lee et al., 2006; Tan 

et al., 2011; Tappenden et al., 2017; Vrijens et al., 2017), and has been described as the leading 

barrier to successful pharmacological therapy in ambulatory patients (Osterberg & Blaschke, 2005). 

Non-adherence has been consistently associated with poorer health outcomes and mortality in 

coronary disease (Ho et al., 2008), respiratory disease (Mäkelä et al., 2013; van Boven et al., 2014; 

Weiner et al., 2008) and diabetes (Asche et al., 2011), among many other long term conditions 

(World Health Organisation, 2003). 

In 2001, WHO launched the Adherence to Long-Term Therapies Project (World Health Organisation, 

2001, 2003). This followed the publication of a systematic review of 13 randomised controlled trials 

(RCTs) of interventions to improve adherence (Haynes et al., 1996). WHO concluded from this 

review that “increasing the effectiveness of adherence interventions may have a far greater impact 

on the health of the population than any improvement in specific medical treatments” (World 

Health Organisation, 2003, p.2). Since this statement, a significant amount of research has been 

published that is dedicated to developing interventions to improve adherence. 

1.3 Adherence interventions  

WHO’s (2003) report stipulated the need for patient-tailored, effective interventions, as no 

intervention strategy at the time could evidence universal effectiveness. Between Haynes and 

colleagues’ (1996) systematic review of interventions to improve medication adherence and their 

Cochrane updates in 2008 (Haynes et al., 2008), and 2014 (Nieuwlaat et al., 2014), there is little 

evidence that this objective has been achieved. 

Haynes and colleagues’ studies were intended to bring together the broad spectrum of studies 

examining the effectiveness of interventions delivered in RCTs, across an array of disease areas. The 

corpus of studies detailing the delivery and effectiveness of adherence interventions is vast, 

exemplified by the inclusion of 182 studies in the most recent publication. Reviewers concluded that 

the breadth and complexity of existing interventions described in the literature was too 

heterogeneous to synthesise in a meta-analysis (Nieuwlaat et al., 2014). Elsewhere, a large body of 

syntheses exist which attempt to understand medication adherence intervention effectiveness 

within subgroups of intervention types (Conn, Ruppar, Enriquez, et al., 2016; Conn & Ruppar, 2017; 

Demonceau et al., 2013; Edmondson et al., 2018; Kini & Michael Ho, 2018). The breadth of the 
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literature and lack of consistency between syntheses in their categorisation of intervention types is 

perhaps one reason that there remains a lack of consensus as to the necessary ‘ingredients’ of an 

effective adherence intervention.  

1.4 Measuring adherence: capturing and quantifying adherence 

Another source of heterogeneity is an abundance of methods to capture and process adherence 

data. The tools and information used to calculate an adherence summary measure can be broadly 

categorised into self-report, pharmacy refill, pill count, physiological and electronic data-capture 

methods (Williams et al., 2013; Zullig et al., 2017), each with an array of associated measurement 

tools (Jeffery et al., 2014). Innovations in electronic data capture have led some to describe this as 

the ‘gold standard’ (Blaschke et al., 2012) particularly when contrasted with self-report measures of 

adherence. Historically, self-report measures were most frequently used (Jeffery et al., 2014; Stirratt 

et al., 2015), but are often unreliable and overestimate adherence (Bangsberg et al., 2001; Daniels et 

al., 2011). In a recent review, high concordance between self-report and electronic measures of 

adherence was evident in only 17% of comparisons (Garber et al., 2004). Electronic devices pose the 

potential to overcome recall and social desirability biases associated with self-report measures and 

offer a powerful window into the observation of adherence behaviours over time. 

Once raw data are collected, it must be combined with the expected or prescribed behaviours to 

obtain a ratio of performed to expected behaviours to give the adherence estimate. Most 

frequently, this ratio is obtained at one time-point and operationalised as a binary ‘adherence’ or 

‘non-adherence’ construct (Jeffery et al., 2014; Vrijens et al., 2012). However, this is one of many 

ways to summarise this ratio. Vrijens et al., (2012) summarised six, commonly used methods to 

quantify the degree of prescription implementation: proportion of prescribed doses taken; 

proportion of days with correct number of doses taken; proportion of doses taken on time; 

distribution of inter-dose intervals; number of drug holidays; longest interval between doses. Each of 

these could be further diversified by operationalisation as continuous or binary estimates. 

1.5 Approaches to the problem of adherence: identifying targets for 

intervention 

Two major schools of thought have dominated perspectives on adherence to medication, largely 

falling under the umbrellas of the biomedical perspective and the psychosocial and behaviour 

change perspective.  

The biomedical perspective assumes a mechanistic approach in which patients are prescribed 

treatment and are passive in the management of their illness (Munro et al., 2007; World Health 
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Organisation, 2003). Patient motivation, cognitions and appraisal of perceived necessity and 

concerns about taking prescribed medications are all largely disregarded from this perspective.  

The behaviour change perspective also focuses on the identification of predictors of human 

behaviour but the key difference is in the application of theories which can explain human behaviour 

in terms of individual, social, environmental and contextual features of any given situation (Hagger 

et al., 2020; Kwasnicka et al., 2016). The benefit of adopting a behaviour change perspective on 

health-related challenges such as medication adherence is the specification of modifiable aspects of 

the social, psychological and physical contexts which determine human behaviour.   

Historically, theories of behaviour change have largely taken the perspective that beliefs, attitudes 

and intentions are the proximal determinants of behaviour. This view assumes that behaviour is 

guided by conscious and deliberate decisions to act. Theories of reasoned behaviour including 

Theory of Planned Behaviour (Ajzen, 1991, 2002), Health Belief Model (Rosenstock et al., 1988) and 

Social Cognitive Theory (Bandura, 1998) have been popular over the past half-century, and applied 

to a range of health behaviours (Armitage & Conner, 2000, 2001; Conner & Norman, 2005; 

McEachan et al., 2011), including medication adherence (Amico et al., 2018; Conn, Enriquez, et al., 

2016). Common to these models is the preposition that once an intention is formed, behaviour will 

manifest and be repeated in the future.  

Reflective models have latterly been criticised for failing to address the difference between factors 

determining behaviour initiation, and behaviour maintenance (Kwasnicka et al., 2016; Rothman, 

2000; Rothman et al., 2009). This is important to behaviour change research as typically, change 

must be lasting to observe the benefits of behaviour. Acknowledgement of the determinants of 

behaviour maintenance is therefore critical in intervention development.  

One of the key constructs identified as a mechanism of maintenance is habit (Kwasnicka et al., 2016; 

Rothman et al., 2009). Habits have been hypothesised to facilitate maintenance of behaviour by 

bypassing reflective decision-making processes when self-control is diminished, enabling people to 

engage in behaviours as they have in the past, with minimal cognitive expense (Gardner et al., 2020). 

This prospect has drawn significant research attention to habits in recent years. Increasingly, 

researchers have sought to extend existing models of behaviour to include habit as a construct (e.g. 

see Phillips et al., 2016), develop frameworks to understand the formation of habit and its 

determinants (Gardner et al., 2020; Gardner & Lally, 2018) and integrate habit formation into 

behaviour change interventions (Gardner & Rebar, 2019). 
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1.6 What is a habit? 

Definitions of habit converge on two core features: habits are (i) elicited automatically by a learned 

cue-behaviour association and are (ii) elicited in response to a stable contextual cue (Gardner, 2015; 

Mazar & Wood, 2019; Orbell & Verplanken, 2020; Wood & Rünger, 2016). Habits are acquired slowly 

over time, through repetition of the behaviour in a stable context (Lally et al., 2010; Mazar & Wood, 

2019), and this process facilitates the formation of cue-behaviour associations in memory (Wood & 

Rünger, 2016).  

Contemporary definitions distinguish habit from habitual behaviour: habit is defined as a process 

which can explain mechanisms of behaviour within models of health behaviour; habitual behaviour 

is the outcome of that process (Gardner, 2015; Verplanken, 2006). 

 

1.7 Defining features of habit: automaticity and context stability 

1.7.1 Automaticity 

Early behaviourist work paved the foundation for theory which identifies automaticity as a 

fundamental feature of habit. With the use of devaluation studies in animal models, it was 

demonstrated that behaviours could be performed efficiently and persist despite devaluation of 

rewards, after an extensive training period in which cue-response associations were formed in 

reward-based contingencies (Adams & Dickinson, 1981; Dickinson et al., 1983). Evidence from 

devaluation studies gave rise to the conceptualisation of habits as a form of goal-independent 

automaticity because behaviour could persist despite a change in value of the original goal. 

Reward devaluation studies in people have also successfully demonstrated persistence of behaviour 

when reward-outcome contingencies are withdrawn (Tricomi et al., 2009). For example, Neal et al., 

(2011) gave people either stale or fresh popcorn in either a cinema or conference room. Despite 

expressing dislike for the stale popcorn, habitual popcorn eaters ate the same amount of stale and 

fresh popcorn when contextually cued by the cinema setting, but this effect was not observed in 

non-habitual popcorn eaters.  

Tests of implicit attentional biases and cognitive accessibility in response to habit cues have 

demonstrated that habitual behaviours have stronger, automatic associations with cues in memory 

(Danner et al., 2008; Neal et al., 2012; Orbell & Verplanken, 2010; Verplanken & Orbell, 2003). 

Habits have been shown to facilitate the cognitive accessibility of behaviours in response to cues as 

well as biasing attention toward those cues (Wood & Rünger, 2016).  
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Goal-independence of behaviour has also been evidenced in the measurement of ‘action slips’ (e.g. 

Orbell and Verplanken, 2010, Study 2) and in the moderated effect of intentions on behaviour for 

different levels of habit strength (Gardner, 2015; Gardner et al., 2011; Rebar et al., 2016).  

Historically, the intention-behaviour interaction hypothesis was thought to show that the ability of 

intentions to predict behaviour was dependent on habit strength, such that intentions do not predict 

behaviour in people with strong habits. The moderation effect has been recently clarified with 

evidence to suggest that direction and strength of intentions and habits as well as self-control must 

all be considered to accurately interpret the findings of studies examining this hypothesis (Gardner 

et al., 2020); specifically, when self-control is diminished, habits facilitate behaviour regardless of 

intention strength or direction and when self-control is not diminished, habits can enable enactment 

of aligned but weakened intentions. These two properties of habits are focal to the rationale for 

pursuit of habit formation in health behaviour change interventions; it proposes that even on days 

on which people are stressed or tired (i.e., with low self-control), habits that are aligned with 

favourable intentions can enable behaviour to be enacted.  

1.7.2 Context stability of habits 

Habits are formed through repetition of behaviour in response to a contextual cue; over time the 

association between the cue and behavioural response is formed in memory (Gardner et al., 2020; 

Gardner & Lally, 2018; Lally et al., 2010; Orbell & Verplanken, 2020). 

This has been evidenced in empirical studies: Danner et al., (2008, Study 3) demonstrated that 

habitual automaticity, indicated by cognitive accessibility of a habitual behaviour, was dependent on 

the presence of an associated cue; Neal et al., (2012, Study 1) demonstrated reduced response 

latencies to contextual cues for habitual runners that was not observed in non-habitual runners.  

Some of the most compelling evidence for the importance of contextual cues has been 

demonstrated in habit discontinuity studies; the habit discontinuity hypothesis states that a change 

in environment, such that contextual cues are no longer encountered, will lead to discontinuation of 

habitually elicited behavioural responses. In a study of university students’ travel mode choice by 

Verplanken et al., (2008), people who had recently moved house and indicated concern for the 

environment were less likely to use the car to get work, compared to those with environmental 

concerns but had not moved house. Similar results were presented more recently by Thomas et al., 

(2016) in a larger and more geographically diverse sample and both Wood et al., (2005) and Danner 

et al., (2008, Studies 1 and 2) have also presented discontinuity study findings for exercise 

behaviours, reading the newspaper and watching television.  
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1.8 Challenges in measuring habit  

Habit is conceptualised as a mental process; this is distinct from the outcome of this process known 

as habitual behaviour (Gardner, 2015). It follows that habit itself cannot be directly measured. 

Historically, measures of ‘habit’ have mostly focused on the assessment of observable behaviour 

(e.g. frequency of behaviour or perceived automaticity of that behaviour) and inferring the 

presence, absence or strength of habit on the basis of the hypothesised effect of habit on the 

behaviour (e.g. decreased response latency to a cue associated with a habitual behaviour). Available 

measures of habit largely fall into the categories of self-report scales, implicit association tests and 

‘behavioural frequency x context stability’ measures.  

1.8.1 Self-report habit scales 

Self-report habit scales constitute the most frequently used measure in the habit literature; 88% 

(n=119) of studies included in a 2015 review examining habit in relation to behaviour used either the 

Self-Report Habit Index (SRHI; Verplanken & Orbell, 2003) or subscale, including the Self-Report 

Behavioural Automaticity Index (SRBAI; Gardner et al., 2012; Gardner, 2015). 

The SRHI is a 12-item scale which asks participants to reflect on their behaviour (i.e. each question 

begins ‘Behaviour X is something..’), in terms of perceived automaticity, lack of control, lack of 

awareness, frequency, mental efficiency, and the extent to which the behaviour is perceived to 

integrate with the participant’s identity. The SRHI reliably predicts future behaviour (Gardner et al., 

2011; Verplanken & Orbell, 2003), demonstrates strong internal consistency and appears to 

represent a single factor structure, indicating that together, the 12 items measure a single construct 

(Verplanken et al., 2005). However, from a conceptual perspective, the SRHI has been criticised for 

lack of parsimony (Gardner et al., 2012), with particular concern surrounding the inclusion of items 

assessing behavioural frequency (e.g. ‘Behaviour X is something I do frequently’) and identity 

(‘Behaviour X is something that is typically me’).  

The issue with measuring frequency within the SRHI when predicting future behaviour is that 

researchers tend to use self-report questions to measure future behaviour, too. This could lead to 

inflated covariances between the independent and dependent variables because of measurement 

errors caused by biases in the participant’s answers to both past and future behaviour response 

items, which are then wrongly interpreted as explained variance attributable to causal effects of 

past on future behaviour (Ajzen, 2002). Furthermore, the specific format in which participants are 

asked to self-report on the frequency of a past behaviour (e.g. ‘Behaviour X is something I do 

frequently’) is problematic. The wording of this question is relative because it does not contextualise 

actual frequency with expected frequency; to do something ‘frequently’ to one individual may not 
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carry the same objective meaning to another. This can lead to between-person variance in 

interpretation and responses and has been shown to lead respondents to give midpoint answers on 

response scales when unsure on how to answer this question (Gardner & Tang, 2014).  

In considering these issues, Gardner and colleagues later developed the Self-Report Behavioural 

Automaticity Index (SRBAI; Gardner et al., 2012), a four-item automaticity subscale of the SRHI 

which, among other excluded items, does not include a question about frequency of past behaviour. 

In their rationale for the SRBAI, Gardner and colleagues posit that automaticity, alone, reflects the 

‘active ingredient’ of habit (Gardner, 2012). The brevity and simplicity of the SRBAI has likely 

underpinned its popularity as a metric of habit in the proceeding literature. 

However, it remains that both the SRHI and SRBAI are self-report scales and this has been the key 

cause for concern for a number of commentaries on the measurement of habit. First, the 

assumption that people can self-report on an inherently automatic mental process has been strongly 

challenged. Hagger et al., (2015) contend that people are not able to accurately report on the 

automaticity of habit or the causes of habitual behaviour; habits are mental associations activated 

automatically and implicitly. Psychological theories of human behaviour have described and 

evidenced the lack of insight that people have into their own implicit processes; for example Bem 

(1972) on self-perception theory, wrote: 

Individuals come to know their own attitudes, emotions and other internal states by partially 

inferring them from observations of their own overt behavior and/or the circumstances in 

which this behavior occurs. Thus, to the extent that internal cues are weak, ambiguous, or 

uninterpretable the individual is functionally in the same position as an outside observer 

which must necessarily rely upon those same cues to infer the individual’s inner states. (p. 2) 

In their review, Nisbett and Wilson (1977) synthesised the existing literature of introspective 

accounts of higher order mental processes and drew the conclusion that people demonstrate little 

evidence of accurate introspection on implicit cognitive processes. This conclusion has been 

experimentally supported in relation to habits, for example: Neal et al., (2012) study showed that 

despite cognitive associations only being demonstrated for context-specific cues rather than goal-

specific cues, people introspected that their behaviour was goal-driven; Ji and Wood (2007) found 

that people with stronger habits reported stronger certainty of their intentions to perform habitual 

action across a range of behaviours; Adriaanse et al., (2018) demonstrated that people 

systematically confabulate reasons for their non-consciously guided behaviours when probed for 

explanations.   
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This feature of human behaviour is particularly problematic for self-report measures of habit when 

intentions and habit align. In contingencies in which an old habit must be suppressed in favour of a 

new behaviour- e.g. snacking on unhealthy foods being replaced with healthful diet, and an action 

slip is observed- e.g. an unhealthy snack is eaten- the distinction between intention and habit are 

conceptually clear and should be easier to self-report upon (although see Adriaanse et al., 2016, 

2018). However, in contingencies in which behaviour and intention are aligned, such as adhering to 

prescribed medication, the line between intention and habit is more difficult to draw. In addition, 

both empirical evidence and theoretical commentaries on habit formation suggest that the 

transition from intentional to automatic behaviour occurs along a continuum, as automaticity is 

gradually acquired over time (Lally et al., 2010). This theoretical and empirical evidence base poses 

significant challenges to the premise of being able to self-report on habitual automaticity, at all.  

Another challenge for the suitability of self-report habit scales is that they do not ask people to 

report on their implicit cognitive processes, but to reflect on the ‘symptoms’ of habit (Orbell & 

Verplanken, 2015). In exploring how people interact with the specific scale items which probe 

experiential responses from the SRHI and SRBAI, Gardner and Tang (2014) conducted a think aloud 

study with 20 participants. A range of questionnaire items relating to the experience of automaticity 

were found to be incorrectly interpreted by participants. Fundamentally, this undermines the 

justification used to defend the SRHI and SRBAI as valid measures of the ‘experience’ of automaticity 

in habit (Orbell & Verplanken, 2015; Rebar et al., 2018). 

1.8.2 Implicit measures of habit 

In pursuit of a gold-standard measure of habit, some commentators have suggested using implicit 

measures to tap the underlying associations which form the basis of habit in memory (Gardner, 

2015; Labrecque & Wood, 2015; Mazar & Wood, 2019). To do this, researchers have measured 

reaction times as a proxy of cue-response accessibility, or attentional bias in Stroop tasks (Mazar & 

Wood, 2019). Whilst primarily used to demonstrate empirical evidence of automaticity in habits, it 

has been suggested they could also be used to measure presence, absence or strength of habit in a 

similar way to self-report measures, whilst circumventing the issues related to introspection of 

automatic processes (Rebar et al., 2018). Their validity for this purpose and the extent to which they 

tap the same or different aspects of habit remains largely unresearched and this has caused some to 

caution surrounding their use as it stands (see Rebar et al., 2018). For researchers that wish to 

examine the role of habit in health behaviour maintenance, these measures only capture behaviours 

indicative of automaticity (e.g. reduced response latency to a cue) rather than the health behaviour 

of interest itself (e.g. attendances at the gym), and thus may not be appropriate for this type of 

research question.  
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For the present time at least, their practicality for use is perhaps a more fundamental issue; 

typically, implicit association tests require controlled experimental conditions, many data points 

collected for each participant in each session and specially designed equipment. Some authors 

defend the use and practicality of implicit measures in real-world studies however have cited 

extremely short studies that required a large time commitment from the participant at each 

measurement sitting (e.g. Marhe et al., 2013 asked participants to complete Stroop task requiring 99 

trials per session, administered four times a day alongside other self-report and implicit measures. 

This study was conducted over a one-week period). As will be discussed, the trend for studies of 

behaviour and in particular, behaviour change interventions, is to move toward designs which allow 

longitudinal data collection and analysis using many within-person assessments to identify and 

understand idiosyncrasies in behaviour change over time. Requirements to complete lengthy 

measurement tasks over prolonged periods of time could lead to significant participant burden and 

loss of data, rendering existing implicit association tests of habit impractical. 

1.8.3 Measuring context-stability in habits 

Despite ubiquitous agreement that context stability is integral to the definition and mechanism of 

habits, the aforementioned habit measures do little to measure presence or absence of cues in the 

performance of behaviour, in order to classify them as habitual.  

Neither the SRHI nor the SRBAI explicitly assess the dependence of behaviours on a stable contextual 

cue and thus are unable to dissociate habits from other forms of automatic behaviour (e.g. see 

discussion on goal-directed automaticity in Aarts, 2007). Some studies have amended the wording of 

the SRHI or SRBAI stem to include a contextual cue (e.g. ‘Behaviour X in context Y is something …’; 

Gardner et al., 2012; Orbell & Verplanken, 2015) and explicit comparison of context-specific with 

context-free versions of the SRBAI have demonstrated enhanced sensitivity for demonstrating habit 

acquisition and maintenance (Diefenbacher et al., 2022). 

However, incorporation of context in these metrics has not historically been the norm. Aside from 

the previously described issues with self-report measures, the lack of acknowledgement of the 

importance of contextual cues in discerning presence, absence or strength of habit has stood as a 

major criticism for these measures (Sniehotta & Presseau, 2012).  

More importantly, articulation of the specific cue in these measures may be problematic. It remains 

unclear what properties of cues are conducive to stronger or more quickly acquired habits. As noted 

by Phillips (2020) there is a tendency to assume that physical aspects of the environment serve as 

cues to action in habits however, it has been elsewhere suggested that cues could take the form of 

moods (Ji & Wood, 2007), social contexts (Wood et al., 2005) or complex but recurring interactions 
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between internal states and the environment (see Botvinick & Plaut, 2004). Wood (2017) posits the 

following example to capture this problem: “a breakfast routine might involve getting a cup of coffee 

and sitting down at the kitchen counter. These, in conjunction with morning bleariness, might cue a 

behaviour of skimming news reports”, (p.392). In this example, any one of the coffee, the fact it is 

morning, sitting at the kitchen counter, or the feeling of bleariness, or all four features in 

combination, could conceivably cue the news-reading behaviour. 

Lack of clarity surrounding what constitutes a contextual cue has implications for the presentation of 

cues in empirical studies of habit and for the measurement of habits. With respect to implicit 

measures, these necessarily require that a cue is used to induce responses under experimental 

procedures: for example, Neal et al., (2012) presented participants with a lexical decision task that 

required that runners were primed with a cue which was associated with their usual running 

location (e.g. “park”), in order to record response latencies following their presentation and similarly 

for the evidence presented by Diefenbacher et al., (2022). Such experimental designs require pre-

identification of contextual cues to elicit the hypothesised effects which can be problematic for 

researchers as the precise nature of contextual cues which elicit behaviours remains elusive. This is 

compounded with evidence which suggests people are poor at identifying cues for their own 

habitual behaviour. For example, participants have retrospectively attributed habitual behaviours 

such as eating (Adriaanse et al., 2016), or smoking (Shiffman et al., 1997), to negative emotions in 

the absence of evidence to support this.  

1.8.4 The ‘Behaviour Frequency x Context Stability’ (BFCS) measure 

To date, only one habit measure has been explicitly designed to capture the context stability of 

habitual behaviours. This is known as the ‘Behaviour Frequency x Context Stability’ (BFCS) measure 

(Ouellette & Wood, 1998; Wood et al., 2005). Scores are calculated on the BFCS by multiplying the 

frequency of a behaviour by the degree to which it was performed in the same context (i.e., context 

stability). The frequency with which behaviour X is performed in context Y is assumed to indicate the 

likelihood that behaviour X is habitual because high scores on the BFCS indicate frequent 

performance in stable circumstances. In their analyses, Wood et al., (2005) demonstrated that 

capturing the stability of the behaviour optimised prediction of behaviour over and above past 

frequency of behaviour alone.  

However, to date, the BFCS scale has been almost universally implemented as a self-report measure. 

Therefore, the BFCS can be subjected to some of the same criticisms as the SRHI and implicit 

measures presented above when both context and frequency of past behaviour are self-reported.  
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1.9 Demand for longitudinal and data-driven approaches to explore habit in 

maintenance of health behaviour 

The preceding critique discussed the range of available and commonly used habit measures. Each 

was found to have strengths and limitations, but none which can adequately or validly capture all 

fundamental concepts of habit.  

Rebar et al., (2018) have noted that the selection and use of any measure of habit in current 

research will necessarily depend on the aims of the research question. Gardner (2015) highlighted 

that the majority of the habit literature had sought to examine correlational relationships between 

existing habits and behaviour, or study the formation of simple habitual behaviours such as button-

pressing (e.g. Schneider & Shiffrin, 1977; Shiffrin & Schneider, 1977; Webb et al., 2009). However, 

with increasing attention on the hypothesis that habits may facilitate maintenance of real-world 

health behaviour, the utility of habit as a target for behaviour change interventions is gaining 

increasing research attention (Kwasnicka et al., 2016; Phillips, 2011; Phillips et al., 2016; Rothman et 

al., 2009). Maintenance of health behaviour is the end goal of many behaviour change interventions, 

and yet most intervention studies have not been able to demonstrate maintenance of long-term 

change (Curioni & Lourenço, 2005; Nilsen et al., 2010; Ory et al., 2010; Wiecek et al., 2019). Habit is 

theoretically well-placed to serve as a mechanism of long-term behaviour change and habit 

formation research in behaviour change interventions is therefore timely. Measures which capture 

the key constituent components of habit with theoretical validity, and which are suited to the design 

of these studies are therefore in demand. 

In terms of study design, the use of RCTs to evaluate behaviour change interventions is becoming 

more frequently challenged (Kwasnicka et al., 2018). Whilst RCTs test the effectiveness of 

interventions for the ‘average’ person over a given follow-up period, behaviour change science is 

turning its attention to the use of repeated assessments of a battery of measures within individuals, 

commonly known as ‘N-of-1’ designs (Kwasnicka et al., 2017, 2018; Kwasnicka & Naughton, 2020). 

This idiographic, person-based approach enables researchers to capture how an intervention 

functions within individuals, and to look for commonalities and differences in how this may change 

over time, and in response to events encountered over the period of assessment. Whilst, to date, N-

of-1 studies are few, they have been identified as the key methodological design which will enable 

behavioural science to produce research and evidence which goes beyond intervention design for 

the average individual, to the development of interventions which are applicable to specific 

individuals (Kwasnicka & Naughton, 2020; Nielsen et al., 2018).  
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Increasingly, studies are seeking to examine habit formation using longitudinal, repeated measures 

of habit within individuals (Fournier et al., 2017; Fournier et al., 2017; Kaushal & Rhodes, 2015; 

Keller et al., 2021; Lally et al., 2010). In their study, Lally et al., (2010) asked participants to perform a 

healthful behaviour (eating a piece of fruit/drinking water/ exercising), in the same context, followed 

by the completion of a subscale of the SRHI, every day for 84 days. The key findings of this study 

have informed some of the core knowledge underpinning contemporary habit theory. According to a 

Google Scholar search in 2023, Lally and colleagues’ study has been cited over 2,200 times, 

demonstrating the importance and utility of this design in understanding the nature and parameters 

of habit formation in development of new health behaviour maintenance. 

This case study exemplifies how idiographic designs necessarily require many measurements of the 

same variables to be conducted over time. Gardner et al., (2012) defended the use of the SRBAI for 

studies of behaviour prediction and habit formation; it is shorter than the SRHI from which it was 

derived, and Gardner and colleagues argue it is sufficient to demonstrate the development of 

behavioural automaticity required for this type of research question. However, even with only 4 

items administered , use of self-report scales can incur a large participant burden, particularly when 

considering it is common for N-of-1 studies to administer a battery of assessments, sometimes 

multiple times daily (e.g. Kwasnicka et al., 2017; Fisher et al., 2016). As such, unobtrusive measures 

which can be collected without the need for active participant input could serve to facilitate the 

implementation of this type of research in the real-world.  

1.10 Utilising automatic data-capture to innovate the BFCS approach 

Leveraging technological innovation with the BFCS approach may provide a solution to meet this 

demand. Technologies such as smartphones, wearable devices and adaptation of other devices used 

in a range of health behaviours are becoming increasingly available for research use. This prospect 

has important implications for the study of habits; such devices could enable unobtrusive capture of 

both behaviour frequency and context (e.g., time, date and location of behavioural enactment). Not 

only does this overcome practical issues in designs requiring intensive data collection, this approach 

circumvents the afore-discussed issues relating to self-reporting behavioural frequency and context.  

In addition, in the interest of behaviour change intervention design, use of a ‘frequency in context’ 

approach with automatic data capture offers the opportunity to understand the degree to which 

context stability of the behaviour is important for maintenance of health behaviours in a way that 

measurement of the automaticity of behaviour (i.e. SRBAI) alone, cannot address. The degree to 

which context stability of behaviour over time is predictive of maintenance of behaviour in 

intervention studies is yet to be explored.  
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Finally, for habit-based behaviour change interventions, the primary goal is to facilitate maintenance 

of behaviour. Whilst it has been argued that observation of sustained, contextually stable repetition 

is not necessarily automatic, and thereby habitual, it is necessarily a form of maintained behaviour. 

In addition, whilst criticised for not distinguishing pre-requisites of habit formation from behaviours 

observed following successful habit formation, frameworks describing this process assume a natural 

transition between these stages (e.g. see Gardner and Lally’s 2018 framework, p.211); that is, if a 

behaviour is consistently repeated in a stable context, habitual cue-response associations will form 

(Wood & Neal, 2007). From the perspective of intervention development, when the goal of the 

intervention is to reach consistent and maintained performance of a behaviour, distinction of 

maintained repetition of behaviour as pre- and post-habit formation is arguably less important than 

understanding the process by which consistently repeated and maintained behaviour was achieved. 

As such, the development of objective measures of frequency and context stability could be integral 

to the future to intervention developers to track progress toward and maintenance of a behavioural 

goal.   

1.11 Interim summary of literature review findings 

Medication adherence is consistently low across long-term health conditions (LTCs) and is associated 

with poor health outcomes and increased healthcare costs. Interventions to improve medication 

adherence are both abundant and diverse, yet few demonstrate maintained effectiveness.  A range 

of measures have been used to examine medication adherence. With the advent of technology to 

enable automatic data capture, electronic devices have enabled more accurate and objective 

measurement of adherence. 

Medication adherence is a health behaviour, and in the context of LTCs, this behaviour must often 

be maintained over the lifetime of an individual. Behaviour change perspectives on mechanisms of 

maintained behaviour are increasingly turning attention to habits.  

Habits are defined as learned associations formed in memory which are automatically triggered in 

response to contextual cues. Habits are mental processes and are distinct from the behaviour which 

manifests from the elicitation of a habit. It follows that habits cannot be directly measured. Most 

existing measures of habit rely on a participant’s ability to self-report on the experience of habit or 

require time-consuming data collection in carefully controlled experimental paradigms; these 

measures each have methodological and practical issues. 

An alternative way think about the problem of measuring habit is to capture its core, observable 

features. Habitual behaviours are stimulated in response to contextual cues and some researchers 

measure habit by quantifying the extent to which a behaviour is performed in the same context: 
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highly frequent behaviours in highly stable contexts indicate that the behaviour is likely elicited by 

habit. However, measurement of frequency and context has to date relied on participants to self-

report how often the behaviour has been performed, and how frequently in the same context. As 

with other self-report measures of habit, this is liable to recall and self-presentation biases. 

In attempts to identify successful intervention components for specific individuals, behavioural 

science is increasingly favouring evidence from N-of-1 designs over randomised controlled trials. This 

methodology requires an intensive schedule of longitudinal data collection and participant reported 

outcome measures can be impractical, particularly for lengthy follow-up periods. There is demand 

for methods which enable unobtrusive and automatic capture of some variables of interest. 

Together, these findings indicate that it is timely to explore the development of new methods to 

measure habit which capture the context-stability of behaviour without the need for participant 

recall, introspection of mental processes or undertaking of time-consuming data collection 

procedures.  

Medication adherence is a useful behaviour in which to explore habit using a BFCS approach owing 

to the availability of electronic medical devices which enable objective and automatic capture of the 

frequency of doses administered (i.e. information about the frequency of behaviour) and the time 

and date that they were administered (i.e. information of the context of the behaviour). 

Reciprocally, exploration of the role of habit using behaviour change theory and insights applied to 

the problem of medication adherence may offer new insights into limitations of the existing research 

as well as potential target mechanisms of maintenance for medication adherence intervention. 

1.12 Habit and medication adherence 

1.12.1 Challenges around conceptualisation of habit in the medication adherence 

literature 

Research examining the relationship between ‘habit’ and medication adherence is limited but the 

available evidence suggests that the relationship between habit (or rather habitual behaviour) and 

medication adherence aligns with that in other health behaviours. A systematic review published in 

2020 identified 11 studies measuring the association between ‘habit’ and adherence, with 91% 

demonstrating that self-reported habit (i.e. habitual behaviour or perceived automaticity of 

behaviour) positively correlates with adherence in both cross-sectional and longitudinal designs 

(Badawy et al., 2020). Among the evidence, Badaway et al., (2020) concluded that ‘habit’ was more 

predictive of adherence than other belief-related constructs.  
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However, one notable disparity is highlighted by this review. Despite the correlational evidence, 

Badaway and colleagues identified an apparent lack of literature on habit-based medication 

adherence interventions. Similarly, Gardner and Rebar (2019) conducted a systematic review of 

habit-based interventions, but no medication adherence interventions were included in their review. 

This is in stark contrast with the findings of two large reviews of medication adherence interventions 

which have identified ‘habit-based’ interventions as most effective in moderator analyses of 

intervention content (Conn, Ruppar, & Chase, 2016; Conn & Ruppar, 2017). The discrepancy in 

findings between the habit literature as described by behavioural science, and habit in the context of 

the medication adherence literature perhaps reveals a disparity in the ways in which habit and 

habitual behaviour have been conceptualised and targeted by intervention designers from these 

different fields.   

This is an important and timely discrepancy to address with the rising profile of habit as a potential 

mechanism to facilitate maintained medication adherence. 

 

1.12.2 Other challenges for the BFCS approach applied to medication adherence 

Whilst devices which automatically capture adherence data are becoming increasingly available, 

most only tend to capture information on date and time. In terms of capturing contextual cues that 

elicit habits and habitual behaviour, this could be problematic. A number of studies and 

commentators have suggested that cues to action may not be times of day per se, but perhaps more 

salient cues such as the completion of a previous routine (Gardner & Lally, 2018; Judah et al., 2018; 

Lally & Gardner, 2013; also see evidence from script elicitation studies, e.g. Judah et al., 2018; 

Mohideen et al., 2023). Expecting participants to show context stability by taking medications at the 

time of day on, for example, weekdays and weekends implies that the assumed underlying cue is the 

time of day, rather than events that occur at similar times of day, depending on what day of the 

week it is. Even allowing for variability by weekday and weekend may not be sensitive enough to 

identify idiosyncrasies in routine cycles between participants. Consider the following example: 

Participant X habitually takes their medication after brushing their teeth. Putting the 

toothbrush down cues the initiation of the medication routine. Participant X works Monday 

to Thursday and so medication taking reliably occurs at around 7:20am, within a 10-minute 

window either side. On Friday to Sunday participant X does not work and so their morning 

routine starts later at 8:30 and medication taking is usually around 8:50am, with a window 

of 10 minutes either side of this.  
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Arbitrary assignment of an expected cycle from Monday to Friday in this case would falsely indicate 

that inhalations on Fridays demonstrated contextual inconsistencies, merely because of 

inadequately pre-specified routine cycles.  

Any metric of context stability derived from automatic data-capture of the date and time that 

behaviours occur may be limited in its utility to only those whose routines do not change in real-time 

throughout the week if this is not accounted for.  

1.13 Summary of challenges  

Two clear challenges emerged from the literature review findings: first, it is unclear whether ‘habits’ 

have been conceptualised in line with contemporary habit theory in the medication adherence 

literature; second, habit is a process which cannot be directly measured. Objective measurement of 

frequency and context collected on electronic medical devices may overcome issues relating to 

response bias and self-perceived cues for habitually elicited behaviours. However, theory and 

evidence indicates that cues may likely be related to other daily routines therefore any metric of 

context stability derived only from the time of day must be able to account for cyclical changes in 

these routines which repeat over longer time-horizons than a single day.  

These findings and identified challenges motivated the development of the thesis aims and 

objectives, which are presented in Chapter 2. 
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Chapter 2. Thesis aims, objectives and outline of the 

remaining chapters 

 

2.1 Thesis aims and objectives 

The aim of this thesis is to explore the role, conceptualisation and measurement of habit, habitual 

behaviour and context stability in adherence to medication for people living with long-term 

conditions. 

 

2.1.1 Aim 1 

To examine the conceptualisation of ‘habit’ and the implementation and utility of ‘habit formation’ 

in interventions to support the maintenance of medication adherence.  

2.1.1.1 Objectives 

1. To describe how habit has been conceptualised, and whether theory has been applied (i.e., 

evidence of the requirement for the behaviour to be repeated in the same context to acquire 

associations between cues and behaviour), in interventions designed to improve medication 

adherence in long-term conditions; 

2. To describe specific behaviour change techniques (BCTs) that have been used to target habit in 

interventions to improve adherence to medication in long-term conditions; 

3. To examine the effectiveness of interventions identified as using context-dependent repetition in 

improving adherence to medication in people with long-term conditions. 

 

2.1.2 Aim 2 

To explore whether the time of day at which people take their medications can be used to derive an 

objective metric of context stability. 

2.1.2.1 Objectives 

1. To critique previous implementations of the ‘behaviour frequency x context stability’ measure to 

understand how this approach might best be implemented with objective data. 
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2. To present a systematic approach to identifying and selecting a metric of context stability, 

derived from objective data on the times of day at which people initiate medication adherence 

behaviour. 

 

2.1) To describe a range of methods that could be used to produce objective variables that 

describe context stability, with theoretical improvements on previous measures; 

 

2.2) To verify the interpretability of these variables in terms of their theoretical relationship with 

concurrent medication adherence behaviour; 

 

2.3) To identify which of these variables explain the most variance in concurrent medication 

adherence behaviour and use this information to define an objective metric of context 

stability. 

 

 

3. To evidence the utility of the defined objective metric of context stability in explaining variance 

in maintained and future behaviour, and in related constructs in evidence of predictive, 

convergent and divergent validity. 

 

3.1) To examine the amount of variance explained in concurrent behaviour by the objective 

metric of context stability; 

3.2) To examine the amount of variance explained in participants’ self-reported habitual 

automaticity for taking their medication by the objective metric of context stability; 

3.3) To examine the amount of variance explained in perceived effort participants required to 

take their medication by the objective metric of context stability;  

3.4) To examine whether distinct variance in concurrent behaviour is explained by reflective 

motivational constructs and the objective metric of context stability; 

3.5) To examine the amount of variance in future adherence behaviour explained by the 

objective metric of context stability; 

3.6) To examine the moderating effect of the objective metric of context stability in the 

relationship between past and future behaviour; 
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3.7) To examine the mediating effect of the objective metric of context stability in the 

relationship between past and future behaviour. 

4. To demonstrate the application of the objective metric of context stability in applied clinical 

research questions. 

 

2.2 Outline of the following chapters 

Chapter 3 addresses Aim 1 with a machine-learning assisted review of the use of habit formation in 

medication adherence interventions for long-term conditions. The review was published in 2022 

(see Robinson et al., 2022) and presented on invitation at the European Health Psychology Society 

Conference 2022 Habit Special Interest Group meeting in Bratislava, Slovakia.  

Chapter 4 addresses Aim 2, Objective 1 with a detailed critique of the numerical properties of 

Behaviour Frequency x Context Stability measures as implemented in the existing literature. The 

critique highlights a series of issues with the use of a multiplicative score derived from behavioural 

frequency and context stability metrics and concludes with specific rationale for the trajectory of the 

following thesis chapters. 

Chapter 5 introduces The ACtiF Programme and randomised controlled trial of the CFHealthHub 

intervention, from which the dataset used in the empirical analyses throughout the thesis was 

derived. The participant group was sampled from the adult cystic fibrosis (CF) patient population. 

Chapter 6 addresses Aim 2, Objective 2.1 and 2.2. It presents novel methods to derive variables that 

can objectively describe context stability from temporal medication adherence data. The novel 

methods are presented alongside other metrics used in the literature and followed by a preliminary 

exploration of their relationship with adherence behaviour. 

Chapter 7 addresses Aim 2, Objective 2.3 and Aim 3, Objectives 3.1 to 3.4. The chapter presents a 

systematic approach to identifying a metric of context stability with the variables derived in Chapter 

6, followed by statistical analyses which test hypotheses relating to construct validity of the 

objective context stability metric.  

Chapter 8 addresses Aim 2, Objectives 3.5 to 3.7. The chapter follows closely from Chapter 7 by 

presenting a series of analyses that examine the role of the objective metric of context stability in 

future behaviour. 

Chapter 9 addresses thesis Aim 2, Objective 4 by demonstrating the utility of the objective metric of 

context stability in applied clinical research questions.  
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Finally, Chapter 10 presents a discussion of the findings with respect to the overarching aim which 

was to explore the role, conceptualisation and measurement of habit and context stability in 

adherence to medication for people with long term conditions. The strengths and limitations of the 

thesis are presented with a series of reflections and recommendations for future research.  

The thesis aims, objectives and respective chapters are summarised in Table 1. 
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Table 1  
Summary of thesis aims, objectives and respective chapters. 

Aim Objective Chapter Chapter summary 

Aim 1: To examine the 
conceptualisation of ‘habit’ 
and the implementation 
and utility of ‘habit 
formation’ in interventions 
to support the 
maintenance of medication 
adherence. 

1. To describe how habit has been conceptualised, and whether theory has been applied (i.e., evidence 
of the requirement for the behaviour to be repeated in the same context to acquire associations 
between cues and behaviour), in interventions designed to improve medication adherence in long-term 
conditions 
2. To describe specific behaviour change techniques (BCTs) that have been used to target habit in 
interventions to improve adherence to medication in long-term conditions 
3. To examine the effectiveness of interventions identified as using context-dependent repetition in 
improving adherence to medication in people with long-term conditions 

3 A machine-learning assisted review of the use 
of habit formation in medication adherence 
interventions for long-term conditions.  

Aim 2: To explore whether 
the time of day at which 
people take their 
medications can be used to 
derive an objective metric 
of context stability. 

1. To critique previous implementations of the ‘behaviour frequency x context stability’ measure to 
understand how this approach might best be implemented with objective data. 

4 A critique of the numerical properties of 
Behaviour Frequency x Context Stability 
measures as implemented in the existing 
literature. 

2. To present a systematic approach to identifying and selecting a metric of context stability, derived 
from objective data on the times of day at which people initiate medication adherence behaviour. 
2.1) To present a systematic approach to identifying and selecting a metric of context stability, derived 
from objective data on the times of day at which people initiate medication adherence behaviour. 
2.2) To verify the interpretability of these variables in terms of their theoretical relationship with 
concurrent medication adherence behaviour. 
 

6 Presents novel methods to derive variables 
that can objectively describe context stability 
from temporal medication adherence data. 

2.3) To identify which of these variables explain the most variance in concurrent medication adherence 
behaviour and use this information to define an objective metric of context stability. 
3. To evidence the utility of the defined objective metric of context stability in explaining variance in 
maintained and future behaviour, and in related constructs in evidence of predictive, convergent and 
divergent validity. 
3.1) To examine the amount of variance explained in concurrent behaviour by the objective metric of 
context stability; 
3.2) To examine the amount of variance explained in participants’ self-reported habitual automaticity 
for taking their medication by the objective metric of context stability; 
3.3) To examine the amount of variance explained in perceived effort participants required to take their 
medication by the objective metric of context stability; 
3.4) To examine whether distinct variance in concurrent behaviour is explained by reflective 
motivational constructs and the objective metric of context stability; 
 
 
 

7 Presents a systematic approach to identifying 
a metric of context stability with the variables 
derived in Chapter 6, followed by statistical 
analyses which test hypotheses relating to 
construct validity of the derived objective 
context stability metric.  
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Table 1  
Continued 

   

Aim Objective Chapter Chapter summary 

Aim 2: To explore whether 
the time of day at which 
people take their 
medications can be used to 
derive an objective metric 
of context stability. 

3.5) To examine the amount of variance in future adherence behaviour explained by the objective 
metric of context stability; 
3.6) To examine the moderating effect of the objective metric of context stability in the relationship 
between past and future behaviour; 
3.7) To examine the mediating effect of the objective metric of context stability in the relationship 
between past and future behaviour. 
 

8 Presents a series of analyses that examine the 
role of the derived objective metric of context 
stability in future behaviour. 

4.To demonstrate the application of the objective metric of context stability in applied clinical research 
questions. 
 

9 Demonstrates the utility of the objective 
metric of context stability in applied clinical 
research questions 
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Chapter 3: A machine-learning assisted review of the 

use of habit formation in medication adherence 

interventions for long-term conditions 

 

3.1 Chapter overview 

A key finding of the literature review presented in Chapter 1 was a discrepancy between the ways in 

which habit has been conceptualised and targeted by intervention designers in the behavioural 

science habit literature and that in the medication adherence literature. This is an important and 

timely discrepancy to address with increasing attention on habit as a potential mechanism to 

facilitate maintained medication adherence. As such, Aim 1 of the thesis was to examine the 

conceptualisation of ‘habit’ and the implementation and utility of ‘habit formation’ in interventions 

to support the maintenance of medication adherence. 

Chapter 3 presents the publication of a machine-learning assisted review that was conducted to 

address this aim. 

3.1.1 Publications associated with Chapter 3 

Robinson, L., Arden, M.A., Dawson, S., Walters, S.J., Wildman, M.J. & Stevenson, M. (2022). A 

machine-learning assisted review of the use of habit formation in medication adherence 

interventions for long-term conditions, Health Psychology Review, 

DOI:10.1080/17437199.2022.2034516 

3.1.2 Presentations associated with Chapter 3 

Robinson, L., &  Arden, M.A. (2022). Applying BCT taxonomies to habit formation interventions: 

Reflections on a review of medication adherence interventions [Presentation]. EHPS 2022 (Habit 

Special Interest Group Meeting), Bratislava, Slovakia. https://2022.ehps.net/program/ 

3.2 Abstract  

Adherence to medication in long-term conditions is around 50%. The key components of successful 

interventions to improve medication adherence remain unclear, particularly when examined over 

prolonged follow-up periods. Behaviour change theories are increasingly interested in the utility of 

habit formation for the maintenance of health behaviour change, but there is no documentation on 

how habit has been conceptualised in the medication adherence intervention literature, or what 
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effect the key technique identified in habit formation theory (context dependent repetition) has in 

these studies. To examine this, a machine-learning assisted review was conducted. Searches of 

MEDLINE, EMBASE and PSYCInfo and the reference list of a comprehensive systematic review of 

medication adherence interventions yielded 5973 articles. Machine learning-assisted title and 

abstract screening identified 15 independent RCTs published between 1976 and 2021, including 18 

intervention comparisons of interest. Key findings indicate that conceptualisations of habit in the 

medication adherence literature are varied and intervention behaviour change techniques were 

diverse among these studies. Behaviour change technique coding identified only six studies which 

explicitly described using habit formation. Conclusions indicate that despite the potential utility of 

habits as a technique to support maintenance in medication adherence, randomised controlled trials 

of habit formation interventions are few. Future work should aim to develop this evidence base, 

drawing on contemporary habit theory and with explicit demonstration of what techniques have 

been used to promote habit formation. 

 

3.3 Background 
Adherence to medication is a cornerstone of medical prescribing in long-term conditions but is 

frequently estimated to be in the region of 50% (Osterberg & Blaschke, 2005; World Health 

Organisation, 2003). Adherence to medication describes the degree to which a person takes 

medication as agreed with a healthcare provider (Osterberg & Blaschke, 2005). There are a wide 

range of methods to measure and quantify adherence (Lehmann et al., 2013; Vrijens et al., 2012) but 

evidence from large studies of people with long-term conditions demonstrates that adherence is 

consistently below the minimally accepted standard of 80% (Briesacher et al., 2008; World Health 

Organisation, 2003; Yeaw et al., 2009).  

Non-adherence incurs huge costs to both economic and health domains. The economic impact of 

non-adherence was recently estimated to cost between $949 and $44,190 per person, per year 

(Cutler et al., 2018). The implications of non-adherence on health outcomes are numerous, including 

worsening of disease and increased hospitalisations and mortality, and this is evidenced across a 

wide-range of long-term conditions (Asche et al., 2011; Bangsberg et al., 2001; Chowdhury et al., 

2013; Mäkelä et al., 2013). There is widespread consensus on the negative impact of non-adherence 

to medication, and this was acknowledged by the World Health Organisation with the publication of 

the ‘Adherence to Long Term Therapies’ reports  (World Health Organisation, 2001, 2003).  

The development of interventions to support people with a range of chronic health conditions to 

improve their adherence to medication stands as one of the most important factors in improving 
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outcomes to prescribed medications (Brown et al., 2016; Saag et al., 2018; World Health 

Organisation, 2003). Despite this, the ‘active ingredients’ of effective medication adherence 

interventions remain unclear (Anderson et al., 2020; Nieuwlaat et al., 2014). In a Cochrane review of 

medication adherence interventions, authors were prevented from drawing conclusions as to the 

effectiveness of adherence interventions due to the range of different conceptualisations and 

measurements of adherence, studied in an array of disease areas, and using a multitude of 

intervention types (Nieuwlaat et al., 2014). Even within systematic reviews focusing on specific 

intervention types (e.g. Conn & Ruppar, 2017; Conn, Ruppar, Enriquez, & Cooper, 2016; Demonceau 

et al., 2013; Edmondson et al., 2018), there appears to be a diverse range of methods to implement 

seemingly similar intervention types  (e.g. digital interventions, reminder-based interventions), with 

varied outcomes. The study of medication adherence interventions could benefit from the use of 

standardised taxonomies of intervention types and behaviour change techniques (BCTs; Michie et 

al., 2013) to examine intervention effectiveness. 

In addition to the limited understanding of the ‘active ingredients’ of medication adherence 

interventions, even less is known about how to maintain adherence to medication in the long-term. 

Evidence has shown reduced effectiveness of medication adherence interventions with longer 

follow-up periods (Wiecek et al., 2019). This effect is not unique to medication adherence; failure to 

maintain health behaviour change effects in the long-term has been identified as a key research 

priority (Nilsen et al., 2010; Ory et al., 2010) and is gaining increasing attention in the context of 

social cognitive models of health behaviour (Norman & Connor, 2015). In a systematic review of over 

100 theories describing maintenance of behaviour change, Kwasnicka and colleagues (2016) 

identified five key themes that theorists place at the core of maintenance theory, including 

maintenance motives, self-regulation, psychological and physical resources, the physical and social 

environment, and habit.  

Habits have been hypothesised to facilitate maintenance of behaviour by bypassing reflective 

decision-making processes and enabling people to engage in behaviours as they have in the past, 

with minimal cognitive expense (Gardner & Lally, 2018; Gardner, Rebar, & Lally, 2020). Whilst the 

exact definition of habit is widely disputed, contemporary habit theory definitions, including 

modern, interdisciplinary accounts of habit (see Fleetwood, 2019) converge on the idea that habitual 

behaviour (e.g. brushing teeth) is initiated by a stable contextual cue (e.g. getting out of the shower) 

which is associated with that behaviour (Gardner, 2015; Gardner et al., 2021).The acquisition of a 

habit for a specific behaviour relies on repetition of the behaviour in response to a stable contextual 

cue, as this facilitates learning of cue-response associations over time (Lally et al., 2010).  
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Medication adherence can encompass different behaviours which may vary in complexity, for 

example, swallowing a pill, to preparing several medications to be administered via a medical device 

(e.g. a nebuliser). Contemporary habit theory places emphasis on the importance of the habitual 

instigation of the behaviour, whereby a contextual cue can habitually trigger the initiation of the first 

sub-action, among a potential sequence of sub-actions which constitute a behaviour (Gardner et al., 

2016). Through this lens, techniques required to support the habitual instigation of behaviour should 

theoretically translate across the range of medication adherence behaviours. 

Identifying which BCTs are required to target specific ‘mechanisms of action’ (MoAs) in behaviour 

change interventions is challenging (Hagger, Moyers, et al., 2020), but there is a growing evidence 

base to support researchers in the context of habit formation. Recent research has emphasised that 

context-dependent repetition (equivalent to the Michie et al., 2013 ‘Habit formation’ BCT) is the 

principal technique by which habits can form (Gardner et al., 2020; Gardner & Lally, 2018) and 

thereby any intervention reporting to utilise contemporary habit theory in its design should at least 

demonstrate use of this technique. However, whilst context dependent repetition is minimally 

required, growing consensus indicates that self-regulatory BCTs (e.g. action planning, prompts and 

cues, self-monitoring) may support the individual through the period of effortful repetition in the 

path to habit formation (Gardner et al., 2020; see also Carey et al., 2018; Connell et al., 2018). In a 

recent review, Gardner & Rebar (2019) searched for studies utilising context-dependent repetition 

and identified which other BCTs were used in combination to facilitate the formation of health 

behaviour habits. All included interventions combined context-dependent repetition with some 

other motivation or action control techniques, such as ‘Action planning’, ‘Goal setting (behaviour)’, 

‘Prompts and cues’ and ‘Problem solving’ (see Michie et al, 2013 BCT taxonomy). This is unsurprising 

as both theoretical models of habit formation (Gardner & Lally, 2018; Gardner et al., 2020) and lay 

understandings of how habits are acquired  (Brown et al., 2019) implicate a period during which the 

behaviour must be effortfully repeated before it becomes habitual. 

Notably however, no studies included in Gardner and Rebar’s review examined habit formation in a 

medication adherence intervention, yet in the largest synthesis of medication adherence 

interventions to date, Conn & Ruppar (2017) concluded that ‘habit formation’ interventions were 

likely to hold the most promise for facilitating changes in medication adherence. This disparity in 

findings indicates there may be differences in conceptualisations of what a habit is, and ideas about 

how it can be targeted, between the medication adherence and contemporary habit theory 

literatures. The extent to which the existing medication adherence intervention literature aligns with 

recommendations from contemporary habit theory has not yet been documented. An exploration, 

through the lens of contemporary habit theory, of how habit has been conceptualised, whether 
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context-dependent repetition was used and which BCTs have been used alongside it could usefully 

draw attention to discrepancies between these two literatures. Furthermore, examination of the 

effectiveness of ‘context dependent repetition’ as a BCT in the context of these medication 

adherence interventions could provide a useful addition to the growing evidence base for the utility 

of this technique for supporting long-term behaviour change.   

A machine-learning assisted review of randomised controlled trials (RCTs) examining the 

effectiveness of ‘habit’ interventions in maintaining adherence was conducted to address these 

issues.  

The specific research objectives of this review were:  

 1) To describe how habit has been conceptualised, and whether theory has been applied (i.e. 

evidence of the requirement for the behaviour to be repeated in the same context to acquire 

associations between cues and behaviour), in interventions designed to improve medication 

adherence in long-term conditions; 

 2) To describe behaviour change techniques (BCTs) that have been used to target habit in 

interventions to improve adherence to medication in long-term conditions;  

3) To examine the effectiveness of interventions identified as using context-dependent repetition in 

improving adherence to medication in people with long-term conditions. 

3.4 Materials and methods  

The review was preregistered on PROSPERO, available from: 

https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42020187890 

The scope of the review was extensive and inclusive across Population, Intervention type, 

Comparison, Outcome, Timeline and Study (PICOTS) domains. The scope covered individual and 

cluster randomised controlled trials (S) of habit-related adherence interventions (I) compared to 

usual care or control interventions (C). These had to be conducted in adults with long term 

conditions (P) and measure effects on adherence(O) at a minimum of 6-months post-randomisation 

follow-up (T). 
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3.4.1 Search strategy 

The search strategy was implemented in two stages.  

3.4.1.1 Stage 1: Identification of studies published prior to 2015 

Conn and Ruppar (2017) published a large-scale systematic review of interventions designed to 

improve medication adherence. The final searches conducted for their review, as reported by Conn 

and Ruppar , were in 2015. The strategy used was assessed and it was understood that the search 

conducted by Conn and Ruppar (2017) would be both comprehensive and inclusive enough for the 

present review. A list of the included studies was retrieved and screened for eligible studies against 

the inclusion criteria for the present review.  

3.4.1.2 Stage 2: Identification of studies published after 2015 

Electronic database searches were conducted on 13th May 2020: MEDLINE (1946 to May 12, 2020), 

PSYCInfo (1806 to May Week 2 2020) and EMBASE (1974 to 2020 May 13) were searched. Key 

search terms included medication adherence (MeSH), randomised controlled trials, habit and 

behavioural or complex interventions. The full MEDLINE, PSYCInfo and EMBASE search strategies are 

available in Appendix A. 

Reference lists of included studies were also screened for eligible studies.  

3.4.2 Inclusion criteria 

Texts reporting RCTs of interventions designed to improve medication adherence in adults living 

with long-term conditions were the focus of this review. Eligible studies had to use the term ‘habit’, 

or ‘automaticity’ with reference to the SRBAI, in either the introduction, methods or associated 

documentation describing the intervention in more detail. Studies examining intervention effects in 

health conditions for which there is no cure and which is managed with a regimen of medication 

were eligible for this review. This specific criterion, used by the department of health (Department 

of Health, 2012), was chosen because: i) this definition excludes disease groups such as tuberculosis, 

which is sometimes considered a long-term condition but can be cured with a 6-month prescription 

of antibiotics. The present review is concerned with long term (>6month) effects of interventions 

and therefore inclusion of diseases of this nature would be inappropriate; ii) this definition excludes 

conditions such as sleep apnoea; whilst sleep apnoea is also sometimes considered to be a long-

term condition, it is primarily treated using mechanical devices worn overnight, rather than 

medicines taken in discrete episodes.  

The focus of the review is to examine how the development of habits in the context of medication 

adherence facilitates long-term maintenance of medication-taking behaviour. This extends beyond 
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initiation of the behaviour and requires evidence over prolonged periods. In line with the 

Transtheoretical model’s conceptualisation of maintenance (Prochaska & Di Clemente, 1982), 

studies with a minimum follow-up of 6-months only were eligible for inclusion in this review. 

All studies reporting full-scale RCTs published in peer reviewed journals were eligible for inclusion. 

Any number or type of comparison intervention was acceptable. Studies reporting adherence as a 

primary or secondary outcome variable were included. 

3.4.3 Exclusion criteria 

Studies of intervention effects on people who were in prison or people with substance abuse and/or 

psychological disorders were excluded. This is in line with Conn and Ruppar’s (2017) exclusion 

criteria and avoids inclusion of populations requiring specialist intervention design to support 

additional complexities in the self-management of disease. 

Studies published as conference abstracts and journal supplements were excluded due to 

insufficient detail to code BCTs. Pilot and feasibility studies and studies not available in English or in 

full-text were excluded.  

3.4.4 Study selection and data extraction 

3.4.4.1 Title and abstract screening 

Title and abstract screening was conducted using an active learning approach (see O’Mara-Eves, 

Thomas, McNaught, Miwa, & Ananiadou, 2015), in which a portion of studies were manually labelled 

(include/exclude) and used to train a machine learning text-classification algorithm. The algorithm 

outputs the remaining, unlabelled studies in rank order of likelihood of inclusion, which the reviewer 

then continues to manually label. This process is iterated until the likelihood of identification of 

additional studies for inclusion is deemed low enough to cease screening (see O’Mara-Eves, Thomas, 

McNaught, Miwa, & Ananiadou, 2015). Application of machine learning techniques for text 

classification is gaining increasing popularity in health science reviews (e.g. Currie et al., 2019; 

Shemilt, Anneliese, et al., 2021; Shemilt, Noel-Storr, et al., 2021) and a detailed description of the 

methods applied here are available in Appendix B (see also Marshall & Wallace, 2019; O’Mara-Eves 

et al., 2015). 

3.4.4.2 Full-text screening  

All abstracts identified in the title and abstract screening process were manually screened. Due to 

the nature of the interventions of interest, a large number of articles were expected to be eligible 

for the full-text screening stage. In anticipation of this, a two-stage full-text screening process was 

planned and implemented.  
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In the first stage, full-texts were searched for keywords in either the introduction, methods or 

associated documentation (referenced in the methods) which detailed intervention content. Key 

words were ‘habit(s/ual)’ and /or ‘automatic(ity)’, used specifically in relation to medication 

adherence behaviours. The protocol states that the keyword ‘Routine(s)’ would also be searched at 

this stage but further experience from piloting this stage of the screening revealed that whilst some 

studies were using the keyword routine, it was unclear if they were using this in reference to habit 

formation and therefore this was excluded from the search process at this stage (see Discussion for 

more detail on this decision). If identified as potentially relevant in this stage, texts progressed to the 

second stage in which they were screened against the remaining inclusion and exclusion criteria. 

Conference abstracts and journal supplement abstracts reporting potentially relevant studies were 

followed up to identify any journal articles which reported the study in full. The authors of protocols 

detailing relevant interventions were emailed to request trial results if available1, and full-texts of 

articles that could not be accessed by other means were requested from authors. 

3.4.5 Data extraction  

Study characteristics (design, recruitment, retention, population details, sample characteristics, 

study setting, follow-up), intervention features (including detailed coding of BCTs - see below), 

description of comparison groups, and adherence and habit outcomes were extracted using a data 

extraction form. Conceptualisations of habit were derived by reading descriptions around the 

location of keywords (‘habit(s/ual)’ and /or ‘automatic(ity)’) in the full-texts or (associated 

documentation which were referenced in the methods) and detailed intervention content. 

3.4.5.1 Intervention BCT coding 

Two reviewers [LR, SD] independently coded intervention BCTs using Michie and colleagues’ 

taxonomy of 93 BCTs v1 (Michie et al., 2013). Intervention descriptions were extracted; if protocols 

or methodology papers were available, these were also examined for additional details on 

intervention content. Differences were then discussed and a third expert reviewer [MA] was 

included to resolve any outstanding discrepancies. Some studies described some or all intervention 

features using Michie et al.’s (2013) taxonomy (indicated in Table 3 and Appendix C, Table C1). In 

these instances, BCTs were extracted directly and the remaining text was checked for any additional 

BCTs that could be coded.  

 

 
1 This led papers being included that were published after the end date of the searches but for which results 
were provided prior to completion of data extraction (Barankay et al., 2020; Wildman et al, 2021). 
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3.4.5.2 Adherence data extraction 

The majority of studies included more than one summary of adherence, and/or at more than one 

timepoint. ‘Primary’ outcomes for the purposes of principle comparisons in this review were 

selected in the following order of priority: outcomes nearest 6 months; stated as the primary 

outcome/ power calculations based on expected effect size of this outcome; objective measurement 

tool; taking adherence (i.e. the proportion of medications taken relative to those prescribed). This 

was favoured over scheduling adherence (i.e. the proportion of doses taken within a specified time 

period relative to those prescribed), as taking adherence is most similar to other primarily extracted 

outcome measures, compared to scheduling adherence which is more stringent). Adherence 

outcomes summarised at time-points <6 months, for within-group analyses or for sub-groups of 

participants were not extracted.  

3.4.6 Quality assessment 

The Cochrane revised risk of bias tool and variant for cluster RCTs (Higgins et al., 2019) was used to 

conduct quality appraisals. One reviewer [LR]conducted quality assessments. The primary extracted 

outcome was assessed for each study. Protocols and/or trial registry records were used to support 

assessment, when available. All five domains were assessed but items relating to blinding of 

participants and interventionists to treatment allocation were not assessed, due to the nature of 

behaviour change interventions being inevitably unblinded. To enable algorithm calculation, these 

items were scored as low risk for all studies. The cluster randomised trial tool includes two 

assessments for domain 1. In order to compare assessment of bias across individual and cluster 

randomised studies, assessments were combined on this domain: studies assessed as low risk on 

both items of this domain were given an overall summary of low; studies with at least one 

assessment of ‘some concerns’ or ‘high risk’ were summarised as ‘some concerns’ or ‘high risk’ 

overall, respectively. This is in line with overall summaries as described in the Cochrane RoB 

handbook (Higgins et al., 2022).  

3.4.7 Data analysis 

An assessment was conducted to determine the appropriateness of meta-analysis of findings from 

studies eligible for inclusion. The homogeneity of populations, intervention types, intervention 

content, adherence measurement tools and summary measures and timepoints at which 

participants were followed-up across all studies was considered. Owing primarily to between-study 

variation in conceptualisations and use of ‘habit’ as a construct in this review (see Results), and due 

to insufficient data available, a meta-analysis to determine the effectiveness of habit-based 

interventions would not be appropriate or achievable with this pool of studies. A planned, narrative 
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review of conceptualisations of habit and the intervention BCTs was conducted. Following this, 

studies which explicitly used ‘context-dependent repetition’ (i.e. the principal BCT required to form a 

habit) were carried forward for examination of intervention effects. Effect sizes were calculated for 

adherence outcomes for each RCT based on the raw observed data; if this was not available this was 

calculated on the adjusted difference.  Adherence outcomes were synthesised following the 

Cochrane Handbook ‘Vote counting based on the direction of effect’ method, as planned (McKenzie 

& Brennan, 2019). Probability of observing the overall direction of effect was assessed using a 

binomial probability test and confidence intervals calculated using the Wilson interval method 

(Brown, Cai, & Dasgupta, 2001). 

3.5 Results 

Searches yielded a total of 5973 studies of which, 17 articles were included (Figure 1). Two of these 

were protocols for studies for which the main articles were also included, thus screening identified 

15 independent studies, including 18 intervention comparisons.  

3.5.1 Overview of included studies 

Characteristics of the 15 included studies are given in Table 2.   

Interventions were designed for a variety of target populations, including people with cardiovascular 

disease and/or high cholesterol (n=5 studies), human immunodeficiency virus (HIV; n=3), respiratory 

disease (n=3), epilepsy (n=2), diabetes (n=1) and for people prescribed immunosuppressants 

following kidney transplantation (n=1). 

Few details on the regimen prescribed for the included samples were given but likely ranged from 

requiring one opening of a pill bottle per day (e.g. Barankay et al., 2020) to a mean of 4.39 (SD= 1.8) 

doses of medication prescribed per day  (Milam et al., 2005). 
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Figure 1 

Screening flow-diagram 
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Table 2  
Study characteristics 

First author (Year) Disease group and 

characteristics 

Description of medication 

and dosage 

Participant characteristics n per group randomized Intervention and 

comparator  

Maximum follow-up 

period 

Barankay (2020) Statin prescription; self-

reported non-adherence; 

LDL-C level >100mg/dL 

and diagnosed ASCVD /10-

year CVD risk score >7.5% 

OR LDL-C >190mg/dL and 

no other risk factors OR 

both 

Pills; One pill bottle 

opening per day expected 

Mean age (SD) =58.5 

(10.3); female=519 (64.5%) 

Simple daily sweepstakes: 

n=199; Deadline sweepstakes: 

n=204; Sweepstakes plus 

deposit contract: n=201; 

Control: n=201 

Simple daily sweepstakes; 

Deadline sweepstakes; 

Sweepstakes plus deposit 

contract; vs Control 

6 months 

De Bruin (2010) Diagnosis of HIV;  ≥6 

months on HAART;  ≥18 

years old 

Pills; Majority of 

participants (90%+) on 

polytherapy 

Mean age (SD): 

intervention = 47.3 (9.8); 

control= 48.7(9.8); Male %: 

intervention= 92%, 

control= 90%  

Intervention n=66; control 

n=67 

Electronic Monitoring-

Based Counselling vs usual 

care 

8-9 months 

Farmer (2016) Diagnosis of type-2 

diabetes for  ≥3 months; 

≥18 years old; no known 

CVD events 

Pills; One medication 

session daily 

Mean age (SD): Action 

planning= 61.5(11.1), usual 

care =63.9(12); Male%: 

Action planning=54, usual 

care= 59 

Intervention n clusters = 30, n 

participants=265; Control: n 

clusters= 29, n 

participants=378 

Brief action planning 

intervention vs usual care 

12 months 

Gregoriano (2019) Diagnosis of asthma 

and/or COPD; prescribed 

daily inhaled medication 

and at least one 

exacerbation in the 

previous 12 months 

 

 

 

Puff inhaled/dry powders; 

Intervention mean 

medications prescribed 

daily (SD)= 1.9 (0.8); 

Control mean(SD)=2.0 

(0.8) 

Mean age (SD): 

Intervention= 64.7(12.4); 

Control= 69.0 (8.8); 

Male(%): Intervention= 

61%; Control(%)= 69% 

Total n randomised (n)= 169; 

Total entering baseline visit 

(n)= 165: Intervention=84; 

Control n=81 

Daily alarm clock and 

support phone calls vs 

control 

6 months 
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Table 2 

Continued 

      

First author (Year) Disease group and 

characteristics 

Description of medication 

and dosage 

Participant characteristics n per group randomized Intervention and 

comparator  

Maximum follow-up 

period 

Haynes (1976) Cardiovascular medication 

pill-count<80% and high 

blood pressure ( ≥90 mm 

Hg); Dominion Foundries 

employees  

Pills; dosage not stated Mean age (SD) not 

reported. Male %: 

intervention = 100%, 

control=100% 

Intervention n=20; control 

n=19 

Behavioural intervention 

vs usual care 

6 months 

Lin (2017) People with CAD that had 

undergone CABG; 

responsible for self-

administration of 

medications; not meeting 

criteria for other pre-

specified comorbid 

diseases or health 

problems 

Pills; Prescriptions across 

the sample: >90% aspirin, 

80%+ beta blockers, 60%+ 

ACE inhibitors, 70%+ lipid 

lowering drugs 

Mean age (SD): 

Intervention=74.32 (5.26), 

control= 75.23 

(5.82); Male%: 

intervention= 67.4% , 

control= 65.3% 

Intervention: n centres=6, n 

participants=144; Control: n=6 

centres, n participants=144  

Multifaceted intervention 

including motivational 

interviewing vs usual care 

18 months 

Milam (2005) Diagnosis of HIV for  ≥3 

months; attending 

participating HIV clinic; 

sexually active in past 3 

months;  ≥18 years old 

Pills; Mean number of pills 

per day (SD)= 4.39 (1.8) 

Mean age (SD): adherence 

intervention= 39(8.1); safer 

sex group=39(7.8); Male %: 

adherence intervention= 

87.9%; safer sex 

arm=89.2% 

Adherence arm: n clusters= 2 , 

n participants=149; safe sex 

intervention: n clusters= 4, n 

participants = 288 

Brief adherence 

intervention vs safe sex 

intervention (no 

adherence component) 

17-18 months 

O’Dwyer (2020) People prescribed 

salmeterol/fluticasone 

Diskus inhaler for asthma, 

COPD, or other (3-6% 

unknown diagnosis); filled  

≥3 prescriptions in past 6 

months 

Inhaled medications; 

dosage not stated for this 

sample  

Mean age (SD): 

Biofeedback group= 54(15), 

demonstration group = 

53(15); control = 55(13); 

Male %: Biofeedback 

group= 42%; 

demonstration group = 

57%; control = 50% 

Biofeedback group: n clusters= 

27, n participants = 74; 

Demonstration group: n 

clusters= 37, n participants = 

56; Control group: n clusters 

=10, n participants =22 

Biofeedback or 

demonstration vs usual 

care 

6 months 
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Table 2 

Continued 

      

First author (Year) Disease group and 

characteristics 

Description of medication 

and dosage 

Participant characteristics n per group randomized Intervention and 

comparator  

Maximum follow-up 

period 

Pakpour (2015) Diagnosis of epilepsy;  ≥18 

years old; independently 

responsible for medication 

taking; prescribed AEDs 

Pills; Majority of 

participants (~70%) on 

monotherapya 

Mean age (SD): 

intervention = 41.37 

(16.25), comparator = 

39.86(15.01); Female %: 

intervention= 32.8%; 

control = 35.5% 

Intervention n=137; control 

n=138 

Multimodal behavioural 

intervention vs usual care 

6 months 

Reddy (2017) Veterans with diagnosis of 

CAD; 30-75 years old; 

<80% adherence at entry 

to study 

Pills; 1 session daily Mean age (SD): Individual 

feedback = 65.6(4.1), 

partner feedback= 

64.9(6.2), usual 

care=64.1(6.6); Male %: 

Individual feedback = 

100%, partner feedback = 

96.3%, control=91.7% 

Individual feedback n= 36; 

partner feedback n= 54; 

control n=36 

Individual feedback or 

partner feedback  vs usual 

care 

26 weeks 

Russell (2020) People prescribed ≥1 

twice-daily 

immunosuppressive 

medication following 

kidney transplant;  ≥18 

years old; functioning 

kidney transplant; no 

other life-shortening 

diagnosis  

Pills; At least 1 medication, 

administered twice daily 

Mean age (SD): 

SystemCHANGE= 53(11.2), 

Attention 

control=50.7(9.7); Male%: 

SystemCHANGE= 66.7%; 

attention control = 50% 

Intervention n=45; control 

n=44  

SystemCHANGE 

intervention vs attention 

control 

12 months 

Stacy (2009) Dyslipidaemia;   ≥21 years; 

enrolled in pharmacy plan 

and placed claim for a 

statin prescription 

Pills; 57.8% prescribed 3+ 

medications 

Mean age: intervention 

=54.6, control = 54.2; 

Females:  intervention= 

62.1%; control= 62.7% 

Intervention: n= 298; 

Enhanced care control n=280 

Interactive voice response 

technology intervention vs 

enhanced care control 

6 months 
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Table 2 

Continued 

      

First author (Year) Disease group and 

characteristics 

Description of medication 

and dosage 

Participant characteristics n per group randomized Intervention and 

comparator  

Maximum follow-up 

period 

Tang (2014) Diagnosis of epilepsy;  ≥16 

years old; AEDs prescribed  

≥6 months; non-

adherence occurred in the 

last 6 months 

Pills; Not stated Mean age (SD): Education 

and behavioural 

intervention=30.8(11.6), 

Education only=31.6(13);  

male%: Education and 

behavioural intervention = 

58.9%; education only= 

49.1% 

Education and behavioural 

intervention n= 65, Education 

only n= 59, 

Education plus 

behavioural intervention 

vs education only 

6 months 

Tuldrà (2000) Attending HIV-outpatient 

clinic; initiating first or 

second line HAART 

Pills; Mean (SD) doses per 

day =3(2)  

Mean age (SD): 

intervention=39(10), 

control = 38(7); male%: 

intervention= 73%; control 

= 79% 

Intervention: n=55; Control 

n=61 

Psychoeducative 

intervention vs usual care 

48 weeks 

Wildman (2021) Diagnosis of CF; ≥16 years 

old 

Nebulised; dosage not 

stated for this sample  

Mean age (SD): 

Intervention=31.1(10.6), 

control= 

30.3(10.8); Female%: 

intervention= 51.3% , 

control= 50.8% 

Intervention n=305; control n= 

303 

CFHealthHub intervention 

vs usual care 

12 months 

CAD =   Coronary artery disease; AED= anti-epileptic drug; ASCVD=. Atherosclerotic cardiovascular disease; LDL-C= Low density lipoprotein cholesterol; HIV= Human immunodeficiency virus; HAART= Highly active 

anti-retroviral therapy; COPD= Chronic obstructive pulmonary disease; CVD= cardiovascular disease; CABG= coronary artery bypass graft; CF= cystic fibrosis; SD= standard deviation 
abased on n in table 1 of (Pakpour et al., 2015) 
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3.5.2 Conceptualisations of ‘habit’, intervention characteristics and ‘habit formation’ 

interventions 

3.5.2.1 Conceptualisation of habit  

Conceptualisations of what a habit is, references to key habit literature and provision of detail on how 

habits were targeted with specific intervention content varied greatly between studies.  

Descriptions of habit in two studies closely aligned with contemporary habit theory, indicating both that 

habits arise from context-dependent repetition and that the development of habits reduces the need for 

effortful self-regulation of medication-taking behaviour (De Bruin et al., 2010; Wildman et al., 2021). 

Seminal literature on modern habit theory was referenced in both studies (e.g. Gardner & Rebar, 2019; 

Ouellette & Wood, 1998). 

Barankay et al., (2020) dissociate three perspectives on habit from the psychological, economic and 

management literatures and apply these ideas to each of three intervention arms respectively, and 

examine their effects in maintaining the behaviour after withdrawal of incentives. In all three arms, 

including the control arm, a daily reminder was sent out. Whilst this could potentially act as a cue for the 

behaviour, this does not appear to be the active ingredient of their habit intervention arms, and whilst 

participants could choose the time at which this was received, the participants were not explicitly asked 

to link medication with the reminder. In the second arm, the authors state they draw on management 

theory in that ‘habits arise as a consequence of newly established routines’. To encourage routines, 

participants in this arm were told they will only be entered into a sweepstake if they take their 

medications before they receive their reminder. The potential for reward was removed if behaviour was 

performed after the reminder each day. The idea of building medication-taking routines aligns more 

closely with contemporary habit theory in that existing routines could be used as a consistent cue to 

trigger performance of the new behaviour. However, there was no indication that the participant was 

supported to identify a cue or daily routine to enable repeated performance of the behaviour prior to 

their deadline, just that the behaviour itself was to become a routine. Other than specifying that the 

routine had to occur before the alarm, it is unclear what strategies were used to support this.  

Reddy and colleagues (2017) designed their study to last 13 weeks, referencing key habit literature which 

demonstrated the average time for habits to form is 66 days (Lally et al., 2010). Reddy et al., (2017) stated 

that their aim was to create a ‘3-step habit loop’ (referencing a book by Duhigg, 2012) but habit was here 

defined as medication-taking behaviour that is demonstrated by ‘persistent adherence once the 

intervention is complete’. Context-dependent repetition was not indicated as a feature of habit formation 

in this study. Similarly, O’Dwyer et al., (2020) described habit as a behaviour which occurs regularly or 

routinely, but did not state that performance of the behaviour in a consistent context is also key to habit 

formation. Habitual performance of medication-taking in this intervention referred to both frequency 



45 
 

with which the behaviour occurred but also in the way the medication was administered. This distinction, 

regarding habitual ‘instigation’ vs habitual ‘execution’ has been the topic of discussion in the wider habit 

literature (e.g. Gardner et al., 2016).   

Six studies refer to habit as a behaviour that can be achieved by linking or performing medication-taking 

behaviours with other routines or ‘habits’ (Farmer et al., 2016; Gregoriano et al., 2019; Haynes et al., 

1976; Milam et al., 2005; Russell et al., 2020; Tang et al., 2014). Whilst the need to link medication-taking 

behaviour with an existing routine was clearly indicated in the intervention description as well as in the 

background and rationale for most of these studies, the action planning intervention described by Farmer 

et al., (2016) did not explicitly mention that it was a routine (i.e. repeated behaviour or cue) which was to 

be linked with medication-taking. This was important for coding habit formation as a BCT (see below). 

Conceptualisation and implementation of habit remains unclear in two studies (Stacy et al., 2009; Tuldrà 

et al., 2000). Both studies explicitly link medication adherence to ‘developing a habit’, ‘habit formation’ or 

supporting participants in the ‘acquisition of habits’, but provide no elaboration on how this was 

achieved, and made no reference to other publications, studies or theoretical descriptions of habit. 

Two interventions conceptualised habit as automaticity, using the Self-Report Behavioural Automaticity 

Index (SRBAI; Gardner et al., 2012), a widely used measure of habit and behavioural automaticity (Lin et 

al., 2017; Pakpour et al., 2015). Pakpour et al., (2015) first mention behavioural automaticity in the 

methods when describing the SRBAI and is only discussed thereafter in terms of change in behavioural 

automaticity; no explicit explanation as to the purpose or value in increasing automaticity (or habit) is 

given. Lin et al., (2017) state the rationale for measurement of behavioural automaticity: "Behavioral 

automaticity reflects whether a patient engages in a behavior (e.g. taking medication) relatively 

automatically; that is, quickly, easily, and without the need for conscious thought”. Neither intervention 

states that a key mechanism to achieve behavioural automaticity is through context-dependent 

repetition. 

3.5.2.2 Intervention content and techniques 

Behaviour change techniques are presented in Appendix C. The most frequently coded technique was 

‘Feedback on behaviour’ (n=11 interventions), followed by ‘Prompts/cues’ (n=10), ‘Problem solving’ and 

‘Action planning’ (both n=8) and ‘Behavioural practice/rehearsal (n=6)’. Thereafter, all other identified 

intervention techniques (n=34) were coded for five or fewer interventions 

Only two studies used a BCT taxonomy to describe intervention content; both used Michie et al.’s (2013) 

taxonomy. The number of intervention techniques coded within a study varied from two to 15. Whilst for 

some studies this is likely an accurate reflection of the BCTs actually implemented in the interventions, 

some BCTs were precluded from being coded in some studies due to lack of detail. 
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‘Context-dependent repetition’ was coded for six interventions (see below).  

3.5.3 Interventions utilising ‘Context-dependent repetition’ and effects on adherence 

Context-dependent repetition was identifiable in six of the 18 interventions (33%; Table 3), despite this 

being the primary mechanism by which theory predicts new habits will form (Gardner & Lally, 2018; 

Gardner et al., 2020). One study self-coded habit formation using Michie and colleagues’ (2013) 

taxonomy (Wildman et al., 2021). For some studies, absence of this BCT could be due to a lack of clarity in 

intervention descriptions leading to inability to definitively code it. For example, some studies described 

enough to code action planning, but context-dependent repetition could not be coded because there was 

not a clear indication that the details of the action plan involved repetition of the action plan in a specific 

context (e.g., Farmer et al., 2016). Stacy and colleagues (2009) included a figure to describe their 

intervention content which only contained the phrase ‘Developing a habit’ but with no reference to a 

taxonomy or with any additional description to contextualise exactly what was meant by this, and 

therefore context-dependent repetition could not be definitively coded for this study. Generally, context-

dependent repetition was coded when authors described linking medication-taking behaviour with a 

routine or cue which occurred on a daily basis, therefore implying repetition. 

Habit formation was never used as a standalone technique. Coding of Michie et al.’s (2013) ‘Habit 

formation’ BCT necessarily requires coding of ‘Behavioural practice’. Five of the six interventions also 

used ‘Prompts/cues’, ‘Action planning’ and ‘Problem solving’.  

All six interventions indicated that an interventionist helped the participant to identify a consistent cue or 

daily routine which was to be linked with the behaviour. One study utilised an alarm reminder and 

allowed the participant to choose the time of the alarm to coincide with their daily habits. Unlike the four 

other interventions, the alarm reminder itself was the intended cue in this intervention rather than the 

daily routine. Some interventions also described that the cue and behaviour were explicitly linked by 

writing them down on a dedicated action planning form which was designed to help with this task (Milam 

et al., 2005; Tang et al., 2014; Wildman et al., 2021).  

3.5.3.1 Intervention effects on adherence 

The present review aimed to examine the effectiveness of habit-based interventions. As identified by 

Michie and Prestwich (2010) referencing habit theories does not equate to an intervention being theory-

based. For the present review, intervention effects were summarised for all included interventions 

(Appendix D), but more utility can be gained from focusing on only the studies which used context-

dependent repetition.  Use of context-dependent repetition as a BCT was minimally required for an 

intervention to be described as ‘habit-based’ in line with contemporary habit theory and therefore 

detailed examination of intervention effects has been limited to these studies. 
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Findings from all six of these interventions showed positive effects on adherence (100%, 95%CI=[61-

100%], p=0.03), but effect sizes ranged from small (RR= 1.03, Tang et al., 2014) to very large (adjusted 

d=1.71, Wildman et al., 2021; see Table 3). Interventions were implemented in diverse study contexts, 

used a range of outcome measures and were conducted across a number of disease groups 

(cardiovascular disease, COPD, epilepsy, HIV, kidney transplant and cystic fibrosis); some delivered 

multiple, relatively frequent face-to-face sessions, whilst others appeared to deliver the intervention in a 

single clinic visit. The small effects found by Tang and colleagues (2014) related to ‘improvements in 

adherence’; this was a dichotomous outcome (improvement/no improvement) indicated by the score on 

a self-report measure of adherence. Comparatively, more objective measures of adherence were used by 

Gregoriano et al., (2019),  Haynes et al., (1976), Wildman et al., (2021) and Russell et al., (2020); these 

studies found medium to very large effects. The largest effect (adjusted d=1.71 ; Wildman et al., 2021) 

was also the study with the most BCTs coded, although this is likely attributable to the authors coding the 

intervention BCTs themselves, using Michie and colleagues’ (2013) taxonomy. In addition, some of these 

interventions ranged from simplistic interventions (e.g. completion of an action planning form; Tang et 

al., 2014) to complex interventions (e.g. Russell et al., 2020; Wildman et al., 2021) designed to improve 

adherence by targeting issues across Capability, Opportunity and Motivation (Michie et al., 2013). 
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Table 3 

'Habit formation' intervention content and findings. 

Fi
rs

t 
au

th
o

r 

(Y
e

ar
) Intervention 

name 
BCTs codeda Intervention 

duration to 
assessment 
timepoint 
details 

Data 
collection 

Adherence 
summary and 
timepoint 
measured 

Adjustment 
to estimates 

n (I,C) 
analysed 

Effect on adherence 

(nearest 6 months) 
Direction of 
effect and 
effect size 
(nearest 6 
months)b 

Effect on 
adherence >6 
months 

Effect on 
habit 

G
re

go
ri

an
o

 (
2

0
1

9
) Daily alarm 

clock and 
support 
phone calls vs 
control 

1.2 Problem solving;  
2.2 Feedback on behaviour;  
7.1 Prompts/cues;  
8.1 Behavioural 
practice/rehearsal; 
8.3 Habit formation 

Intervention 
delivered over 
6 months 

Electronic 
device or 
POEMs 
where 
appropriate 
for dry 
powder 
medications 

Mean number 
of days (max 
200) that 
taking-
adherence 
was in target 
adherence 
range (80-
100%) 

n/a I (Puff 
inhaler)= 
57, I (Dry 
powders)
= 41 
C(Puff 
inhaler)= 
60, C (Dry 
powders)
= 49 

Significant difference 
for puff inhalers and 
dry powder capsules: 
Puff inhalers, 
Intervention mean(SD)= 
81.6(14.2), control 
mean(SD) =60.1(30.3), 
p<.001; Dry powders 
Intervention mean(SD)= 
89.6(9.8), Control 
mean(SD)= 80.2(21.3), 
p=.01 

Favours 
intervention 
Puff inhalers: 
Unadjusted d 
(95%CI)= 0.90 
(0.52, 1.28) 
Dry powders: 
Unadjusted d 
(95%CI)= 0.55 
(0.13, 0.97) 

n/a Not 
measured 

H
ay

n
es

 (
1

9
7

6
) Behavioural 

intervention 
vs usual care 

1.2 Problem solving; 1.3 Goal 
setting (outcome); 1.4 Action 
planning; 1.6 Discrepancy 
between current behaviour 
and goal; 2.2 Feedback on 
behaviour; 2.3 Self-
monitoring behaviour; 2.4 
Self-monitoring outcome of 
behaviour; 2.6 Biofeedback; 
3.1 Social support 
(unspecified); 7.1 
Prompts/cues; 8.1 
Behavioural practice/ 
rehearsal; 8.3 Habit 
formation; 10.4 Social 
reward;10.10 Reward 
(outcome); 12.1 restructuring 
the physical environment 

 

 

Intervention 
delivered over 
full 6 months 

Unused pill 
count  

Change in 
adherence at 
6-months, 
adherence 
calculated as 
proportion of 
pills 
prescribed 
that are taken 
in the month 
of follow-up 

n/a I=20 

C= 18 

Significant difference: 
Intervention mean 
(SE)=65.8(8.2) vs 
control mean(SE) = 43.2 
(10.1), Baseline 
adjusted difference = 
22.8, p=.025 

Favours 
intervention 

Unadjusted 
Hedges g 
(95%CI)= 0.56 
(-0.09, 1.21) 

n/a Not 
measured 
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Table 3 
Continued 

Fi
rs

t 
au

th
o

r 

(Y
e

ar
) Intervention 

name 
BCTs codeda Intervention 

duration to 
assessment 
timepoint 
details 

Data 
collection 

Adherence 
summary and 
timepoint 
measured 

Adjustments 
to estimates 

n 
(I,C) 
analy
sed 

Effect on adherence 

(nearest 6 months) 
Direction of 
effect and 
effect size 
(nearest 6 
months)b 

Effect on 
adherence >6 
months 

Effect on 
habit 

M
ila

m
 (

2
0

0
5

) Brief 
adherence 
intervention 
vs safe sex 
intervention 
(no 
adherence 
component) 

1.2 Problem solving; 1.4 
Action planning; 7.1 
Prompts/cues; 8.1 
Behavioural practice/ 
rehearsal; 8.3 Habit 
formation 

Intervention 
delivered until 
month 10-11 

Self-report 
of number 
of pills 
taken over 
past 7 days 

Percent of 
patients 
whose 7-day 
adherence >9
5% measured 
at 17-18 
months  

Income, 
ethnicity, 
employment 
status, AIDS 
diagnosis, 
HAART 
regimen (vs. 
non-HAART), 
and number 
of pills per 
day, 
adherence at 
baseline and 
clustering 

I=149 

C=288 

No significant effect: 
Intervention n(%)=128 
(85.9%) vs control 
n(%)=201(69.8%). 
Adjusted OR = 2.05, 
[95% CI: 0.92 to 4.56], 
p=.077 

Favours 
intervention 

(Unadjusted) 
RR (95% 
CI)=1.23 
(1.11, 1.36) 

(Outcome 
measured at 17-
18 months) 

Not 
measured 

R
u

ss
el

l (
2

0
2

0
) SystemChang

e™ vs 
attention 
control 

1.1 Goal setting (behaviour); 
1.4 Action planning; 1.5 
Review behaviour goals; 1.6 
Discrepancy between current 
behaviour and goal; 2.2 
Feedback on behaviour; 4.4 
Behavioural experiments; 
15.3 Focus on past success 

Intervention 
delivered over 
6 months 

MEMS-cap Adherence 
rate defined 
as doses 
taken on 
time/total 
doses at 6 
months 

Ethnicity, 
marital status, 
perceived 
health score, 
and perceived 
social support  

I=45 

C= 44 

Significant difference: 
Intervention 
mean(SD)=0.81(0.25) vs 
control mean(SD)= 
0.64(0.24), p<.001. 
Adjusted difference B= 
0.2 (95% CI= 0.12 to 
0.27; SE = 0.039, 
p<.001) 

 

Favours 
intervention 

Unadjusted d 
(95%CI)= 
0.69(0.27, 
1.12) 

Significant 
difference at 12 
months: 
Intervention 
mean(SD)=0.65(
0.37) vs control 
mean(SD)= 
0.53(0.29), 
p=.004. 
Adjusted B=0.16 
(95% CI= 0.06 to 
0.26); SE = 0.05) 
p<.001. Favours 
intervention 

Unadjusted d 
(95%CI)= 0.36 (-
0.06, 0.78) 

 

 

Not 
measured 
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Table 3 
Continued 

Fi
rs

t 
au

th
o

r 

(Y
e

ar
) Intervention 

name 
BCTs codeda Intervention 

duration to 
assessment 
timepoint 
details 

Data 
collection 

Adherence 
summary and 
timepoint 
measured 

Adjustments 
to estimates 

n 
(I,C) 
analy
sed 

Effect on adherence 

(nearest 6 months) 
Direction of 
effect and 
effect size 
(nearest 6 
months)b 

Effect on 
adherence >6 
months 

Effect on 
habit 

Ta
n

g 
(2

0
1

4
) Education 

plus 
behavioural 
intervention 
vs education 
only 

1.4 Action planning; 7.1 
Prompts/cues; 8.1 
Behavioural practice/ 
rehearsal; 8.3 Habit 
formation; 9.1 Credible 
source 

Intervention 
delivered over 
full 6 months 

Morisky 
Medication 
Adherence 
Scale 
(MMAS-4) 

Number of 
individuals 
whose self-
report 
adherence 
improved at 
6-months.  

n/a I=56 

C=53 

Favours intervention.  

No significant effect: 
Intervention n 
improved (%)= 
36(64.3%) vs Control n 
improved (%)=33 
(62.3%), p=0.827 

Favours 
intervention 

RR(95% CI)= 
1.03 (0.78, 
1.37) 

n/a Not 
measured 
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Table 3 
Continued 

Fi
rs

t 
au

th
o

r 

(Y
e

ar
) Intervention 

name 
BCTs codeda Intervention 

duration to 
assessment 
timepoint 
details 

Data 
collection 

Adherence 
summary and 
timepoint 
measured 

Adjustments 
to estimates 

n 
(I,C) 
analy
sed 

Effect on adherence 

(nearest 6 months) 
Direction of 
effect and 
effect size 
(nearest 6 
months)b 

Effect on 
adherence >6 
months 

Effect on 
habit 

W
ild

m
an

 (
2

0
2

1
) CFHealthHub 

intervention 
vs usual care 

1.1 Goal setting (behaviour); 
1.2 Problem solving; 1.4 
Action planning; 1.5 Review 
behavioural goals; 1.6 
Discrepancy between current 
behaviour and goal; 2.2 
Feedback on behaviour; 2.3 
Self-monitoring of 
behaviour; 3.2 Social support 
(practical); 4.1 Instruction on 
how to perform the 
behaviour; 5.1 Information 
about health consequences; 
5.2 Salience of 
consequences; 6.1 
Demonstration of the 
behaviour; 7.1 
Prompts/cues; 8.1 
Behavioural practice/ 
rehearsal; 8.3 Habit 
formation; 8.7 Graded tasks; 
9.1 Credible source; 10.4 
Social reward; 12.1 
Restructure the physical 
environment; 12.5 Adding 
objects to the environment; 
15.3 Focus on past success; 
15.4 Self-talk; 16.3 Vicarious 
consequences 

Intervention 
delivered over 
12-month 
period 

PARI 
eTrack™ 
electronic 
device 

Normative 
adherence 
(adjustments 
made for 
ideal 
treatment for 
effectiveness) 
at 12 months 

Treatment 
arm, time in 
weeks, 
baseline 
adherence 
(first two 
weeks), and 
past-year IV 
days 

I=295 

C=293 

Favours intervention.  

Significant effect: 
intervention mean(SD)= 
52.9%(31.4) vs control 
mean(SD)= 
34.9%(31.7), adjusted 
mean difference= 9.5% 
(95%CI, 8.6-10.4) 

Favours 
intervention 

Adjusted d 
(95%CI)= 1.71 
(1.52, 1.90) 

(Outcome 
measured at 12 
months) 

Favours 
interventi
on 

I= Intervention; C= Control; MEMS= Medication event monitoring system; POEMs= Polymedication Electronic Monitoring System; HAART= Highly active anti-retroviral therapy; SE= standard error; SD= standard 
deviation; CI= confidence interval 
a BCTs in bold represent BCTs coded by the study authors directly, using Michie et al.’s (2013) taxonomy 
bThe effect size was estimated for each RCT based on the raw observed data; if this was not available on the adjusted difference. 
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3.5.3.2 Intervention effects on habit strength  

Three studies (Lin et al., 2017; Pakpour et al., 2015; Wildman et al., 2021) measured change in habit 

strength and all used the SRBAI (Gardner, Abraham, Lally, & de Bruijn, 2012), but Wildman and 

colleagues’ (2021) study was the only intervention of the three in which context-dependent repetition’ 

was identified as a BCT. A small effect of the intervention on habitual automaticity was observed in this 

study, with an adjusted difference of 1.2 points on the SRBAI (scale range 4 to 20, 95% CI= 0.5 to 1.8, 

adjusted d= 0.31).  

Both Pakpour et al., (2015) and Lin et al., (2017) rescaled the SRBAI to give an outcome measure scale of 1 

to 5. A significantly greater increase in habit strength was observed by Pakpour et al., (2015) in the 

intervention group at 6-months compared to usual care (Intervention mean (SD) = 1.64(0.56); control 

mean (SD)= 1.35(0.49); Beta(SE)= 0.49(0.09) p<0.001) with a medium effect size (unadjusted 

d=0.55).  Similar effects were observed by Lin et al (2017) at six-months (B(SE)=0.57(0.05), p<.01, 

unadjusted d=0.59 ) and were maintained at 12 months (B(SE)=0.47(0.05), p<.01, unadjusted d=0.55), and 

18 months (B(SE)=0.5(0.06), p<.01, unadjusted d=0.53).  

 

3.5.4 Risk of Bias  

All included studies were assessed to have at least some quality concerns. Most studies scored high in risk 

of bias overall (n=12), mostly triggered by high risk of bias in domains relating to the randomisation 

process, missing outcome data and risk of bias in measurement of the outcome when participants self-

reported adherence and were aware of their intervention assignment. Least concerns were expressed 

with risk of bias caused by intervention assignment, although all studies were coded low by default on 

items assessing blinding of allocation and blinding of interventionists in this domain. Four of the six 

interventions that were coded as including context-dependent repetition as a BCT, and for which 

intervention effects on adherence has been discussed, were coded as having high risk of bias and two 

with some concerns.  Two of three interventions which measured change in habit were coded as having 

high risk of bias and one with some concerns. Risk of bias assessments are summarised in Table 4. 
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Table 4 
Quality assessment. Domain 1: risk of bias arising from the randomisation process; Domain 2: risk of bias 
due to deviations from the intended intervention (effect of assignment to intervention); Domain 3: risk of 
bias due to missing outcome data; Domain 4: risk of bias in measurement of an outcome; Domain 5: risk 
of bias in selection of reported result. ‘High’ refers to high risk of bias and ‘low’ refers to low risk of bias in 
the respective domain.  

Study Domain 1 Domain 2 Domain 3 Domain 4 Domain 5 Overall 
summary 

Barankay (2020) Low High High Low Some 
concerns 

High 

De Bruin (2010) Low Low High Low Some 
concerns 

High 

Farmer (2016) Low Some 
concerns 

High Low Some 
concerns 

High 

Gregoriano 
(2019)1 

Low High High Low Some 
concerns 

High 

Haynes (1976)1 Some 
concerns 

Low Low Low Some 
concerns 

Some 
concerns 

Lin (2017)2 Low Low High High Some 
concerns 

High 

Milam (2005)1 High Some 
concerns 

High High Some 
concerns 

High 

O’Dwyer (2020) High Low High Low Some 
concerns 

High 

Pakpour (2015)2 Low Low Low High Some 
concerns 

High 

Reddy (2017) Low Low Low Low Some 
concerns 

Some 
concerns 

Russell (2020)1 High Low Some 
concerns 

Low Some 
concerns 

High 

Stacy (2009) Low High Low Low Some 
concerns 

High 

Tang (2014)1 High High High High Some 
concerns 

High 

Tuldrà (2000) Some 
concerns 

Low High High Some 
concerns 

High 

Wildman 
(2021)1,2 

Low Low Low Low Some 
concerns 

Some 
concerns 

1Studies coded to have used context-dependent repetition in the intervention content  
2Studies which measured change in habit strength 
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3.6 Discussion 

3.6.1 Summary of findings 

This machine-learning assisted review of RCTs aimed to explore conceptualisations of habit and 

examine the effectiveness of habit interventions in maintaining adherence to medication in people 

with long term conditions. The review identified 15 RCTs, published between 1976 and 2021. 

The findings indicate that a broad range of definitions, intervention characteristics and BCTs have 

been used to promote maintained adherence to medication and medication-taking ‘habits’. 

Conceptualisation and use of the term ‘habit’ often did not align with contemporary habit theory in 

medication adherence interventions, and with a few exceptions, many of the interventions that 

were identified do not explicitly include context-dependent repetition as a BCT.  

3.6.2 Conceptualisations of habit in adherence interventions 

The findings of this review highlight the need to reserve the use of the term ‘habit’ to cue-

dependent automaticity, acquired through repetition of behaviour in a stable context. One study 

drew on ideas about habit from three older literatures to develop three different intervention arms 

and examined effects against one another (Barankay et al., 2020). However, recent opinions 

demonstrate an appetite to aggregate interdisciplinary ideas on habit into a unified concept and 

theory, for consistency of application (Fleetwood, 2019; Gardner et al., 2021). Only two studies in 

this review made reference to seminal habit theory and literature (e.g., Gardner & Rebar, 2019; 

Ouelette & Wood, 1998), and emphasised that both repetition and context stability of the behaviour 

are necessary components. Other studies described definitions more aligned with lay 

conceptualisations of habit (see Brown et al., 2019), with focus only on the importance of repetition, 

but little or no explicit reference to the importance of a stable contextual cue. The remaining studies 

made reference to habits, or habitual/automaticity of behaviours but gave no elaboration on how 

this was to be established. This finding is echoed in a systematic review by Rebar and colleagues 

(2016), examining habit formation in physical activity and we reiterate the importance of Rebar and 

colleagues’ recommendations that, in scientific contexts, the term ‘habit’ should only be used in line 

with contemporary habit theory. 

Among the six interventions in which context-dependent repetition of behaviour was identified as a 

BCT, all used it in combination with other BCTs. Most frequently combined were: ‘Behavioural 

practice/rehearsal’; ‘Prompts /cues’; ‘Action planning’ and ‘Problem solving’. Some interventions 

included habit as one of a combination of mechanisms of action, but Gardner & Rebar (2019) 

presented similar findings in a review of habit formation across a range of health behaviours. 

However, Gardner and Rebar’s (2019) study did not include any medication adherence 
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interventions. The replication of this observation in medication adherence interventions suggests 

that, whilst ‘Habit formation’ (i.e., context-dependent repetition) is labelled as a single intervention 

technique in the BCT taxonomy (Michie et al., 2013, although see other taxonomies- Kok et al., 

2016), a number of techniques might be used in combination with it to facilitate self-regulation and 

action control in the period whilst habits are forming. This aligns with expert consensus on the 

function of habit formation (behavioural cueing, behavioural regulation) with which other self-

regulatory techniques have been associated, as well as with theoretical models of habit formation 

(Gardner & Lally, 2018; Gardner et al., 2020).  

Only one study utilised incentives (Barankay et al., 2020); this study explicitly drew on economic 

theories of habit formation for this feature, but the importance of reward also relates to early 

behaviourist work on habit (e.g. Hull, 1943) in which external reward was thought to facilitate 

repetition of behaviour. The role of reward is heavily implicated in neurological models of habit 

formation (see Wood & Rünger, 2016). However use of material (financial) incentives alone is 

unlikely to have long-term effectiveness for maintaining behaviour beyond termination of their 

receipt (Mantzari et al., 2015). Barankay and colleagues (2020) combined incentives with other 

intervention content but did not emphasise the need to repeat adherence with a contextually stable 

cue. This therefore precluded coding of context-dependent repetition. Nevertheless, the use of 

external reward, rather than assuming the presence of an intrinsic reward when a goal is achieved 

during habit formation, is a theoretical concept which is seldom addressed in habit interventions. 

There is some evidence to suggest that people who find a behaviour more intrinsically rewarding are 

more likely to repeat behaviours during habit formation and achieve greater habitual automaticity 

(Gardner & Lally, 2013). This in turn has been evidenced to predict the maintenance of behaviour, 

via habit strength (Phillips, 2020; Phillips, Chamberland, et al., 2016). However, this evidence base is 

mostly gleaned from physical activity interventions, not medication adherence interventions. It is 

both intuitive and scientifically evidenced that physical activity improves mood and mental health 

and therefore is likely to relate to the degree to which a person experiences reward. It is unclear if 

the same degree of intrinsic reward can be achieved through adhering to medication. Therefore, the 

form which ‘reward’ takes in habit interventions for medication adherence may require some more 

careful consideration. 

3.6.3 Overall effectiveness of the included interventions 

The primary motivation to synthesise results among interventions was to understand the effects of 

habit interventions on medication adherence. However, conceptualisations of what a habit is and 

the BCTs used in these interventions were diverse. This, along with various different intervention 

types, various methods to capture and summarise adherence data, and the fact that only six of 18 
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interventions appeared to use the principal BCT required to facilitate habit formation, prevented 

meaningful meta-analysis of intervention effects. The focus of the synthesis was therefore on a 

detailed description of differences in conceptualisations of ‘habit interventions’ and comparisons of 

effectiveness among the six interventions which used context-dependent repetition. 

The observed positive effects of these six interventions on adherence to medication indicate that 

context-dependent repetition in combination with other behavioural regulation techniques could be 

effective in sustaining improvements in medication adherence, for at least six months. This finding 

must be interpreted with caution as no studies made direct comparisons between interventions with 

and without habit formation as a BCT, and only one of these studies examined the effects of the 

intervention on habit strength (Wildman et al., 2021). Small positive effects on habit were found, but 

findings cannot be generalised beyond this study. 

3.6.4 Strengths and limitations 

A change was made to the inclusion and exclusion criteria in a deviation from the original review 

protocol, in order to facilitate a more refined and targeted synthesis of the use and 

conceptualisation of ‘habit’ in the existing medication adherence literature. The decision to exclude 

studies only making reference to ‘routines’ rather than explicitly using the keywords ‘habit(ual)’ or 

‘automatic(ity)’ facilitated a detailed analysis of how habit had been conceptualised within this 

literature, without projecting theory and assumptions of the authors’ intentions to build habits for 

their intervention in the absence of these keywords. Inclusion of studies which intended to form 

medication-taking routines, without further extension of the language screened for in the full-text 

screening stage, such as ‘action planning’ or description of linking medication-taking behaviours to 

other existing routines would have led to only a partial inclusion of this group of studies. The 

alternative, to expand the inclusion criteria to include studies describing this, would have been 

beyond the scope of the primary research objectives of this review. Furthermore, this expansion 

would involve some pre-specification of the BCTs which would likely lead to habit formation. This 

approach, whilst valid, is opposite to the objectives of this review, which aimed to identify which 

BCTs were being used in interventions with the intention to form medication-taking habits.  

The heterogeneity in conceptualisations and implementations of habit formation interventions in 

this review meant   that a meta-analysis could not be conducted. However, valuable insights were 

gained by turning attention to a narrative characterisation of the differences in conceptualisations of 

habit. In the opinion of the reviewers, the most important finding from this study is the need to 

reserve the term ‘habit’ for instances in which a behaviour is automatically cued by a stimulus. Use 

of modern theories of habit will support the development of medication adherence interventions. 
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Quality assessments of the included studies led to the judgement that 12 of the 15 studies presented 

evidence with a high risk of bias; the remaining two studies presented with at least some concerns. 

Four of the six studies included in the discussion of intervention effectiveness were coded as high 

risk of bias. However, given the focus of the review, confidence in the bias of effect sizes was less 

important than the confidence in determining all of the components of the included interventions. 

Insufficient detail may have meant that fewer BCTs were coded than were actually present in some 

interventions. This finding is not unique to this review (Michie & Johnston, 2012), and is echoed 

across reviews which have attempted to code interventions, across a range of fields (e.g. Bruin et al., 

2020; Candy et al., 2018). 

An adaptive learning method utilising machine learning classifier was used to assist with title and 

abstract screening. This is a novel approach which is under rapid development in the 

interdisciplinary field of computer science applications to text mining for reviewing (O’Mara- Eves et 

al., 2015). A key success of this approach was the reduction in workload for the reviewers. The 

iterative approach, combining the speed and power of the text classifier with the conceptual input of 

the reviewer in steering the learning of the classifier, enabled title and abstract screening 

completion when 55% of the titles and abstracts retrieved from database searches had been 

manually labelled. Fewer relevant articles were identified with each 5% increment in screening, with 

only an additional 8 articles found in the final 299 studies screened. This technique could be 

powerfully implemented in future reviews, especially when a large number of records are identified 

in the database search stage. 

3.6.5 Implications and recommendations 

The key finding of this review is that there are a limited number of theory-informed habit-based 

interventions, designed to enable sustained adherence to medications in long-term conditions. 

Interventions that utilise context-dependent repetition as a BCT, in combination with other 

behavioural regulation techniques, show promising outcomes for eliciting sustained improvements 

in medication adherence for at least six months. However, few interventions of this nature have 

been tested in RCTs in the medication adherence literature, and the existing evidence is mostly low 

in quality. For a number of interventions included in this review, ‘context-dependent repetition’ 

(equivalent to Michie et al.’s (2013) ‘Habit formation BCT) was coded because the repetition of a 

behaviour was tied to another daily routine. Authors’ explicit use of taxonomies to code this BCT will 

facilitate future syntheses which aim to aggregate the findings of habit intervention studies in 

medication adherence. Only three studies in this review included a measure of habit, and few 

studies evidenced the use of contemporary habit theory to support the identification of relevant 

BCTs. Recently, literature has been produced specifically to facilitate the design of interventions and 
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studies of habit formation in health behaviours (e.g. Gardner et al., 2020, 2021). Recommendations 

from these sources should facilitate this process, even among intervention designers unfamiliar with 

this rapidly growing literature, or from other disciplines. 

3.7 Reflections on Chapter 3 and implications for the following chapters 

The literature review presented in Chapter 1 highlighted that there is strong theoretical rationale to 

promote the formation habits in people prescribed long-term medication regimens to support the 

maintenance of adherence. Chapter 3 presented a publication of a machine learning-assisted review 

which was conducted to explore Aim 1 of this thesis. The aim was to examine the conceptualisation 

of ‘habit’ and the implementation and utility of ‘habit formation’ in interventions to support the 

maintenance of medication adherence. This was in response to recognition of a disparity in findings 

between the behaviour change and medication adherence literatures. Before descending into a 

detailed and technical analysis of the best way to capture habit in medication adherence behaviour 

in the following chapters, it was necessary to address this discrepancy. Future work can benefit from 

the review’s explicit clarification of common misconceptions about what a habit is and how it can be 

targeted but specifically for the thesis, the review provided two key learning points: first, that many 

devices are available for research purposes which capture the date and time at which participants 

with long-term conditions administer their medications; second, that the translation of habit theory 

into medication adherence contexts is in its infancy and therefore it is timely to start work on 

metrics of habit which leverage the data made available from these devices, and which are explicitly 

grounded in contemporary habit theory. 
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Chapter 4 Properties of the Behaviour Frequency x 

Context Stability measure and considerations going 

forward 

 

4.1 Chapter overview 

Having addressed Aim 1 in Chapter 3, Thesis Aim 2 was to explore whether the time of day at which 

people take their medications can be used to derive an objective metric of context stability for use in 

habit research. As discussed in Chapter 1, combined with an objective measure of frequency of 

behaviour using electronic devices, an objective measure of context stability could generate an 

objective implementation of the BFCS measure. Previous research identified this as a promising 

method to pursue in the objective measurement of ‘habit’ or likelihood of habitual behaviour.  

Chapter 4 begins to explore Thesis Aim 2 with the following objective: 

1) To critique previous implementations of the ‘behaviour frequency x context stability’ 

measure to understand how this approach could be implemented with objective data 

(Thesis Aim 2, Objective 1).  

The critique highlights a series of issues with the use of a multiplicative score derived from 

behavioural frequency and context stability metrics and concludes with specific rationale for the 

trajectory of the following thesis chapters. 

4.2 Background 

Sometimes referred to as a ‘classic’ measure of habit  (Wood, 2017, p.393), the origin of the 

frequency in context approach is often attributed to a seminal article published by Ouellette & 

Wood (1998). Following a meta-analysis of studies examining the effects of past behaviour, 

subjective norms, attitudes and intentions on future behaviour, Ouellette & Wood (1998) concluded 

that “past behavior directly contributes to future performance in contexts that support the 

development of habits. Behaviors that are well practiced and performed in stable contexts are likely 

to be repeated because they can be performed quickly [and] relatively effortlessly” (p.65). 

Ouellette & Wood (1998) supported their findings with a primary research study in which multiple 

linear regression models predicting future behaviour were constructed using past behaviour and 

context stability, alongside a range of other key psychological constructs commonly implicated in the 
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prediction of behaviour. They found that information about both the context and frequency of past 

behaviour were key; that is, only when context was stable and could therefore facilitate habitual 

performance of behaviour, was frequency of past behaviour useful to predict future behaviour. This 

was an important turning point in the history of habit research as until this point, habit had typically 

been represented by past behaviour frequency, alone (e.g. Triandis, 1977).  

In 2005, Wood et al., (2005) presented the first published example of what has come to be known as 

the prototypical ‘frequency in context’ or ‘behaviour frequency x context stability’ (BFCS) measure. 

Wood et al., (2005) measured the ‘habit strength’ of existing behaviours (i.e., past behaviour) 

including exercising, reading the newspaper, and watching TV, in the participants’ old university, and 

measured the change in frequency of behaviour (i.e., future behaviour) after moving universities 

(i.e., changing context). ‘Habit strength’ in each of these behavioural domains was measured as the 

multiplicative product of frequency of past behaviour and the stability of the context in which it had 

been performed:  

 Habit strength (BFCS)=frequency of behaviour*context stability of behaviour  [1] 

High scores indicated highly frequent and contextually stable behaviours (i.e., likely to be habitual), 

whereas low scores indicated less frequent or less context-dependent, or less frequent and less 

context-dependent behaviour (i.e., unlikely to be habitual).  

Since then, BFCS has been used to measure habit across a range of behavioural domains (e.g., eating 

healthful or unhealthful snacks, physical activity, flossing, drinking alcohol, handwashing), but 

notably has been implemented in many ways. For example, the Wood et al., (2005) original 

implementation of BFCS measured frequency of past behaviour on a scale from zero (low frequency) 

to three (high frequency), and context stability on a scale from zero to three, which once multiplied 

resulted in a BFCS scale from zero to nine, where high scores indicated stronger habits. However, 

two years later, Ji & Wood (2007) took the raw number of times a behaviour was performed over a 

given period and multiplied it by the context stability score which ranged from zero to three. This 

resulted, in their sample, in a scale ranging from one to 45 for purchasing fast food and a scale from 

zero to 69 for watching TV2. In the following year, Danner et al., (2008) published another study 

using BFCS to measure habit in snacking, drinking milk, drinking alcohol and in travel behaviours. In 

their study, frequency was measured from zero (never) to eight (very frequently), and context 

measured from one (unstable) to nine (stable), resulting in a scale from zero to 72. More recently, 

Sheeran & Conner (2019) measured past behaviour frequency by asking participants to indicate on a 

 
2 Note this was sample specific and would change if a participant performed a behaviour more or less 
frequently than the observed extremes 
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seven-point scale, ‘In the past four weeks, I have eaten five portions of fruits and vegetables per day’ 

and context stability by asking ‘Is eating five portions of fruit and vegetables a day something that 

you would do at the same times and in the same places each time’, again on a seven-point scale 

(‘definitely no’ to ‘definitely yes’). Even within the same study, some researchers have opted to 

change how BFCS was implemented, despite studying the same behaviour (see Neal et al., 2013). 

These differences in the implementation of BFCS measures have yet to be addressed in terms of 

their effects on how the measure, as an index of habit, is to be interpreted.  

This discussion is timely; as highlighted in Chapter 1, there is increasing interest in the utility of 

objective measures of behaviour and psychological constructs in the study of behaviour change. 

BFCS measures have been identified as an important opportunity for the future of objective 

measurement in habit research (e.g. Hoo et al., 2019; Naab & Schnauber, 2016). Before pursuing this 

further, it is important to address the properties of the BFCS measure as it has been historically 

implemented to ensure future developments in this approach are meaningful and interpretable.  

The present chapter aims to highlight a series of properties of BFCS measures as they have been 

implemented to date, and to present specific rationale for work conducted in the following thesis 

chapters. This discussion pertains only to the properties of BFCS as a composite term described by 

the multiplication of its two numeric components, frequency and context. Whilst the specific 

wording used in measures of habit may also impact on how individuals respond to questions (e.g. 

Gardner & Tang, 2014), the issue is not discussed here as it is not relevant to the focus of the 

remaining thesis, which is objective measures.  

4.3 Properties of BFCS measures in existing research 

The following section discusses some of the properties of BFCS measures, as used in the existing 

literature. This discussion aims to highlight the effects of multiplying frequency by context to create 

the BFCS score, and the effects of using small vs large and matched vs unmatched scales to capture 

frequency and context stability. 

4.3.1 Example with small, matched scales for frequency and context 

The first published use of a multiplicative ‘BFCS’ measure as an index of habit was in Wood et al., 

(2005). This was a self-reported frequency in context measure using small, matched scales for its 

components. Frequency was self-reported on a scale from 0 to 3: 0 (I never perform the behaviour), 

1 (monthly or less often), 2 (at least once a week), 3 (just about every day). Context stability was 

captured by asking participants whether the participant typically performed the behaviour in the 

same location, again on a scale from 0 to 3: 0 (did not perform the behaviour), 1 (rarely or never in 

the same location), 2 (sometimes in the same location), and 3 (usually in the same location). The 
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resulting scale therefore ranged from 0 to 9 and was used to measure ‘habit strength’ in the 

prediction of exercising, reading the newspaper, and watching TV. 

Table 5 presents calculated BFCS scores and their descriptions for a range of possible responses on 

the Wood et al., (2005) scale. 

Table 5 
Examples of some possible values and their interpretation from the Wood et al., (2005) BFCS scale. 

Example Frequency a Contextb Scale values Interpretation BFCS scorec  

1 0 0 Lowest frequency I never perform the 

behaviour; I did not 

perform the behaviour 

0 

2 3 0 Highest frequency, lowest 

context stability 

I perform the behaviour 

just about every day; I 

never do the behaviour 

Not valid 

 

4.3.1.1 Frequency and context are conflated 

Valid scores on this BFCS scale were 0, 1, 2, 3, 4, 6, 9. Example 1 (lowest frequency) and example 2 

(i.e. highest frequency, lowest context stability) in Table 5 demonstrate that not all values of the 

scale are valid; it is not meaningful for a participant to respond with frequency equal to one, two or 

three in combination with the lowest context stability score (i.e. context equal to zero), as these 

scores would mean that the person is doing the behaviour but also never doing the behaviour. In 

this implementation of a BFCS measure, the lowest context stability score is a measure of frequency 

of behaviour and when multiplied by the frequency value, still represents a measure of frequency 

alone.  

4.3.1.2 The BFCS scale is non-continuous 

Figure 2 depicts how, with increasing frequency and context scores, the Wood et al., (2005) scale 

becomes increasingly non-continuous; values of five, seven and eight are unattainable on this scale. 
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Figure 2  
Distribution of possible scores on the Wood et al., (2005) BFCS measure.  

Non-continuity is important for the interpretation of differences in BFCS scores, particularly when 

linear regression analyses are used. Often, (as in Wood et al., 2005) researchers present regression 

coefficients to demonstrate the size of the effect of the BFCS measure in the prediction of future 

behaviour. For regression coefficient ‘x’, we interpret that for a one unit increase in BFCS score, we 

predict an increase of ‘x’ in the outcome behaviour. The treatment of ordinal variables as interval in 

statistical analyses is common in the psychological literature and some have argued should not 

cause concern (Michell, 2008), unlike treating ordinal scales from 1 to 5 as interval, the 

multiplication of values results in gaps in valid values toward the higher end of the BFCS scale. Whilst 

an increase in BFCS score of one at the lower end of the scale is possible and therefore meaningful, it 

is not at the higher end of this scale, making interpretation of the coefficient difficult; it is not 

possible to conclude that a step from a score of four to six would predict an increase of x, 2x, or 

another value altogether in the outcome variable. In fact, the only instance in which the 

interpretation of increasing a BFCS score by one is valid is when either frequency or context remains 

equal to one, and the other only increases by one.  

4.3.1.3 Changes in component scores result in non-uniform changes in the BFCS score 

Multiplication of frequency and context creates non-uniform effects on the BFCS score when the 

same changes are observed on each component and the starting values are different. Table 6 

demonstrates that both participants B and C are one point higher than A on the context or 

frequency score, respectively, yet the overall BFCS score has not increased by the same amount for 

both participants; participant B is two points higher than participant A on the BFCS score, but 

participant C is only one point higher than A. This effect implies that a one unit increase in context 

score has more impact on habit than a one unit increase in frequency. However, importantly, this 
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effect would also happen in reverse if all scores were reversed (i.e., a one unit change in frequency 

could also have more impact than a one unit increase in context). To justify this feature of the BFCS 

measure, evidence that: i) increasing the score on the component with the lower value has more 

effect on habit than increasing the component with the higher starting value, and ii) having more 

closely matched frequency and context is more important than having disparate context and 

frequency, is required. 

Table 6 
Calculated BFCS scores using Wood et al., (2005) scale. 

 Frequency Context BFCS score 

Participant A 2 1 2 

Participant B 2 2 4 

Participant C 3 1 3 

 

 

4.3.1.4 BFCS scores are commutative  

Whilst there is only one way to obtain a BFCS score of one, four and nine on Wood et al.'s, (2005) 

scale, there are two ways to have a score of two or three, for example: 

Frequency=3, Context=1; BFCS=3 

Frequency =1, Context=3; BFCS=3 

For any instance in which the scores for frequency and context are not matched, this will be the 

case. As remarked by Gardner (2015), this implies that someone acting in the same context but 

infrequently, is equally as likely to be acting habitually as someone acting frequently in different 

contexts. Whilst this is not mutually exclusive with the assumptions described in relation to non-

uniformity in change, it requires further demonstration that the value of context and frequency in 

determining the likelihood of habit are equal. 

4.3.2 Example of the use of BFCS with unmatched and/or larger scales 

The example from Wood et al., (2005) demonstrates the properties of BFCS when equal scales are 

used for capturing frequency and context, with a relatively small scale. However, not all studies have 

implemented BFCS with matching scales for the two components, and many have used larger scales. 

Danner et al., (2008) measured both frequency and context on nine-point scales, but each 

component was captured using different bounds: frequency was measured from 0 (never) to 8 (very 

frequently), whereas context was measured from 1 (unstable) to 9 (stable). As in Wood et al.,'s 
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(2005) study, the multiplicative product of frequency and context was used to indicate ‘habit 

strength’. The following sections describe some further properties of BFCS when scales for frequency 

and context are not matched and are captured on larger scales. 

4.3.2.1 Frequency and context are not conflated 

The context scale used by Danner et al., (2008) improves on that used by Wood et al., (2005) in that 

context stability is no longer conflated with frequency of the behaviour; the lowest context stability 

score (1= unstable context) is not an indicator of frequency.  

4.3.2.2 The BFCS scale is still non-continuous 

Danner et al., (2008) report that multiplication of their frequency and context scales results in a 

‘relatively continuous’ BFCS measure, ranging from 0 to 72. However, this scale is subject to the 

same interpretation issues due to scale non-continuity as Wood et al., (2005). To demonstrate, 

Figure 3 shows how the lower end of the scale is relatively continuous but with increasing values, 

larger gaps between valid values are observed. Because of the larger scales, these gaps are also 

larger in value as the scale maximum is approached, with the largest step of eight points between 

the highest possible values (64 and 72). 

 

Figure 3  
Distribution of BFCS scores on Danner et al., (2008) scale. 

 

4.3.2.3 Changes in component scores and changes at different ends of component scales 

result in non-uniform changes in the BFCS score 

The same effects on BFCS scores are also observed as Wood et al., (2005) for differences in context 

or frequency when one component remains constant and the other increases or decreases ( 
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Table 7). 

Table 7 
Demonstration of the effects of change in BFCS score when frequency and context change but are 
imbalanced. 

 Frequency Context BFCS Change from 
baseline 

Baseline 7 1 7  

Increase context by 1 7 2 14 +7 

Increase frequency by 1 8 1 8 +1 

 

As in Wood et al., (2005) the effect demonstrated in  

Table 7 implies that an increase of one point in the lower of the two scores has more effect on habit 

than an increase of one in the higher of the two scores. However, because the scales are larger, this 

effect is also numerically larger. 

Furthermore, larger scales mean that differences are also observed when a change occurs at the low 

compared to the high end of the scale. As demonstrated in Table 8, an increase of one at the low 

end of the scale results in a much smaller increase than the same increase at the high end of the 

scale. When BFCS measures are implemented in this way, they imply that an increase in one point at 

the higher end of the scale has more effect on habit than an increase in one at the lower end of the 

scale. 

Table 8  
Demonstration of the effects of change at the low vs high end of the Danner et al., (2008) BFCS scale 
(these effects are demonstrated with equal start values for frequency and context, but this would 
also apply for unequal start values). 

 Frequency Context BFCS Change from 
baseline 

Low scorers  

Baseline 1 1 1  

Increase context by 1 1 2 2 +1 

Increase frequency by 1 2 1 2 +1 

High scorers  

Baseline 7 7 49  

Increase context by 1 7 8 56 +7 

Increase frequency by 1 8 7 56 +7 

 

4.3.2.4 BFCS scores are commutative 

When scales are unmatched the issue of commutative scores remains, but in a slightly different 

manner than that observed in Wood et al., (2005). The fact that scales are unmatched means that, 

numerically, high frequency is not valued as highly as high context.  
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Table 9 demonstrates the effects of this on the BFCS score. 

Table 9  
Demonstration of the effects of having unmatched scales on the interpretation of BFCS scores. 

Description Frequency 
(scale 0 to 8) 

Context (scale 
1-9) 

BFCS 

Highest frequency, 3rd highest context 8 7 56 

2nd highest frequency, 2nd highest context 7 8 56 

3rd highest frequency, highest context stability 6 9 54 

Highest frequency, 2nd highest context stability 8 8 64 

2nd highest frequency, highest context stability 7 9 63 

Lowest frequency, 2nd lowest context stability 0 2 Not valid 

2nd lowest frequency, lowest context stability 1 2 2 

 

For different combinations of frequency and context scores, the same BFCS value can be obtained 

but has different interpretations in terms of the relative strength ratings on the respective 

component scales. For example, a BFCS score of 56 can be obtained with the second highest 

frequency and context score, but also with the highest frequency and the third highest context 

score. However, having the highest frequency and second highest context score results in a higher 

BFCS score (BFCS= 64) than having the highest context and second highest frequency score 

(BFCS=63). Whilst subtle, the assumptions implied by these inconsistencies have not yet been 

empirically evidenced or theoretically justified.    

4.4 Considerations for future use of BFCS measures with respect to objective 

measurement of frequency and context 

4.4.1 The issue of conflation of frequency and context  

During scale development, habit researchers should be vigilant to the idea that frequency and 

context must be, at least conceptually, independent of one another. As in the implementation by 

Danner et al., (2008) context scales should have valid scores which can be measured independently 

from the frequency scale, meaning the lowest end of this scale indicates ‘unstable’ contexts.  

Whilst in principle this can be relatively easily avoided when BFCS is implemented as a self-report 

measure, it may be overlooked if described using objective data. When data about the context in 

which a behaviour occurs is captured automatically, the availability of data to calculate context 

stability is directly related to the frequency of the behaviour. For example, a researcher may wish to 
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describe the context stability of an individual’s behaviour by calculating the interquartile range (IQR) 

of the times of day at which the behaviour happened, over the period of a week; low IQR would 

indicate high context stability, high IQR would indicate low context stability. At the extreme, the 

behaviour may have only occurred once during that week, therefore only one data point about the 

context will be available and IQR will equal zero, resulting in the highest possible context stability 

score. In any instance in which too few data points are available to accurately reflect the actual 

context stability of the behaviour, there is a risk of over-, or under-estimating context stability. 

When this occurs, information about frequency will leak into context stability and could cause issues 

relating to multicollinearity.  

There are two potential solutions to delineate frequency from context: 

1) Decide a minimum number of data points required to be included for analysis, or; 

2) Collect a specified number of data points with which to calculate context stability for all 

individuals, meaning all participants included in the analysis will contribute the same 

number of data points to calculate ‘context stability’. 

The latter option is more conservative and will ensure that context is, at least conceptually, 

completely delineated from frequency. 

4.4.2 The issue of non-continuous BFCS scales 

As demonstrated, non-continuous BFCS scales can cause difficulties in the interpretation of their 

effects in standard linear regression modelling, as is frequent in the habit literature. A potential 

solution is to treat frequency and context as percentages. For example:   

BFCS= (percent frequency* percent context stability)/100  [2] 

Treating both frequency and context as percentages means both can take decimal point values 

which, when multiplied, will produce a continuous scale (see Figure 4). Furthermore, the extra step 

in formula [2] of dividing the multiplicative value by 100 will rescale the measure to take values from 

zero to 100. This may facilitate more meaningful interpretation of BFCS scores than scales (such as 

Danner et al., (2008)’s 0-72 scale), as this is a scale that users will be accustomed to working with.    
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Figure 4  
Distribution of BFCS scores when continuous percentage scales for frequency and context used. 

This approach requires knowledge of the expected denominator of each component, such as how 

often the behaviour was expected (if prescribed) or the maximum expected frequency, over the 

specified period of measurement.  

4.4.3 The issue of changes in component scores resulting in non-uniform changes in the 

BFCS score 

Using percentage scales alone does not resolve the issue of non-uniformity of change. The disparity 

in the effects of change at low vs high ends of the scale persist; although more subtle than in the 

example from Danner et al., (2008), an increase of one at the low end of the scale results in a much 

smaller increase than an increase of one at the high end of the scale (Table 10).  

Table 10  
Demonstration of the non-uniformity effect when differences in percentage scores are observed at 
different points on the BFCS scale. 

 Frequency Context BFCS Change from 
baseline 

Low scorers  

Baseline 10 10 1  

Increase context by 1 10 11 1.1 +.1 

Increase frequency by 1 11 10 1.1 +.1 

Mid-range scorers 

Baseline 50 50 25  

Increase context by 1 50 51 25.5 +.5 

Increase frequency by 1 51 50 25.5 +.5 

High scorers  

Baseline 90 90 81  

Increase context by 1 91 90 81.9 +.9 

Increase frequency by 1 90 91 81.9 +.9 
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Furthermore, when frequency and context do not take the same value, changing either score by one 

still does not result in uniform increase in BFCS score (Table 11). 

Table 11 
Non-uniformity in BFCS score changes when composite percentage scores change. 

 Frequency Context BFCS Change from 
baseline 

Baseline 80 10 80  

Increase context by 1 80 11 88 +8 

Increase frequency by 1 81 10 81 +1 

 

When calculated as described in [2], BFCS can only increase by one point when one domain 

increases by one and the other is equal to 10. As before, greater changes will always be observed if 

the change occurs in the domain with the smaller value than if change occurs in the larger.  

This property is the resultant effect of multiplying two numbers together and could only be resolved 

by combining the two values with another method, such as by taking the mean. When the mean of 

two numbers is calculated, the effect of change is equal at low, medium and high ends of the scale 

(Table 12) and is not affected by changes when the values of context and frequency are not the 

same (Table 13).  

Table 12  
Effect on BFCS score when changing frequency or context at low vs high ends of the scale when 
taking the mean 

 Frequency Context BFCS Change from 
baseline 

Low scorers  

Baseline 10 10 10  

Increase context by 1 10 11 10.5 +.5 

Increase frequency by 1 11 10 10.5 +.5 

Mid-range scorers 

Baseline 50 50 50  

Increase context by 1 50 51 50.5 +.5 

Increase frequency by 1 51 50 50.5 +.5 

High scorers  

Baseline 90 90 90  

Increase context by 1 91 90 90.5 +.5 

Increase frequency by 1 90 91 90.5 +.5 
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Table 13  
Change in BFCS when calculating the mean and observing change from imbalanced frequency and 
context 

 Frequency Context BFCS Change from 
baseline 

Baseline 80 10 45  

Increase context by 1 80 11 45.5 +.5 

Increase frequency by 1 81 10 45.5 +.5 

 

When the mean is used to create a composite score, the assumption is that both frequency and 

context contribute equally to the overall BFCS score. Until the relative importance of each 

component of the composite BFCS score is empirically demonstrated, use of the mean to produce a 

composite score could provide a more parsimonious method of implementing a BFCS score due to 

fewer implied assumptions. 

4.4.4 The issue that BFCS scores are commutative 

Finally, even on the assumption that frequency and context contribute equally to habit, and if 

percentage scales are used to describe frequency and context, and if the mean is used to produce a 

balanced composite BFCS score, the score remains commutative. Without further interrogation of 

scores post-hoc, it is impossible to state whether any differences between or changes within 

individuals are driven by context stability or frequency. This property cannot be resolved in any 

instance in which two measurements are combined to produce a composite score.  

 

4.5 Rationale to focus on the development of an objective context stability 

metric rather than using the BFCS approach 

The narrative among discussions on methods to measure habit (e.g., Gardner, 2015; Hagger, 2019; 

Rebar et al., 2018; Wood & Neal, 2009) clearly mark the multiplication of behaviour frequency and 

context as a composite score which alone constitutes a ‘habit measure’. This is the approach that 

has typically been used, either to predict future behaviour directly (e.g. Danner et al., 2008; Hoo et 

al., 2019), or to represent habit as a mediator (e.g. Galla & Duckworth, 2015), or more frequently as 

a moderator (e.g. Adriaanse et al., 2011; Danner et al., 2008; Friedrichsmeier et al., 2013; Ji & Wood, 

2007; Neal et al., 2013; Sheeran & Conner, 2019; Wood et al., 2005) of other constructs in the 

prediction of behaviour. In all of these studies, BFCS has been entered into statistical models as a 

single variable using the multiplicative composite score of frequency and context, and described as a 
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representation of ‘habit strength’3. This approach has been recommended by Hoo et al., (2019) as a 

promising avenue for future methods of measuring habit without the need for self-reported input. 

However, the issues discussed in this chapter highlight that more targeted research is needed to 

understand the mechanisms by which both frequency and context interrelate with one another to 

result in habitual and/or maintained behaviour. This knowledge is required to meaningfully interpret 

results from studies using multiplicative composite scores of frequency and context. Whilst not 

directly acknowledged in relation to BFCS measures, these questions align with priorities that have 

been identified in the wider field of habit research. In a recent consensus exercise, habit experts 

called for a deeper understanding of the importance of frequency and context as two independent 

factors which may influence the degree of habitual automaticity and maintenance of behaviour  

Gardner et al., (2021). Whilst none of the specified research questions in this publication explicitly 

pertain to the measurement of habit, a number do require repetition (i.e., frequency within a 

specified timeframe) and context stability to be measured independently, sometimes alongside 

other constructs, and explored in terms of their importance for habitual automaticity and 

maintenance of behaviour (see Gardner et al., 2021). 

Existing studies examining these questions in the acquisition of habits are few (e.g. see Kaushal & 

Rhodes, 2015; Schnauber-Stockmann & Naab, 2018), but some studies have explored the predictive 

utility of frequency, context and the interaction between them in statistical models predicting 

future, ongoing behaviours (e.g. Norman & Cooper, 2011; Ouellette & Wood, 1998). For at least two 

decades, researchers have discussed the utility of frequency of ‘past behaviour’ as a construct in 

explanatory models of behaviour, particularly in relation to habit; whilst the predictive utility of past 

behaviour has been reliably demonstrated (Gardner et al., 2012; Labrecque & Wood, 2015; 

Verplanken & Orbell, 2003), Ajzen (2011, 2016) argues that the effects of past behaviour may be a 

combination of: i) residual variance not explained by other constructs specified in predictive models; 

and ii) a measurement artefact.  

Studies that explore the moderation effect by entering past behaviour, context stability and the 

interaction term in analyses to predict future behaviour are important for the first of these concerns, 

as they can demonstrate whether some aspect of past behaviour is explained by degree of context 

stability. There is some support for this moderation effect. In their primary research study, Ouellette 

 
3 The recent literature critiquing existing measures of habit has been explicit that FiC is not a measure of habit 
strength, rather a measure of the likelihood that habit has formed because it cannot capture the degree of 
automaticity with which behaviour is initiated on encountering the associated context (e.g., Gardner, 2015):  
“Frequency-in-context measures estimate habit indirectly, based on the likelihood that habit has formed in 
conducive conditions” (Rebar, Gardner, Rhodes & Verplanken, 2018; p.38) 
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& Wood, (1998) conducted a regression analysis and found the interaction between past behaviour 

and context stability significantly predicted future recycling behaviour and television watching, after 

adjusting for effects of other key psychological constructs implicated in the prediction of behaviour 

(although p-values are not reported for any other variables). In a study of breast self-examination 

(BSE), Norman & Cooper, (2011) also found that only the interaction between past behaviour and 

frequency was a significant predictor of future BSE, even after adjusting for other constructs 

including habitual automaticity (measured on the SRHI).  

Other studies have explored the relationship between context stability and concurrent, ongoing 

behaviours (e.g. Dean et al., 2021; Maher et al., 2021; Phillips et al., 2021; Pimm et al., 2015). Whilst 

not as robust as predicting behaviour in the future in terms of causality, these cross-sectional studies 

can be informative as they can describe variables which may be important in perpetuating long-

term, real-world behaviours; in the maintenance stage of behaviour with no additional intervention, 

these studies offer some insight into the explanatory value of context stability in maintenance of 

behaviour. In their survey study, Dean et al., (2021) classified a range of behaviours which could help 

to save water as ‘contextually stable’ or not, and found that those classified as contextually stable 

were predictive of participants stating that they maintained that behaviour. In another self-reported 

survey study of physical activity behaviours, Pimm et al., (2015) found that cues associated with time 

and people were associated with the amount of self-reported physical activity behaviour. This type 

of study has therefore suggested that at least some of the variance in ongoing, existing behaviours 

can be explained by the context stability of the behaviour.  

Together these studies indicate that context stability can explain to some degree the maintenance of 

ongoing behaviour. However, these studies do little to contend the second of Ajzen’s (2011, 2016) 

concerns. The measurement artefact argument states that the way participants are asked to report 

on their past and future behaviour tends to be more similar than the way other constructs are 

measured. Furthermore, the self-report nature of the studies so far discussed are prone to recall 

bias as they ask generally about behaviour, sometimes over extended timelines of multiple years 

(e.g. Dean et al., 2021). This concern, whilst valid for critiquing much of the existing literature, can be 

overcome with the use of objective measures of both behaviour and context. 

Objective measures have been introduced in a number of more recent studies to explore the role of 

context stability in maintained behaviours. Phillips et al., (2021) utilised objective measures of 

medication adherence behaviour and temporal context stability, captured using electronic pill 

bottles. They found that variability in context did not explain differences in adherence to pills taken 

in the morning compared to those taken in the evening, but the authors did not report the extent to 
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which context stability explained variability in adherence behaviour, generally. Rand et al., (2020) 

found higher attendance at the gym in the fourth quarter after joining was associated with higher 

context stability (i.e., attending at the same place and time, captured using electronic swipe cards on 

entry to the gym) in the third month after joining. As exemplified by these studies, there is some 

potential to capture ‘context stability’ using objective measures, but methods are not uniform and 

there is no current consensus on the best method. Studies which have explicitly set out to identify 

which measures of context stability associate most highly with habitual automaticity and/or 

behaviour have only been able to do so with self-report measures of context (Tappe & Glanz, 2013; 

Wohn & Ahmadi, 2019) or a mixture of objective and self-report measures (Maher et al., 2021).  

Therefore, a systematic exploration of methods to measure context stability is timely and is 

necessary before further work can be conducted to pursue the BFCS and Hoo et al., (2019) approach.  

4.6 Conclusion and implications for the following thesis chapters  

The objective of this Chapter was to critique previous implementations of the BFCS measure to 

understand how this approach could be implemented with objective data (Thesis Aim 2, Objective 

1). This chapter has highlighted several conceptual limitations with the BFCS measure and the need 

to develop a stand-alone objective metric of context stability. 

In developing this metric, it is useful to first demonstrate its utility in explaining maintained 

behaviours; only among a group of people in the maintenance phase of their behaviour can we 

expect some people to have established a habit and therefore be able to detect whether context 

stability is being captured, and understand the extent of its predictive utility.  

The following chapters will conduct a systematic exploration on how to measure context stability 

with lessons learned from the discussion in the present chapter. An objective measure of context 

stability must: 

1) Not be conflated with frequency of behaviour; 

2) Explain variability in concurrent, ongoing behaviour; 

3) Explain the predictive ability of past behaviour on future, ongoing behaviour. 
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Chapter 5. The ACtiF Programme and randomised 

controlled trial of the CFHealthHub intervention: a 

case study for the exploration of context stability 

measurement in the maintenance of medication 

adherence 

 

5.1 Chapter overview 

Chapter 5 presents the dataset used to explore the remaining thesis aims and objectives. The data 

was derived from the ‘Adherence to nebulised medications in adults with Cystic Fibrosis’ (ACtiF) 

randomised controlled trial. This was part of a programme of research to develop the CFHealthHub 

intervention, which aimed to improve adherence in people living with cystic fibrosis (CF). An 

overview of CF disease characteristics, management and the ACtiF programme is given in this 

Chapter.  

5.2 Background to the ACtiF programme: Cystic Fibrosis and nebulised 

medication adherence 

5.2.1 Cystic fibrosis  

Cystic Fibrosis (CF) is an autosomal recessive disease caused by mutations to the Cystic Fibrosis 

Transmembrane conductance Regulator (CFTR) gene (Riordan et al., 1989; Rommens et al., 1989; 

Tsui et al., 1985). In 2021, 10,908 people with CF were registered in the UK, with a median age of 21. 

Median predicted survival age for people with CF born in the UK between 2017 and 2021 is 53.3 

years of age (Cyctic Fibrosis Trust, 2022), compared with 50.6 for those born between 2016 and 

2020. 

The prevalence of CF is likely to increase in line with increasing predicted survival for people with CF, 

with some estimates indicating an increase of 75% from 2015 to 2025 (Burgel et al., 2015). 

5.2.2 The CF phenotype 

Typical clinical presentations of CF include lung disease with chronic bacterial infection, pancreatic 

insufficiency, diabetes, liver disease and congenital absence of the vas deferens (O’Sullivan & 

Freedman, 2009; Ratjen et al., 2015). Clinical manifestation of CF characteristics and the associated 
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complications are cumulative and progressive (Bell et al., 2020; O’Sullivan & Freedman, 2009). Most 

important for many people with CF is the degeneration of lung function (Esther et al., 2019; Nguyen 

et al., 2014; Sturgess & Imrie, 1982). 

5.2.3 Lung disease in CF  

For many people with CF, progressive decline in lung function ultimately results in lung failure, with 

respiratory disease currently accounting for the highest proportion of morbidity in CF (Chalmers, 

2020; Cyctic Fibrosis Trust, 2022; Turcios, 2020). 

The known roles of CFTR dysregulation in lung disease pathogenesis include reduced surface liquids 

and decreased mucus transport in the airway epithelium, and increased obstruction of the airways, 

which in turn increases likelihood of infection (Ratjen et al., 2015). Over time, repeated infection, 

inflammatory responses, pulmonary exacerbations and the development of broncheactasis leads to 

the accumulation of tissue damage and degeneration in lung function.  

5.2.4 Pulmonary exacerbations 

The term pulmonary exacerbation describes an acute episodic increase in symptoms of chronic lung 

infection, for which a clinician decides to prescribe antibiotics (Wagener et al., 2013, 2018). 

After exacerbation, 25% of individuals fail to recover to baseline lung health (Sanders et al., 2010). 

Exacerbations are associated with reduced health-related quality of life (Britto et al., 2002; Solem et 

al., 2016) and poor long term outcomes including more frequent and poorer response to subsequent 

exacerbations (Hoo, Wildman, et al., 2018; Sanders et al., 2017). 

Bacterial, viral and fungal infections relate to increased likelihood of exacerbation (Amin et al., 2010; 

Nixon et al., 2001; Wark et al., 2012). Therefore, management, and in particular, prevention of 

infection to avoid ‘rescue’ treatments in response to an exacerbation, forms a key part of CF routine 

treatment (Wildman & Hoo, 2014). 

5.2.5 CF management 

Given the association between lung disease and morbidity in CF, treatment of lung disease is central 

to long term CF management in adult care (Elborn, 2016; Flume et al., 2007; Mogayzel et al., 2013). 

5.2.5.1 ‘Rescue’ therapy 

In the event of a pulmonary exacerbation, it is recommended that intravenous (IV) antibiotics are 

administered (Flume et al., 2009) with some suggestion that better outcomes are observed when 

treated in hospital (Thornton et al., 2004). 
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5.2.5.2 Preventative therapy 

Preventative therapies include a daily regimen of inhaled or nebulised medications. Inhaled 

therapies are particularly favoured because of their ability to deliver targeted medications with 

higher concentration to the airways, with fast action onset and minimal systemic side effects due to 

minimal absorption into other areas of the body (Heijerman et al., 2009; Hewer, 2012).4 

Furthermore, with the technological development of nebuliser systems, administration of drugs at 

home is becoming easier, faster and more efficient (Daniels et al., 2013). 

A typical regimen would include a mucoactive agent to thin mucus and facilitate people with CF to 

clear mucus from the lungs, and is commonly prescribed alongside an antibiotic (National Institute 

for Health and Care Excellence, 2017). A regimen of this kind would result in three prescribed doses 

of medication per day in at least two sessions (i.e., morning and evening). Decline in lung function or 

new or worsening lung infection can result in additional nebulised medications being added to the 

daily regimen (National Institute for Health and Care Excellence, 2017). 

With the rising age of the CF population and increasing number of recommended medications, a 

larger cohort of older adults with more complex CF and comorbid complications, people with CF are 

being prescribed increasingly complex treatment regimen. The burden of treatment is large, 

sometimes taking up to 2 hours a day to administer (Sawicki et al., 2009). Successful self-

management of medication adherence in CF is therefore critical and researchers and clinicians 

continue to call for strategies to support people with CF to self-manage daily treatment regimen, 

especially to inhaled therapies.  

5.2.6 Medication adherence in CF 

Evidence of adherence to inhaled medications from clinical trials in CF suggests adherence is high; in 

a study by Pugatsch and colleagues (2016) average adherence was synthesised across eight trials 

conducted between 2008 and 2013 at one CF centre. Seven of these studies reported average 

adherence over 78%, including three studies with an average adherence of 100% (Pugatsch et al., 

2016). Elsewhere, Lin et al (2017) found self-report inhaled antibiotic treatment adherence to be 

between 76-87%. These studies indicate much higher average adherence than observed in other 

long-term conditions but it is likely that they are examples of over-estimates, influenced by 

methodological and contextual factors. In the synthesis by Pugatsch and colleagues (2016) the 

 
4 There have been some recent advances in the treatment of CF which include gene and protein modulating 
therapies which are delivered via alternative mechanisms (Cystic Fibrosis Trust, 2023; Lee et al., 2021), 
however these were mostly introduced after the ACtiF programme and CFHealthHub RCT. Nebulised 
medications remain an integral part of current CF management (National Institute for Health and Care 
Excellence, 2017). 
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included studies were small, from only one centre, participation of individuals was not limited to one 

study and participants were also engaged in pharmaceutical studies examining the effects of novel 

drugs. It is possible that adherence rates at that centre were unrepresentative of other centres, and 

participants in trials were motivated to engage in novel treatments with the expectation of benefits 

which could relieve them of their complex daily regimen. In addition, this synthesis found that longer 

follow-ups were associated with significant decline in adherence. 

Furthermore, self-reported measures of adherence have been commonly used in this literature 

despite being poorly calibrated with actual adherence. In their seminal study of 105 people with CF, 

Daniels and colleagues (2011) compared electronic (‘objective’) adherence measures with self-

reported and clinician assessed (‘subjective’) adherence for 78 patients. Average objective 

adherence was 36%, compared with 80% and 50-60% for self-report and clinician assessed 

adherence, respectively. It is important to note that 25 patients that were using electronic devices to 

enable automatic adherence data capture, failed to bring their device to clinic to enable download of 

the data and therefore this figure may overestimate adherence. Other measures of adherence from 

observational studies, including medicines possession ratios, self-reports, pharmacy refills and 

electronic data capture have also demonstrated much lower adherence than that reported in CF 

clinical trials, averaging adherence around 50% for key CF medications, and consistently below 

optimal adherence of ≥80% (Burrows et al., 2002; Eakin et al., 2011; Latchford et al., 2009; Modi et 

al., 2006; Quittner et al., 2014). 

5.2.7 Interventions to improve adherence in CF 

CF is similar in profile to other LTCs in both rates of non-adherence and in lack of existing, effective 

interventions to improve adherence. To date, medication adherence interventions in CF have largely 

demonstrated little or no improvement (Bishay & Sawicki, 2016; Quittner et al., 2019).  Whilst 

popular models of health and behaviour change have been discussed in the context of CF (Bernard & 

Cohen, 2004), few interventions have succeeded in adequately applying theory to intervention 

development to improve adherence in people with CF, or using objective, sensitive measures of 

adherence.  

In summary, effective preventative treatments for CF exist, many of which are inhaled therapies 

delivered by a nebuliser. Studies measuring adherence with sensitive, objective tools in routine care 

have demonstrated that adherence to medication in CF is low, demonstrating adherence levels 

comparable with other long-term conditions (World Health Organisation, 2003). Finally, 

interventions targeting adherence in CF have demonstrated little success in improving adherence 

outcomes, with minimal application of theory to intervention design.  
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5.3 Overview of the ACtiF Programme 

The ACtiF Programme was initiated in 2014, with the aim of developing a theory and evidence-based 

intervention (Michie & Prestwich, 2010) to improve Adherence to nebulised medications in adults 

with Cystic Fibrosis (ACtiF). This was a large, UK based programme of research consisting of three, 

overarching work-packages (WPs).  

5.3.1 Early ACtiF WPs 

WP 1 primarily focused on the development of a mechanism to objectively measure adherence data 

using eTrack devices (PARI GmbH, Germany) and display this on a digital platform. The eTrack is a 

nebuliser device fitted with a Bluetooth chip, enabling time and date-stamped data capture and 

transfer. The digital platform, ‘CFHealthHub’, displayed daily adherence using data from the eTrack, 

alongside an array of educational and self-management resources. The website was developed with 

two interfaces; one was tailored for people with CF and was accessible via a website and mobile app. 

The second was for healthcare professionals who were trained to deliver a behaviour change 

intervention complementary to the CFHealthHub platform. 

WP 2 applied the Behaviour Change Wheel framework (Michie et al., 2014; Michie et al., 2011) and 

COM-B (Michie et al., 2011) model to develop the behaviour change intervention. The intervention 

incorporated the adherence displays and self-management resources made available via 

CFHealthHub. To understand how different aspects of COM-B (Michie et al., 2011) relate to 

adherence in CF, qualitative studies were conducted in WP 2 (Arden et al., 2019; Drabble et al., 

2019). 

The conceptual framework developed from this work is depicted in Figure 5 (recreated from the trial 

protocol (Wildman et al., 2018).  
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Figure 5 
The conceptual framework used to develop the CFHealthHub intervention, recreated from Wildman 
et al (2018). 

 
Constructs and processes from Social Cognitive Theory (SCT; Bandura, 1991), Control Theory (Carver 

& Scheier, 1982) and habit theory (Gardner, 2015) combine in this model, to explain the process of 

maintained behaviour change in medication adherence. First, perceived necessities and concerns 

(Horne & Weinman, 1999) for the behaviour converge to form outcome expectancies. Even when 

favourable outcome expectancies (motivation) are held, SCT posits that the individual must also 

have sufficient perceived self-efficacy to translate motivated intentions into action (capability, 

opportunity). Specifics of the relevant beliefs surrounding the COM-B constructs are described in 

detail in Arden and colleagues (Arden et al., 2019) and Drabble and colleagues’ (2019) publications. 

In the case of sufficient motivation, opportunity and capability the individual may begin attempts to 

initiate the behaviour. Control Theory conceptualises this as an effortful process of goal monitoring, 

in which the individual observes the discrepancy between their current behaviour and goals, and 

through feedback loops, regulates their behaviour to meet their goals. For example, if an individual 

observes their current adherence is 50% because they have not taken their second treatment of the 

day, they can initiate their second treatment to meet their goal of 100%. Finally, habit theory was 

incorporated in the model as a mechanism by which medication taking behaviour can be maintained 

over time. In this context, continued repetition of medication-taking behaviour in a specific context 

will shift the behaviour from a process of effortful self-regulation to a process which is automatically 

initiated by contextual cues, following cue-response association formation during repetition.  
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A full report of the development of the CFHealthHub intervention, along with a TiDIER description, is 

available elsewhere (Arden et al., 2021). The mechanisms described in this model formed the 

foundation for the CFHealthHub Intervention, delivered in the full-scale RCT in WP 3.  

5.3.2 The ACtiF full-scale RCT (WP3) 

WP 3 consisted of a pilot and external, full-scale RCT, evaluating the effectiveness of the 

CFHealthHub Intervention. The trial was a two-armed parallel-group RCT conducted between 

October 2017 and June 2019. This was a multicentre trial of 19 UK CF centres, including sites in 

England, Scotland, Northern Ireland and Wales. A total of 608 participants were randomised to 

receive the CFHealthHub intervention (n=305), or usual care (n=303).  

Intervention arm participants received the CFHealthHub Intervention. Participants were first issued 

with an eTrack (PARI GmbH, Germany) and access to the CFHealthHub web and app platform. 

Medication-taking data from the eTrack was combined with prescription data entered on the 

CFHealthHub interventionist portal, to calculate adherence. Participants could access this alongside 

a range of resources designed to deliver selected behaviour change techniques, in response to the 

problem conceptualisation and behavioural analysis described in WP 2. Participants were supported 

to use CFHealthHub by trained interventionists, who delivered a complementary, manualised 

behaviour change intervention in face-to-face or telephone intervention sessions. A minimum of six 

sessions (a phase) was scheduled to be completed over the 12-month follow-up period. Subsequent 

phases could be initiated if a participant: requested additional support, demonstrated a 20% 

reduction in adherence within four weeks or was prescribed intravenous antibiotics for a pulmonary 

exacerbation. 

Usual care participants also received an eTrack with time and date-stamped recording of inhalations 

enabled, but adherence data was not made visible to participants or healthcare professionals 

treating participants in this arm. No intervention sessions were delivered to this arm. 

Participants were followed up for 12 months (+/- 1 month) from the date of consent, and inhalation 

data collection continued beyond this for all participants still consented into the trial until June 2018.  

Full reports of the ACtiF programme (Wildman et al., 2021), pilot RCT (Hind et al., 2019), full-scale 

RCT protocol (Wildman et al., 2018) are available elsewhere.  

5.3.3 Sample characteristics 

Baseline characteristics of participants involved in the ACtiF full-scale RCT are summarised in Table 

14. A total of 608 participants were randomised and 607 went on to contribute data to the trial 

dataset. 
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Table 14 
ACtiF trial full sample baseline characteristics. 

Baseline Characteristic Mean (SD) Median [LQ, UQ] n(%) 

Intervention arm   305 (50.2%) 
Age 30.7 (10.7) 28.1 [22.6, 36.1]  
Female   310 (51.1%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  
FEV1% 59.5 (23.1) 59.1 [40.0, 77.9]  
IMD quintile 3.04 (1.36) 3 [2,4]  
Number of prescribed doses 3.26 (1.60) 3 [2, 4.29]  
Max days in trial 463.8 (123.2) 486 [430.5, 538]  
CFHH Pseudomonas status: chronic   349 (57.9%) 

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (percent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status 
using the CFHealthHub criteria tool (Zhe Hui Hoo, Coates, et al., 2018). 

 

5.4 Summary  
Chapter 4 defined and described BFCS measures and their desirable properties and limitations. The 

chapter concluded that habit research could leverage time-stamped adherence data to develop an 

objective measure of context stability. Chapter 5 described the ACtiF programme, including the 

time-stamped adherence data collected during the RCT of the CFHealthHub intervention. 

The following chapters will derive objective measures of context stability from the CFHealthHub RCT 

time-stamped adherence data to address Thesis Aim 2, which was to explore whether the time of 

day at which people take their medications can be used to derive an objective metric of context 

stability for use in habit research.  

Subsets of the full trial dataset are used in the exploration of Aim 2 in the subsequent chapters. 

Rationale for subsample selection is justified in each study. Characteristics of subsamples are 

summarised in each chapter and direct comparisons of each with the primary dataset are available 

in Appendix F. 
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Chapter 6 Derivation and exploration of variables to 

describe context stability in objective medication 

adherence data 

 

6.1 Chapter Overview 

Chapter 6 begins the exploration of thesis Aim 2, Objective 2, which was to present a systematic 

approach to identifying and selecting a metric of context stability, derived from objective data on 

the times of day at which people initiate medication adherence behaviour. The specific objectives of 

Chapter 6 were: 

1) To describe a range of methods that could be used to produce objective variables that 

describe context stability, with theoretical improvements on previous measures (Thesis Aim 

2, Objective 2.1); 

 

2) To verify the interpretability of these variables in terms of their theoretical relationship with 

concurrent medication adherence behaviour (Thesis Aim 2, Objective 2.2). 

 

To address these objectives, Chapter 6 presents novel methods to derive variables that can describe 

context stability from objective medication adherence behaviour using time-stamped behavioural 

data. These methods were selected to improve upon the issues and to address the desirable 

properties of a metric of context stability that were identified in Chapter 4. The novel methods are 

presented alongside other metrics that have been used in the literature and a preliminary 

exploration and comparison of their relationships with behaviour (i.e., the relationship with 

concurrent medication adherence behaviour) is presented.  

6.2 Background 

There is no commonly agreed method or measure to describe context stability; as with ‘past‘, or 

‘future behaviour’, is it a theoretical construct that has been defined and measured in different ways 

in the literature. This is true of both self-report measures of context stability, and those derived 

using objective data. 

Focusing on the latter in line with the topic of this thesis, a range of examples have emerged in the 

recent literature; these are mainly in the domains of physical activity and medication adherence, and 
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all utilise technological devices to automatically capture timestamps of the onset of a behaviour (i.e., 

temporal context stability), and use this data to construct a context stability score. One study 

calculated a context stability score to describe consistency in the initiation of physical activity (Rand 

et al., 2020); when participants scanned a pass to enter their gym within a 3-hour window on the 

same day of the week , this counted toward an aggregated context stability score; doing this twice in 

a month resulted in a score of 1 and scores could increase up to 3 for repeating this more frequently. 

Another study recorded whether physical activity occurred within a four-hour period (i.e. 8am-

11:59am; 12noon-3:59pm; 4pm-8pm) and indexed context stability by taking the entropy of 

frequencies of occurrence across the three temporal windows (i.e. the degree to which the 

probability of behaviour occurring in the morning afternoon and evening, were equal, accounting for 

the number of options; Maher et al., 2021). In the domain of medication adherence, one study 

aggregated time-stamped medication adherence data to calculate the variance in times that the 

behaviour was initiated over the full study period (Phillips et al., 2021), while another used the 

standard deviation, aggregated into consecutive 7-day periods over the study period and combined 

this with percentage adherence to construct a behavioural frequency x context stability (BFCS) 

measure (Hoo et al., 2019).  

The diversity described in these studies demonstrates that there is yet to be a consistent approach 

to the measurement of context stability using objective temporal data, and each of the existing 

methods has some limitations. As discussed in Chapter 4, objective metrics of context stability have 

often been conflated with frequency of behaviour by failing to account for the number of 

observations used to calculate it (e.g. Hoo et al., 2019; Maher et al., 2021; Phillips et al., 2021) 

and/or by actively including information about frequency in the calculation (e.g. Hoo et al., 2019; 

Rand et al., 2020). Doing so may result in over-estimation of the relationship between context 

stability and behaviour. Furthermore, the context stability measures described do little to account 

for day-to-day changes in routines. This is important when considering researchers’ expectations 

about what a context stability variable derived from temporal data alone can capture. In theory, any 

feature of a performance environment could constitute a cue for a habit, even abstract 

‘environmental’ cues such as feelings (e.g. Verplanken, 2006; see also discussion by Mazar & Wood, 

2019, p.19). To date, no research exists that can definitively and entirely identify what constitutes a 

cue to behaviour once a habit is established (see discussion in Chapter 1). This difficulty is 

compounded with evidence that suggests people are often poor at identifying cues for their own 

habitual behaviour (e.g. Gantman et al., 2017). In the absence of this knowledge, or vastly more 

expensive and perhaps intrusive objective methods to measure more completely the aspects of 

individuals’ performance contexts, the stance of the present thesis is that current focus should be on 
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maximising the predictive ability of measures derived from temporal data. This requires 

acknowledgement that the time of day is not the cue per se, rather some other cue which likely 

coincides with the same or similar times of day with each repetition.  

In the context of medication adherence behaviour, two studies have attempted to understand 

context stability of behaviour as a predictor of behaviour frequency, using information about the 

time of day collected on electronic medication devices (Hoo et al., 2019; Phillips et al., 2021). In both 

studies, ‘context stability’ was inferred from variability in the times at which medication-taking 

behaviours were performed. In a sample of 123 participants, Hoo et al., (2019) found a combined 

measure of frequency and context stability correlated with future behaviour (r=0.4) but a one unit 

change (on a scale of 1 to 7) in this measure was associated with only a 0.3% increase in adherence. 

Similarly, Phillips et al., (2021) found that differences in adherence between morning and evening 

sessions of medication taking were not reflected in the context stability of dosage timings. The 

extent to which variability in times that medication-taking behaviours occur is a suitable proxy for 

context stability is unclear from these studies and must be met with careful consideration of the 

limitations of methods used, as discussed in the previous paragraph. 

More advanced methods were applied by Stecher et al., (2021) who created a measure of context 

stability to describe day-to-day consistency in the use of an app. Dynamic time warping (DTW) was 

applied to describe the similarity in length of use among participants using a meditation app. DTW 

compares the similarity between two time-series (e.g. engagement with an app on day 1 – i.e. time-

series 1, and day 2- i.e. time-series 2); with some constraints, the DTW algorithm compares values in 

time-series 1 to the most similar values it can find in time-series 2. Compared to more standard 

statistics, this method could be advantageous to habit researchers as it can produce a quantitative 

summary of stability but with some flexibility around what is considered ‘stable’; observations do 

not need to occur at exactly the same time to be considered the ‘same’ context; i.e. a difference of a 

few minutes from one day to the next would not affect the context stability score. By allowing 

similar behaviour repeated within 60 minutes of another to be captured as repetitions of behaviour 

in the same context, a degree of flexibility was embedded into the definition of ‘contextually stable’ 

behaviour. 

Figure 6, taken from Stecher et al.,'s (2021) article, demonstrates an instance in which this might be 

useful: the plots are a binary visualisation of times during the day in which the app was in use (y=1) 

or not in use (y=0); the figure demonstrates two ways to compare the time series on day 1 (TS1; top) 

to the time series on day 2 (TS2; bottom), either using Euclidean distance (left) or DTW (right); 

Euclidean distance is a simple calculation of the distance between TS1 and TS2 using 1:1 mapping 
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between observations, which here results in a ‘distance’ of 2. However, visual inspection of the plots 

clearly shows the same overall pattern of using the app for 2 units in both TS1 and TS2; DTW seeks 

the most similar points along the time series and calculates the difference between these, which in 

this instance results in a distance score of 0. In their implementation, Stecher et al., (2021) applied a 

constraint such that two points can only be matched within 60 minutes of one another.  

 

Figure 6 
Visualisation of how the DTW algorithm calculates distance (i.e. numerical difference) between 2 
time-series. The top row shows timeseries 1 and bottom row shows time series 2. Vertical scale on 
each plot: 0= app not in use, 1 = app in use. Plots on the left of the panel represent how Euclidean 
distance is calculated (i.e. lines are drawn perpendicular to the x-axis and with 1:1 mapping between 
points along the time-series); plots on the right demonstrate how DTW distances are calculated (i.e. 
by findings the smallest numerical difference between points on each time series, with some set 
rules). (Plots taken from Stecher et al., 2021, pg. 4, Figure 1) 

By applying DTW to their data, Stecher et al., (2021) were able to capture the day-to-day similarity 

between the length and frequency of app use from one day to the next. In considering this as a 

measure of context stability, this has approach also has several limitations which relate to 

expectations of human behaviour in the real-world and recent empirical findings and their meaning 

for habit theory.  

First, recent evidence suggests that measures of context stability comparing similarities from day-to-

day are weaker in the prediction of behaviour vs week-to-week comparisons (Phillips et al., 2022); 

this could be due to peoples’ routines revolving on weekly cycles. For example, for many people 

working Monday to Friday, the time at which they eat breakfast on Saturday and Sunday is likely to 

be different than during the week, but this difference is consistent week-to-week. Comparing the 

whole of week one to the whole of week two may enable detection of similar behavioural patterns 

more readily than comparing a weekday to a weekend day (e.g., Friday to Saturday). Second, recent 
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theory dissociates different types of habit which may exist in real-world behaviours. Theorists have 

distinguished between habits of instigation vs habits of execution (Gardner et al., 2016; Phillips & 

Mullan, 2022), whereby habitual instigation refers to habitually selecting action and starting to 

perform a behaviour, whereas habitual execution refers to habitually carrying out each of the sub-

actions required to complete the behaviour. Empirical evidence has demonstrated that instigation is 

a better predictor of frequency of behaviour, including medication adherence (Gardner et al., 2016; 

Hoo, Gardner, et al., 2019; Phillips & Gardner, 2016) and has led researchers to focus attention on 

this aspect of habitual behaviour (Phillips & Mullan, 2022). DTW, as implemented by Stecher et al., 

(2021) is primarily capturing similarities in execution, as the calculation of distance includes the 

length of time for which the behaviour was performed.  Therefore, Stecher and colleagues’ approach 

to the measurement of context stability is suboptimal when research is interested in habitual 

instigation of behaviour.  

As exemplified by this critique, existing measures of context stability using time-stamped data are 

diverse and each has their own limitations. Chapter 4 highlighted that lack of attention to the 

properties of variables caused by the ways in which they are measured can lead to issues with 

interpretation and predictive validity of context stability. These issues are important to consider in 

the exploration of novel methods to summarise objective behavioural data. The present chapter 

begins the process of systematically exploring metrics to summarise context stability using objective 

behavioural data, with the following aims: 

1) To describe a range of methods that could be used to produce variables which describe 

context stability, with theoretical improvements on previous measures (Thesis Aim 2, 

Objective 2.1); 

2) To verify the interpretability of these variables in terms of their theoretical relationship with 

concurrent medication adherence behaviour (Thesis Aim 2, Objective 2.2). 

6.3 Methods 

6.3.1 Raw data preparation  

The eTrack™ records the time at which a participant administers a new medication. In order to 

process this data, timestamps were first converted into the number of minutes into the day, with 

each day starting just after midnight or 0:00:00, that each medication was taken (e.g., a medication 

administered at 07:00:30 would be represented as 420.5 minutes).  

Second, the time at which each day started was shifted. Previous studies examining the times at 

which medications were taken in CF have utilised a 05:00:00-04:59:59 clock scale to distinguish one 

‘day’ from the next (Zhe Hui Hoo, Wildman, et al., 2019). This was following the observation that 



88 
 

many people with CF take medications very late at night, spanning across the threshold of midnight, 

and there is evidence of this behaviour in this sample. An example is given in Figure 7 for a 

participant that was prescribed more than one dose a day; focusing only on the inhalations labelled 

in blue, it is clear that whilst all inhalations in blue are labelled as the first observed inhalation on 

each day, the inhalations recorded between 00:00 and 02:00am are more similar in time to 

inhalations recorded around 23:00, which are mostly orange and green and labelled as second and 

third inhalations.  

 

Figure 7 
The times at which a participant took each recorded inhalation over the duration of their 
participation in the study. The first inhalation on any given day using a 00:00-23:59 clock is plotted in 
blue. 

These were more likely late, last inhalations on a given day, rather than very early, first inhalations 

on the following day. Given this observation, the ‘end’ of each day was shifted from 23:59:59 to 

04:59:59 to avoid artificially inflated measures of variation in observed times at which medications 

were taken. Once this transformation was applied, a behaviour observed at 07:00:30am was 

represented as 120.5 minutes from the start of the day (i.e., 5am).  

6.3.2 Feature generation  

A combination of simple descriptive statistics and a set of more complex variables were derived from 

the times at which medications were taken to produce a set of potential ‘context stability’ variables. 

6.3.2.1 Simple descriptive statistics  

The following variables were calculated: range of the times of day that inhalations taken (RANGE); 

inter-quartile range of the times of day that medications were taken (IQR); standard deviation of the 

times of day that medications were taken (SD); entropy (i.e. equality of probabilities among the 

possible outcomes; to define ‘possible outcomes’ as a discrete variable, each day was divided into 72 

non-overlapping bins of 20 minutes and observations categorised into respective bins; ENT); entropy 

in the differences in time of day between consecutive inhalations (DIFF_ENT); average of the 

differences in time of day between consecutive inhalations (DIFF_AVG); standard deviation of the 
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differences in time of day between consecutive inhalations (DIFF_SD).  Entropy variables were 

calculated by applying the SciPy Statistics ‘Entropy’ method to frequency distributions of 

observations in 20-minute bins. All variables were measured in units of minutes. 

 

6.3.2.2 Context stability variables derived from Recurrence Quantification Analysis 

Recurrence Quantification Analysis (RQA) is a non-linear method of quantifying recurring patterns in 

longitudinal data without a priori knowledge of any underlying repeating structure. When applied to 

the present dataset, a recurrence (i.e., a behaviour repeated in the same temporal context) would 

be identified if the time at which a medication session was initiated on a given day was repeated 

within some pre-specified window of time on the following days.  

RQA has recently emerged as a potentially useful technique in the study of longitudinal behaviour 

change (Heino et al., 2021). Applied through the lens of habit theory, RQA could enable a rich 

description of the context stability of medication-taking behaviours with objective, longitudinal data.  

The number of minutes into the day at which a medication was taken was identified for each 

participant, over a given number of days (i.e. 14 or 28 days), and plotted along the x and y axis in a 

two-dimensional matrix known as the Recurrence Plot (RP; see example in Figure 8 taken from 

Marwan et al., (2007), pg. 242). The solid diagonal line on the RP is known as the line of identity and 

this represents the intersection of the same observation on each axis (i.e., the same observation in 

the sequence of longitudinal data sampled).  

Figure 8 
Example of a recurrence plot taken from Marwan et al., (2007), Figure 1(b), pg 242. For each value along 
the x-axis that recurs within a pre-specified radius elsewhere in the time series, a point is plotted in the 
matrix. 
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One RP was produced for each participant. For each observation along the x-axis of the RP, the 

recorded value (i.e., number of minutes into the day that an inhalation occurred) was compared 

against all other values along the y-axis (i.e., the number of minutes into the day that inhalations 

occurred on the other days sampled). A ‘recurrence’ was recorded if an observation on the y-axis 

was found to have a value within a pre-specified radius (e.g., within 60 minutes) of the reference 

observation. For each identified recurrence, a point was plotted at the intersection on the RP; for 

values not within the pre-specified radius, i.e., a non-recurrence, the intersection was left blank. This 

resulted in a binary visualisation of the recurrence dynamics for each participant’s behaviour. An 

example of a recurrence plot for a 14-day period with a recurrence radius threshold of 60 minutes is 

given in Figure 9. 

 

Figure 9  
Example of a RP for a 14-day period; recurrence threshold was set to 60minutes for this plot. For 
each observation, the time at which it occurred is plotted along the x-axis and again along the y-axis. 
For each x-axis value, all values of the y-axis are examined to identify any observation within a 60-
minute radius. If an observation is within 60 minutes of the reference observation, a point (i.e., a 
solid cell) is plotted at the intersection; otherwise, the intersection is left blank. 

 

RQA techniques can produce a range of quantitative variables that capture the recurrence dynamics 

of behaviour (Weber & Zbilut, 2005). These describe the vertical and diagonal structures of the RP 
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and all depend on hyperparameters which are described in the subsequent section. Eight RQA 

variables were calculated with the potential to represent context stability: 

- Recurrence rate (RR): the proportion (%) of recurrence points on the RP. Higher RR would 

indicate higher proportions of medication taking behaviours which occurred in the same 

context. A value of 100% would imply that all selected observations for the participant were 

recorded within the recurrence threshold, i.e., if the threshold was set to 60 minutes and RR 

calculated over 14 observations, this would mean all doses of medication were taken within 

60 minutes of one another.5 

- Determinism (DET): the proportion (%) of recurrence points which fall on a diagonal line 

with one or more recurrence point. Higher DET could indicate recurrent shifts in the context 

that a medication was taken (e.g., a shift from 9 to 11am from Friday to Saturday, each 

week). 

- Laminarity (LAM): the proportion (%) of recurrence points which fall on a vertical line with 

at least one other recurrence. Higher LAM indicates more instances of consecutive 

recurrences. 

- Trapping time (TT): the average length of vertical lines of recurrence points which fall on a 

vertical line with at least one other recurrence. This is represented as an actual number 

therefore is related to the number of observations used to create the RP. Higher TT 

indicates, on average, longer streaks of consecutive recurrences. 

- Longest vertical line length (VMAX): the length of the longest vertical line in the RP, i.e. the 

longest streak of recurrences. This is represented as an actual number therefore is related to 

the number of observations used to create the RP. Higher VMAX indicates at least one 

instance of a longer streak consecutive recurrences. 

- Entropy in the vertical lines (VENT): the entropy in the lengths of vertical lines of recurrence 

points. Higher VENT could indicate more variability in the number of consecutive 

recurrences at a time. 

- Average white vertical line length (W): the average number of consecutive non-recurrent 

points. This is represented as an actual number therefore is related to the number of 

observations used to create the RP. Higher W indicates, on average, more observations in 

between recurrences. 

 
5 This is essentially the same as could be achieved by implementing DTW with timeseries representing 
behavioural instigation. 
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- Entropy in the white vertical line length (WENT): the entropy in the lengths of vertical white 

lines (i.e. with no recurrent points- see W). Higher WENT indicates more variability in the 

number of occasions between medications taken in the same context. 

RQA hyper-parameter selection 

The calculation of all RQA variables depends on the pre-specification of two hyper-parameters: 

minimum line length and recurrence radius. Recurrence metrics are most useful as comparative 

tools, as opposed to raw characterizations of the data, due to their dependence upon the hyper-

parameters used.  

The minimum length of a ‘line’ of recurrence points was set to two6; this is common practice in the 

use of RQA across fields, including psychology (Heino et al., 2021). Furthermore, this had theoretical 

grounding in that this could capture two observations that occurred at the same time on a two-day 

streak such as a weekend. 

Recurrence radius (rad) describes the maximum difference between two observations that 

constitutes a recurrence and must be pre-specified. Applied to the present dataset in which 

observations are represented by the number of minutes into a day, rad=10 minutes would record a 

recurrence point for a medication taken at 2:25 and 2:19pm, but not for a medication taken at 

2:36pm as this is more than 10 minutes later.  

There is currently no evidence base to guide what the radius for a ‘recurrence’ should be set to. As 

previously discussed, context stability variables derived from objective temporal data have been 

summarised in many ways, and most have implicit assumptions as to how close two events can 

happen in time to constitute a likely recurrence of a behaviour in the same context. Hoo, Wildman, 

et al., (2019) specified a maximum context stability score at a standard deviation of 180 minutes, 

whilst in the domain of physical activity, Rand et al., (2020) classed a behaviour as in the same 

context if it was within a three-hour (180 minute) time window and Maher et al., (2021) applied a 

fixed, four-hour (240 minute) time window. Phillips et al., (2021) did not apply a cap or radius for 

recurrence but measured variance in the times at which medications were taken; the average 

variance in times medications were taken in this study was approximately 6.5 to 7 minutes. This is a 

very small window compared to three or four hours and should be interpreted with caution as this 

study was conducted with a small sample (n=51) with likely very high average adherence (average of 

~9 pills missed over ~28 days on which 2 pills were expected per day; approximate sample average 

 
6 Applies to DET, LAM, TT variables. 



93 
 

of 84% adherence). To date, there has been no systematic exploration of the temporal window of 

recurrence expected for behaviours performed in the same ‘context’.  

Rather than apply one arbitrarily selected radius, each of the selected RQA variables were calculated 

with 15 different radius settings (5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 70, 80 and 90 minutes). 

The maximum radius of 90 minutes was selected because many regimens require more than one 

medication session in a given day due to the requirement for more than one dose of the same 

medication to be taken after an interval. The minimum expected interval between these sessions is 

three hours and therefore to minimise the risk of capturing an early inhalation from the second 

session as a recurrence from the first session, the three-hour window was halved, into 90 minutes.  

Imputation for RQA variable missing values  

Some RQA variables cannot be calculated if the RP has no recurrence points or if it is completely 

saturated. This only applies to some variables, and values were imputed accordingly because in the 

context of this study, missing values are still meaningful. Details are presented in Table 15.7  

Table 15  
Imputed values for missing RQA variable values 

Variable Imputation 

DET Missing values were imputed with a value of 0. Minimum DET is 0 
but will report missing if no recurrence points off the line of 
identity. 

TT Missing values were imputed with a value of 1.9. Minimum TT is 2 
but will report missing if no lines (i.e., no recurrences) of length 2 
or more. 

W Missing values were imputed with a value of 0.9. Minimum value 
was 1 but will report missing if there were no observed non-
recurrences (i.e., no time between recurrence points and the 
recurrence plot is saturated). 

 

In total, 127 variables were calculated, including those derived using simple, descriptive statistics, 

and those derived using RQA at 15 different radius settings (Appendix E). Each of these 127 variables 

were candidate variables for describing context stability. 

 

 

 
7 Unlike other studies in which missing adherence datapoints were imputed, imputation in this form does not 
conflate frequency with context stability as the same number of observations were used to calculate the RP 
from which the variables are derived. 
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6.3.3 Data-handling  

6.3.3.1 Constraints applied to enable comparability between participants 

The times of, and adherence to, the first observed inhalation on each day was used for all 

subsequent variable derivation and analyses. Regimen were frequently complex in the trial sample, 

with as many as 12 prescribed medications to be taken on a single day. In the example of a people 

with CF prescribed two doses of the same medication which should be taken at separate times on 

the same day, it is theoretically possible that they could have a habit for taking their first, or second 

medication, or both, or neither. Only 60 of 608 participants (~11%) were prescribed only one dose of 

medication for the duration of the study. For this subset of participants, we could be certain that if a 

medication was taken, it was the only prescribed dose for that day and therefore context stability for 

a specific behaviour could be confidently calculated from the time at which it was taken. However, 

whilst the use of this subset of participants could reduce a potential source of noise in the 

calculation of context stability, it was decided that the inclusion of more data in subsequent analyses 

was more beneficial than use of only 11% of the dataset. Therefore, to separate out discrete 

behaviours and their associated habits, and to make comparisons between individuals with different 

treatment regimen, the first inhalation observed on each day was used to calculate context stability. 

6.3.3.2 Time-series segmentation 

Time-series of the times at which the first medication was taken on each day for each participant 

were segmented into 12 consecutive, mutually exclusive 28-day periods, hereafter referred to as 

intervals.8  

6.3.3.3 Constraints applied to delineate context stability from adherence 

Among the critiqued studies that used objective data to describe context stability, the impact of 

using few observations in the calculation of context stability was not considered. In the instance of a 

participant that has only taken one medication over the period of interest, a measure of entropy or 

inter-quartile range would indicate extremely high context stability (IQR=0; ENT=0). In theory, low 

IQR and low entropy should indicate high context stability, but this interpretation cannot be usefully 

applied in these examples as the number of observations used to calculate the variable (i.e., 

frequency of the behaviour) conflates the meaning of the context stability score. Furthermore, a 

minimum of two observations is required to calculate a standard deviation; to overcome this issue in 

participants with one or no inhalations, Hoo, Wildman, et al., (2019) imputed missing values with the 

 
8 For simplicity of description in the remainder of the thesis, segments are henceforth referred to as ‘intervals’, 
i.e., interval 1 refers to the 1st 28-days since the participant’s consent into the trial. 



95 
 

180-minute ‘ceiling’ score. This is similarly problematic as a context stability score of 180 minutes 

becomes synonymous with very low frequency of past behaviour.  

RQA variables are even more sensitive to the effect of using different numbers of observations to 

calculate them. To make comparisons between individuals based on RQA variables, the time series 

used to calculate the variables must be equal in length. For example, ‘W’ captures the average 

number of consecutive non-recurrent points in the RP. Higher W indicates more occasions on which 

medications were taken out of context between medications taken in context, therefore high W 

indicates low context stability. If only the inhalations observed during a 28-day period of the study 

were used to construct W, a participant that only took 14 medications during that interval (i.e. 50% 

adherent) could have a max W=14, whereas a participant that took 28 medications (i.e. 100% 

adherence) could have max W=28. Neither of these participants would have taken a medication in 

the same context as another medication but the participant with 50% adherence would appear to 

have a better context stability score. 

In this study, to ensure context stability was delineated from frequency of medication-taking 

behaviours, and to ensure comparability of context stability scores between individuals, the nearest 

14 and 28 inhalations prior to interval 7 of the trial were identified and extracted to compute two 

sets of context stability variables. Variables were constructed using points closest to the midpoint of 

the trial follow-up (up to the start of interval 7) because data sampled in the early weeks of the trial 

were considered unlikely to reflect participants’ longer-term behaviour; the white-coat effect 

(Podsadecki et al., 2008), associated with initial provision of chipped nebulisers, typically created a 

temporary increase in adherence at the start of the study which was followed by a fall (Wildman et 

al., 2022). The set containing 28 observations were considered the baseline set, as this could contain 

a minimum of four cycles of a week-long set of routines. This set was then compared to the 14-

observation set, in order to determine whether similar relationships between context stability 

variables and behavioural frequency could be observed with a smaller number of observations from 

each individual. This comparison was driven by the practical implications of requiring less data in 

order to capture context stability, for both research and clinical purposes. 

6.3.4 Calculation of concurrent behaviour frequency 

To calculate ‘concurrent behaviour’ it was important to look at adherence over the same period 

used to calculate context stability variables. The numerator (i.e., number of inhalations 

administered) was therefore equal to 14 or 28, for respective variable sets, as these were the same 

14 or 28 inhalations from which the time-of-day data was derived for calculating context stability. 

The denominator (i.e., number of doses prescribed) was calculated as the number of days over 
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which the 14 or 28 observations collected to calculate context stability variables were taken. For 

example, the nearest 28 inhalations prior to the start of interval 7 were extracted for participant A 

and presented in Figure 10.  

 

Figure 10  
The 28, first inhalations recorded to closest to interval 7 for participant A (adherence to first 
inhalation over this period = 90.3%) 

To collect 28 inhalations in total for this participant, the first observation was on day 137 and the last 

observation was on day 167, totalling a 30-day period. Substituting this information into the 

numerator adjusted adherence formula: 

𝐶𝑜𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑑ℎ𝑒𝑟𝑒𝑛𝑐𝑒 =
28 𝑖𝑛ℎ𝑎𝑙𝑎𝑡𝑖𝑜𝑛𝑠

30 𝑑𝑎𝑦𝑠
× 100 

 

𝐶𝑜𝑛𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑑ℎ𝑒𝑟𝑒𝑛𝑐𝑒 = 90.3% 

 

6.3.5 Analysis 

First, Pearson’s correlations between each of the 127 potential context stability variables and 

concurrent behaviour were compared for the sets of variables derived from 14 and 28 observations. 

The purpose was to determine whether similar relationships with concurrent behaviour could be 

observed for variables derived from 14 observations as for those derived using 28. Similarity was 

determined by comparing correlations, significance and the precision of estimated confidence 

intervals. 

Interpretability of each variable was subsequently assessed by evaluating whether the hypothesised 

explanation of each variable matched the bivariate correlations with concurrent adherence 

behaviour and the range of observed values.  

Variables were considered to be interpretable as a metric of context stability if: 
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i) The actual and hypothesised correlation with concurrent behaviour was consistent in 

direction; 

ii) The range of values for each variable could be meaningfully interpreted. 

Variables were calculated in Python (v 3.8.3). The Pandas library was used for simple context stability 

variables and PyRQA (v 8.0.0; Rawald et al., 2017) was used to derive RQA variables. Correlation 

estimates between context stability variables and concurrent behaviour, along with their associated 

p-values and confidence intervals were calculated in SPSS (v 27.0.1.0).  

6.4 Results 

6.4.1 Dataset overview 

A total of 526 of 608 (86.5%) participants had sufficient data to calculate context stability and 

concurrent behaviour with at least 14 inhalations over the first 168 days of the data collection 

period; 473 of 608 (77.8%) participants had sufficient data to calculate context stability and 

concurrent behaviour with at least 28 inhalations over the first 168 days of the data collection 

period. 

Among the 14-observation dataset, the minimum adherence to medication was 8.6% (median 

concurrent behaviour=82.4%; [LQ,UQ]= [44.1,100]%; Figure 11). For the 28-observation dataset, the 

minimum adherence to medication over this period was 16.9% (median concurrent behaviour= 

84.9%; [LQ,UQ]=[53.9%, 100%]; Figure 11). 

 

 

Figure 11  
Distribution of adherence to first dose of medication during the period over which the nearest 14 
inhalations (left) (n=526) and nearest 28 inhalations (right) (n=473) closest to interval 7 were 
extracted. 

For participants with the lowest adherence over this period, inhalations recorded as early as the first 

interval of the trial were included in the sample of inhalations used to calculate context stability 

variables with 14 observations (n=36 participants, 6.8%). However, most participants had 14 
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inhalations recorded within interval 6 (i.e., within one interval prior to interval 7; n=349, 66.3%). This 

was similar for the sample of inhalations used to calculate context stability variables with 28 

observations; 19 participants (4.0%) sampled data from as early as the first interval of the trial to 

collect 14 observations, but the majority (n=346, 73.2%) sampled data from only intervals 5 and 6. 

6.4.2 Comparison of variables calculated with 14 and 28 observations 

For both the 14 and 28 inhalation sets, all potential context stability variables (n=127 in each) were 

significantly associated (p<0.05) with concurrent adherence. The mean size of correlation coefficient 

was approximately the same for both sets (mean r=0.26 (SD=0.05) using 14 observations; mean 

r=0.27 (SD=0.07) using 28 observations). Confidence intervals surrounding correlation coefficient 

estimates were also approximately equal in size indicating similar precision (mean CI width=0.16 

using 14 observations; mean CI width=0.17 using 28 observations). Small differences in precision 

were expected given the larger sample available for calculation of variables with 14 observations. 

These findings satisfied that similar relationships could be observed between context stability 

variables and concurrent behaviour with only 14 observations, as could be obtained using 28 

observations. Therefore, the 14-observation set were taken forward to explore variable 

interpretability. 

6.4.3 Bivariate correlations of context stability variables with concurrent behaviour 

Bivariate correlations between each context stability variable and concurrent behaviour ranged from 

weak to moderate (Table 16). The weakest observed relationship was for W at radius 90 (r= 0.14), 

the strongest was LAM at radius 90 (r=0.34). 

6.4.4 Exploration of the interpretability of context stability variables  

Interpretability was operationalised as evidence that the actual and hypothesised correlation with 

concurrent behaviour was consistent in direction and that the range of values for each variable can 

be meaningfully interpreted. These conditions were upheld for all variables except DET and VENT 

(Table 16). Therefore, a total of 13 of 15 potential variable categories (n=97 individual potential 

context stability variables) were identified as suitable for further analysis in Chapter 7. The issues 

identified in the excluded variables are discussed, below.   
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Table 16 
Bivariate correlations between variables and behaviour and checks for interpretability. 

Variable  Theoretical 
interpretation  

Expected direction 
of effect 

Observed 
correlation 
with 
concurrent 
adherence 

Range of 
observed values  

Take forward to 
Chapter 7? 

Range, in 
minutes, of 
the time of 
day at which 
inhalations 
taken (RANGE) 

Captures the earliest 
and latest that a 
patient took their first 
dose of medication of 
the day 

-ve 
Low scores indicate 

high context 
stability 

-0.30* 26.53 to 1422.92 
minutes 
 

Yes 

Inter-quartile 
range, in 
minutes, of 
the time of 
day at which 
inhalations 
taken (IQR) 

Captures the spread 
of times that the first 
medication of the day 
was taken  
 
 

-ve 
Low scores indicate 

high context 
stability 

-0.27* 2.72 to 886.71 
minutes 
 

Yes 

Standard 
deviation, in 
minutes, of 
the time of 
day at which 
inhalations 
taken (SD) 

Captures the spread 
of times that the first 
medication of the day 
was taken 

-ve 
Low scores indicate 

high context 
stability 

-0.29* 7.27 to 493.98 
minutes 

Yes 

Entropy of the 
time of day at 
which 
inhalations 
taken (ENT) 

Captures the equality 
in probability of 
inhalations occurring 
at different times of 
day, when the day is 
separated into 20-
minute intervals. 

-ve 
Low scores indicate 

high context 
stability 

-0.29 0.51 to 2.64 Yes 

Entropy in the 
differences in 
time of day 
between 
consecutive 
inhalations 
(DIFF_ENT) 

Captures equality in 
probability of 
inhalations occurring 
at different intervals 
from day to day, 
when intervals are 
separated into lengths 
of 20-minutes. 

-ve 
Low scores indicate 

high context 
stability 

-0.23* 1.09 to 2.56 
 

Yes 

Mean, in 
minutes, of 
the differences 
in time of day 
between 
consecutive 
inhalations 
(DIFF_AVG) 

Captures the average 
of the differences 
between times of day 
at which consecutive 
inhalations were 
taken. 

-ve 
Low scores indicate 

high context 
stability 

-0.32* 6.90 to 685.92 
minutes 
 

Yes 

Standard 
deviation, in 
minutes, of 
the differences 
in time of day 
between 
consecutive 
inhalations 
(DIFF_SD) 

Captures the spread 
of the differences 
between times of day 
at which consecutive 
inhalations were 
taken. 
 
 
 
 
 
 
 

-ve 
Low scores indicate 

high context 
stability 

-0.26* 4.94 to 460.97 
minutes 
 

Yes 
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Table 16 
Continued 

     

Variablea  Theoretical 
interpretation  

Expected direction 
of effect 

Observed 
correlation 
with 
concurrent 
adherenceb 

Descriptive 
statisticsc 

Take forward to 
Chapter 7? 

Recurrence 
Rate (RR) 

Captures the 
proportion (%) of 
observations of times 
at which a medication 
was taken within a 
pre-specified radius of 
another observation 
(i.e. a recurrence 
point).  

+ve 
Higher RR indicates 
higher proportions 

of medication taking 
events in the same 

context 

0.24 to 0.33* 7.14 to 100% 
 

Yes 

Determinism 
(DET) 

Captures the 
proportion (%) of 
recurrence points (see 
RR) which fall on a 
diagonal line with one 
or more recurrence 
point.  

+ve 
Higher DET could 

indicate shifts in the 
context a 

medication was 
taken which is later 
repeated (i.e. shift 

from 9 to 11am 
from Friday to 
Saturday, each 

week). 

0.18 to 0.33* 0 to 100%d No- the upper 
observed value 
was 100% which 
is difficult to 
interpret.  

Laminarity 
(LAM) 

Captures the 
proportion (%) of 
recurrence points (see 
RR) which fall on a 
vertical line with at 
least one other 
recurrence.  

+ve 
Higher LAM 

indicates more 
consecutive days 
with medications 
taken in the same 

context. 

0.21 to 0.34* 0 to 100% Yes 

Trapping Time 
(TT) 

Captures the average 
length of vertical lines 
of recurrence points 
(see RR) which fall on 
a vertical line with at 
least one other 
recurrence. 
 

+ve 
Higher TT indicates 
lengthier, sustained 

periods for which 
medications were 
taken in the same 

context. 
 

0.14 to 0.24* 1.9 to 14e Yes 

Maximum 
vertical line 
length (VMAX) 

Captures the longest 
time a patient was 
able to maintain 
recurrences (see RR).  

+ve 
Higher VMAX 

indicates evidence 
that the longest 

sustained period in 
the same context. 

0.19 to 0.28* 1 to 14 Yes 

Entropy in 
vertical line 
length (VENT) 

Captures the entropy 
in the lengths of 
vertical lines of 
recurrence points (see 
RR).  

-ve 
Higher VENT could 

indicate more 
variability in the 

lengths of time the 
patient is able to 

sustain behaviour in 
the same context. 

0.15 to 0.27* 0 to 2.07 No- the observed 
association 
between VENT 
and adherence is 
in the opposite 
direction to that 
which was 
expected.  

Average white 
vertical line 
length (W) 

Captures the average 
time between 
recurrence points (see 
RR). 
 
 
 
 

-ve 
Higher W indicates 
more occasions of 
medications taken 

out of context, 
between 

medications taken 
in the same context 

-0.14 to -0.33* 0.9 to 12.5f Yes 
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Table 16 
Continued 

     

Variablea  Theoretical 
interpretation  

Expected direction 
of effect 

Observed 
correlation 

with 
concurrent 
adherenceb 

Descriptive 
statisticsc 

Take forward to 
Chapter 7? 

Entropy in 
white vertical 
line length 
(WENT) 

Captures the entropy 
in the lengths of 
vertical white lines 
(i.e. with no 
recurrence points- see 
RR). 

-ve 
Higher WENT 

indicates more 
variability in the 

number of 
occasions that a 

medication is taken 
out of context, 
between those 

taken in context. 

-0.28 to -0.32* 0 to 2.48 Yes 

aAll RQA variables were calculated for recurrences in intervals of 5,10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 70, 80, 90 minutes. 
bRange represents the range of observed correlations between each variable at each of the pre-specified radii with adherence at interval7 
cDescriptive statistics are given as ranges summarised across each of the observed statistics for each variable at each of the pre-specified 
radii 
d Missing values were imputed with a value of 0 (minimum DET is 0 but will report missing if no recurrences off the line of identity). 
eMissing values were imputed with a value of 1.9 (minimum TT is 2 but will report missing if no lines (i.e., no recurrences) of length 2 or 
more). 
fMissing values were imputed with a value of 0.9 (minimum W is 1 but will report missing if there were no observed non-recurrences (i.e., 
no time between recurrence points and the recurrence plot is saturated)). 

            *Correlations significant at p<.01 
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6.4.5 Variables excluded from further exploration 

6.4.5.1 Determinism  

Determinism (DET) describes the proportion of recurrence points that lie on a diagonal line of 

minimum length 2. The proposed theoretical interpretation of DET in relation to context stability of 

medication taking was that higher DET could indicate shifts in the context a medication was taken 

which is later repeated (i.e., shift from 9 to 11am from Friday to Saturday, each week). Concerns 

were raised about what this variable was representing in this dataset as, whilst it was expected that 

a positive association could exist between DET and future behaviour, it was unexpected that the 

upper observed value of DET would be 100%. 

An example of how DET can be meaningfully applied and interpreted in RQA is displayed in the 

recurrence plot (RP) in Figure 12. DET=88.7% in this RP, reflecting that most recurrence points lie on 

diagonal lines. Here, DET usefully describes the repetitions in patterns of change in this time series.  

 

Figure 12  
Taken from Weber & Zbilut (2005) p.47. Recurrence plot of a system, DET=88.7% 

In RQA analysis, a truly random signal should have determinism score of zero (i.e. if someone was 

taking their medication randomly) but DET can deviate from zero when the radius parameter is high 

enough to capture arbitrary recurrences (Weber & Zbilut, 2005). This score is therefore sensitive to 

changes in the pre-specified radius parameter.  
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When RQA is used to describe the recurrences in a single system (as in Figure 12), the radius 

parameter is informed either by existing evidence or by a detailed exploration of the effects of 

changing the radius parameter. However, the purpose of the application of RQA in this context is to 

make comparisons between different time series, rather than to produce a detailed description of a 

single time series. Plots for 18 different radius parameter settings were created to enable an 

exploration of the optimal radius parameter for the prediction of predict future behaviour. All radius 

parameters were uniformly applied to all participant’s time series and this, as anticipated, leads to a 

diversity in the saturation of RPs between individuals. The utility of RQA in this context is in 

extracting the RQA variables that can explain the variability in RP saturations in a meaningful way. 

Exploration of a participant’s RP with DET=84.7% (Figure 13) demonstrates that DET is likely 

confounded with plot saturation. DET is high in this plot as many points are lying on diagonals with 

other points, but the patterning of this RP could be more intuitively described by the distribution of 

vertical black and white points, rather than by diagonals.  

 

 

Figure 13 
Participant’s RP calculated with radius= 60 minutes, DET=84.7% 

Despite DET=84.7% at radius=60 minutes, this individual does not appear to be having lots of shifts 

of greater than 60 minutes in the times at which their medications are taken which are then later 

repeated, according to the proposed theoretical interpretation of DET as applied to context stability. 

Rather, this person appears to have many consecutive days in which they take their medication 
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within 60 minutes of another day, with a few exceptions. The latter interpretation is reflected in the 

plot of raw inhalation times (Figure 14). 

 

Figure 14 
Times at which the 14 sampled datapoints used to calculate context stability were observed for one 
participant. This participant mostly takes their medication within an hour radius. This could most 
usefully be described in terms of many recurrences of the same context (e.g., by a LAM or RR 
variable), rather than by consistently changing routines each day, throughout the week then 
repeating this again the next week (i.e., by a DET variable). 

Figure 14 makes clear that the theoretical interpretation of DET as applied to this data does not 

reflect the raw data. Further inspection of the full dataset indicated that as the radius parameter 

was increased, DET appeared to converge toward recurrence rate (RR) and laminarity (LAM) scores, 

(e.g., r=.88 and 0.85, respectively when RAD=90mins). Therefore, it appears that the patterning of 

RPs described by DET can be more intuitively explained with RR and/or LAM, and that DET is not a 

useful variable for the purposes of describing context stability in this dataset. 

6.4.5.2 Entropy in the lengths of vertical lines  

Vertical line entropy (VENT) describes the complexity of vertical line structures in the RP of minimum 

length 2; i.e., if the length of vertical lines on the RP were all of equal length, VENT=0. The proposed 

theoretical interpretation of this variable in relation to context stability was that higher VENT could 

indicate more variability (i.e., less context stability) in the lengths of time the people with CF is able 

to sustain behaviour in the same context. Therefore, it was expected that VENT would be negatively 

associated with future behaviour. However, the observed correlation between VENT and adherence 

was positive (r=0.15 to 0.27, dependent on the pre-specified radius parameter). 
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More detailed analysis of the behaviour of this variable indicated that VENT may also be confounded 

with RP saturation. To exemplify this, two plots are presented in Figure 15; the left of this figure 

presents a people with CF with a highly saturated RP and high VENT (RR=84.7%, VENT=1.88) whilst 

the right presents a people with CF with a comparatively sparse RP and minimum VENT (RR=18.4%, 

VENT=0). The right RP has a mixture of recurrence points of vertical length one and two meaning the 

participant is only managing to maintain behaviours in the same context for short segments. VENT 

only calculates entropy in lines of a minimum length of two, therefore entropy was equal to 0 in this 

plot. Meanwhile, the right RP is almost the opposite as it contains mostly recurrence points broken 

up by a few non-recurrences of length 1 and 2. The positioning of these short breaks in the 

recurrence patterns meant that recurrence streaks are broken up into segments of many different 

lengths, resulting in high entropy. This feature of this entropy variable reduces its interpretability for 

describing context stability and therefore was excluded on this basis.  

         

Figure 15 
RPs for two participants from the ACtiF trial. Left RP: RR=84.7%, VENT=1.88; Right RP: RR=18.4%, 
VENT=0. 

6.5 Discussion 

6.5.1 Summary of findings 

Chapter 6 aimed to explore a range of methods to describe context stability using objective 

medication adherence data, and to examine the interpretability of these variables with respect to 

their relationship with behaviour. A range of simple statistics and a more complex method called 

Recurrence Quantification Analysis were applied to the times of day at which people with CF took 

their medications to produce a total of 15 variable categories, including 127 potential context 

stability variables, which were available for examination. A total of 13 variable categories (n=97 

individual variables) were classified as suitable to progress for further analysis in Chapter 7 which 

will aim to select a metric of context stability from this pool. 
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The principal contribution from the analyses presented in Chapter 6 was the novel application of 

Recurrence Quantification Analysis (RQA) to temporal, behavioural data, with the purpose of 

describing context stability. RQA is emerging as a useful technique the field of psychological and 

social research (e.g. see Heino et al., 2021; Jenkins et al., 2019). Applied to the problem of context 

stability measurement, RQA demonstrated several properties that improve on the limitations of 

previous attempts to measure context stability with objective temporal data. First, this method 

enables the capture of habits triggered by routines that happen at similar times on not only on a 

day-to-day basis, but also those that occur week-to-week. For example, if a person takes their 

medication after brushing their teeth, but they reliably brush their teeth an hour later on a Sunday 

than the rest of the week, this could still be captured as a recurrent point. Second, the same number 

of data points for each participant were used to construct each measure, therefore successfully 

delineating the variance captured from that described by frequency. This enables non-conflated 

examination of the relationship between context stability and behaviour which previous 

implementations of BFCS and context stability measures have failed to achieve. Variables derived 

using the methods presented in this chapter demonstrated comparable correlational effect sizes to 

those observed from self-reported measures of context stability (e.g. Maher et al., 2021; Norman & 

Cooper, 2011; Pimm et al., 2015). 

6.5.2 Limitations 

The variables derived in this Chapter are intended as proxy measures of context stability; it is not the 

intention of this thesis to present times of day as explanatory cues to behaviour. These measures are 

a pragmatic solution to the fact it is very difficult to discern cues to action. The proposed solution to 

the development of a metric is an attempt to best capture a proximal measure of context stability, 

which is readily available to researchers with electronic devices that collect information on the 

initiation of behaviour.  

There was no concrete information in the present dataset to determine whether, for a person 

prescribed more than one medication per day, an observation many hours later than other ‘first’ 

observations was truly the participant completing a ‘late first session’, or if the participant perceived 

themselves to have skipped the first session and instead was completing their ‘second’ session of the 

day. Conceptually, each session could be thought of as a separate behaviour, and each could have 

different cues and degrees of habitual automaticity. This is a limitation of any approach that 

passively captures a behaviour that occurs multiple times a day and does not require additional 

input from research participants to label their behaviour. Attempts were made to reduce noise in 

the data caused by objective measurement vs subjective experience of behaviour, by adjusting the 

‘daily’ clock from 12-12am, to 5-5am. This was to align the measurement of days with the 
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participants’ likely experience and was also in line with previous adherence and context stability 

research in the CF population (see Hoo, Wildman, et al., 2019). 

6.6 Conclusion and implications for the following thesis chapters 

Chapter 6 identified 97 potential context stability variables which appear to be associated with 

concurrent behaviour (adherence to medication), including some which have important conceptual 

improvements on measures previously used in the literature. These variables will be taken forward 

to Chapter 7 in which feature selection methods will be applied to select which variable(s) to use.  
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Chapter 7 Selection of a context stability metric and 

evaluation of its utility  

 

7.1 Chapter Overview 

Chapter 6 presented novel methods to measure context stability and initiated the exploration of the 

relationship between variables derived from the time of day at which people with CF took their 

medications and their adherence behaviour. The process resulted in 97 potential variables that could 

objectively describe context stability in medication adherence data. Therefore, the first objective of 

Chapter 7 was to fulfil the remainder of Thesis Aim 2 (i.e., to present a systematic approach to 

identifying and selecting a metric of context stability, derived from objective data on the times of 

day at which people initiate medication adherence behaviour) with the following objective: 

1)  To identify which of these variables explain the most variance in concurrent medication 

adherence behaviour and use this information to define an objective metric of context 

stability (Thesis Aim 2, Objective 2.3). 

Following this, Chapter 7 began the exploration of Thesis Aim 2, Objective 3, which was to evidence 

the utility of the defined objective metric of context stability in explaining variance in maintained 

and future behaviour, and in related constructs in evidence of predictive, convergent and divergent 

validity. The specific objectives addressed were:  

1) To examine the amount of variance explained in concurrent behaviour by the objective metric 

of context stability (Thesis Aim 2, Objective 3.1); 

2) To examine the amount of variance explained in participants’ self-reported habitual 

automaticity for taking their medication by the objective metric of context stability (Thesis Aim 

2, Objective 3.2); 

3) To examine the amount of variance explained in perceived effort participants required to take 

their medication by the objective metric of context stability (Thesis Aim 2, Objective 3.3);  

4) To examine whether distinct variance in concurrent behaviour is explained by reflective 

motivational constructs and the objective metric of context stability (Thesis Aim 2, Objective 

3.4). 

These aims and objectives are addressed in two parts within the following chapter.  
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7.2 Part 1: Selection of a context stability metric 

7.2.1 Background 

The selection of a subset of most useful variables or ‘features’ from a large number of variables is a 

common task in the field of statistics and machine learning, and is increasingly utilised during the 

application of machine learning techniques to medical and healthcare problems (Remeseiro & 

Bolon-Canedo, 2019). The purpose is to condense an array of available features by removing 

redundant or irrelevant information, thereby optimising the data given to a prediction model (Guyon 

et al., 2006). Gunyon et al., (2006) identify four situations in which reducing the number of features 

is useful: i) particularly relevant to the field of machine learning, some datasets are so large they 

need to be condensed in order reduce storage requirements and increase computation speed; ii) 

reduction of the feature set can increase predictive accuracy of models in some instances; iii) 

reducing the number of features given to an algorithm can increase understanding of the processes 

that led to specific predictions; and finally, iv) if the algorithm is to be applied in real-world 

problems, reducing the number of features means less data needs to be collected again in the 

future.  

A large variety of feature selection methods have been developed over several decades, and range 

from relatively simple to complex and computationally expensive (Guyon et al., 2006; Remeseiro & 

Bolon-Canedo, 2019). The performance of each technique varies according to the data complexities 

and the specific task; no method ubiquitously performs ‘best’ across feature selection problems 

(Bolón-Canedo et al., 2012).  

Applied to the present task, the purpose of reducing the number of potential context stability 

variables from those articulated in Chapter 6 both to improve interpretability and to reduce the 

burden of variable derivation from time-stamped behavioural data. In this task, simple methods such 

as individual relevance ranking are likely to be inappropriate. This is a univariate approach in which 

individual features are ranked according to their univariate relationship with the outcome variable. 

For example, metrics such as Pearson’s correlation could be evaluated for each feature and the 

outcome variable, and the features ranked from highest to lowest by magnitude of the observed r. 

The present task has a high risk of multicollinearity due to the fact all variables were derived from 

the same raw data, meaning that whilst many features may have individual utility, they may become 

redundant when in competition with other variables. This may not be an issue if in search of a single 

variable, however habit researchers have commonly devised multifaceted measures of context 

stability which incorporate multiple ‘domains’ into a single score (e.g. McCloskey & Johnson, 2019; 

Pimm et al., 2015); this may be relevant to the variables available for the present analysis if features 
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show low(er) relevance individually but can explain additional, incremental variance when used in 

combination with other variables. Therefore, an approach which enables all variables to ‘compete’ 

alongside one another, accounting for feature dependencies (Guyon et al., 2006) would be more 

appropriate than the univariate approach.  

Broadly, the process of feature selection involves the generation of a bank of features, definition of 

an evaluation criterion and estimation of this criterion for each of the features, or feature subsets. 

The criterion applied in this instance will be the variable(s) which explain the most variance in 

behaviour.  

The following analyses presented in Chapter 7, Part 1 implement a multivariate feature selection 

technique known as the Least Absolute Shrinkage and Selection Operator algorithm (LASSO; 

Tibshirani, 1997) in order to identify which of the 97 variables from Chapter 7 explained the most 

variance in concurrent medication adherence behaviour. The specific objective was: 

1) To identify which variables explain the most variance in concurrent medication adherence 

behaviour and use this information to define an objective metric of context stability (Thesis 

Aim 2, Objective 2.3). 

 

7.2.2 Methods 

7.2.2.1 Context stability 

The 97 context stability variables carried forward from Chapter 6 were retained for analysis in the 

present chapter. These were RANGE, IQR, SD, ENT, DIFF_ENT, DIFF_AVG, DIFF_SD, RR, LAM, TT, 

VMAX, W and WENT. Each RQA derived variable (RR, LAM, TT, VMAX, W, WENT) calculated at each 

radius setting (5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 70, 80 and 90 minutes) was included as a 

separate variable. For example, RR_rad_5, RR_rad_10 were two separate variables describing RR 

calculated at 5 and 10-minute radii, respectively. Variables for which high scores indicated lower 

context stability (RANGE, IQR, SD, ENT, DIFF_ENT, DIFF_AVG, DIFF_SD, W, WENT) were reverse 

coded by taking scores away from the maximum score, so that high scores indicated high context 

stability for all context stability variables. This resulted in a total of 97 variables available for analysis. 

Following the findings from Chapter 6, all context stability variables were calculated using 14 time- 

and date-stamped adherence observations from each participant.  

7.2.2.2 Concurrent behaviour  

As in Chapter 6, concurrent behaviour was calculated as the percent adherence to the first 

medication of the day over the period from which the 14 inhalations used to calculate context 
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stability were collected. For example, a participant with 14 inhalations collected over 20 days would 

have concurrent behaviour equal to 70% (i.e., 14/20*100). 

7.2.2.3 Analysis 

LASSO regression 

A Least Absolute Shrinkage and Selection Operator (LASSO) algorithm with repeated 10-fold cross-

validation was implemented to identify the variable(s) of context stability with greatest predictive 

utility for concurrent behaviour. Multicollinearity was expected between the various context 

stability measures. LASSO regression handles this by shrinking coefficients of variables to zero if they 

are highly correlated with another variable which has more explanatory power. This characteristic 

identifies LASSO as a feature selection method as this process essentially removes the effects of less 

predictive variables from the model. In practice, calculation and interpretation of many similar 

variables is both impractical and not parsimonious and application of the LASSO regression method 

in this analysis enabled the identification of the context stability variables with greatest utility in the 

prediction of concurrent behaviour.  

All variables were standardised prior to analysis to ensure the penalisation term was applied equally 

to all variables, thus enabling comparability between variables in the interpretation of their relative 

importance.  

One-hundred repetitions of a 10-fold cross validation procedure were completed (depicted in Figure 

16). During this process, the dataset is first shuffled, then randomly split into 10 folds (i.e., subsets of 

the data) with equal number of observations in each fold. For each of the 10 folds, the LASSO 

algorithm returns a coefficient estimate for each variable by fitting the model to the data in nine of 

the 10 folds and then calculates the predictive utility of the fitted model on the 10th fold. Each fold is 

held out once per repetition such that all participants act, at one point, as a hold-out test set. This 

process was set to repeat 100 times, resulting in a total of (10 x 100) or 1000 models fit to the data, 

and 1000 coefficient estimates. Use of the cross-validation procedure enabled the estimation of the 

out-of-sample generalisation score for the predictive utility of the LASSO model but more 

importantly for the present analysis, a description of the magnitude and precision of coefficient 

estimates across the 1000 models fit.  

Out-of-sample generalisability scores were calculated as the coefficient of determination (R2), 

representing the proportion of variance in the outcome variable, in this case concurrent behaviour, 

that is explained by the independent variables in the model.  
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The specific objective of Part 1 was to understand which of the variables retained from Chapter 6 

explained the most variance in concurrent adherence behaviour. This was determined in terms of 

‘variable importance’. Variable importance was interpreted from coefficient size and precision; for 

each context stability variable, these were respectively calculated by taking the average and 95% 

confidence intervals (95%CI) of the 1000 coefficient estimates for each variable.  

LASSO models can be inconsistent in feature selection tasks when variables are highly correlated, 

therefore the robustness of the variable importance analysis was tested by first conducting the 

analysis with the 14 inhalations closest to interval 7 (hereafter referred to the interval 7 analysis).  

The procedure was then repeated with data closest to intervals 10 and 12 in which context stability 

variables and concurrent behaviour were calculated using the nearest 14 inhalations to interval 10 

and 12 (hereafter referred to the interval 10 and 12 analysis), respectively.  

LASSO regressions were implemented in Python (v3.8.3) using Scikit-Learn’s LASSO regression 

software (v1.0.2).  

 

 

Figure 16  
Flow diagram of LASSO algorithm with 100 repetitions of a 10-fold cross validation procedure. 
*Variables calculated at each of 5-, 10-, 15-, 20-, 25-, 30-, 35-, 40-, 45-, 50-, 55-, 60-, 70-, 80- and 90-
minute radii in RQA analysis.  

 

 



113 
 

7.1.3 Results 

7.1.3.1 Overview of the dataset 

As in Chapter 6, the analysis at interval 7 was conducted using data from 526 participants; inclusion 

in analysis required a minimum of 14 observations between the start of the trial and the end of 

interval 6 (see Appendix F, Table F1 for comparison with original trial sample).  
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Figure 17 shows that most participants had enough data from interval 5 or 6 to calculate context 

stability and concurrent behaviour for the interval 7 analysis (n=419; 79.7%). However, data were 

sampled from as early as the first interval of the trial for 36 (6.8%) participants. Very few participants 

(n=5) had data sampled exclusively from interval 1 (n=5) or interval 2 (n=5).   

The pattern of data sampling was similar at intervals 10 and 12 to interval 7 (Figure 17; see Appendix 

F, Table F2 and F3 for comparison with original trial sample). A total of 542 and 546 participants had 

sufficient data for inclusion in analysis at intervals 10 and 12, respectively. Most participants had 

enough data in the two intervals closest to interval 10 (n=408; 75.3%) and 12 (n=389; 71.2%) to 

sample 14 observations for analysis9. 

 
9 The data sampled in each analysis was not mutually exclusive; for some participants, some of the data points 
used in the interval 7 analysis would have also been sampled in the interval 10 and/or interval 12 analysis if 
they were very low adherers.  



114 
 

 
In

te
rv

al
 7

 

 

 
 

 

 

In
te

rv
al

 1
0

 

 
 

 

 
 

 

In
te

rv
al

 1
2

 

 

 

 

 
 

Figure 17 
Earliest and latest intervals data were sampled from participants included in the interval 7 LASSO 
analysis (n=526), interval 10 (n=543) and interval 12 (n=546). 

Bivariate correlations with concurrent behaviour were largely similar across datasets closest to 

intervals 7, 10 and 12 for each of the context stability variables (Table 17). Small-to-medium 

correlations with concurrent behaviour were observed across all context stability metrics at intervals 

7, 10 and 12.  
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Table 17 
Bivariate correlations between each of the context stability variables calculated with data closest to 
intervals 7, 10 and 12, with concurrent behaviour from these periods. 

Variable  Observed correlation 
with concurrent 
behaviour at interval 
7 

Observed 
correlation with 
concurrent 
behaviour at 
interval 10 

Observed 
correlation with 
concurrent 
behaviour at 
interval 12 

RANGE -0.30** -0.30** -0.30** 

IQR -0.27** -0.25** -0.22** 

SD -0.29** -0.29** -0.28** 

ENT -0.29** -0.29** -0.32** 

DIFF_ENT -0.23** -0.21** -0.27** 

DIFF_AVG -0.32** -0.27** -0.26** 

SD_DIFF -0.26** -0.23** -0.22** 

Variablea  Observed correlation 
with concurrent 
behaviour at interval 
7b 

Observed 
correlation with 
concurrent 
behaviour at 
interval 10b 

Observed 
correlation with 
concurrent 
behaviour at 
interval 12b 

RR 0.24 to 0.33** 0.24 to 0.29** 0.26 to 0.33** 

LAM 0.21 to 0.34** 0.20 to 0.25** 0.24 to 0.30** 

TT 0.14 to 0.24** 0.11 to 0.16* 0.15 to 0.22** 

VMAX 0.19 to 0.28** 0.16 to 0.24** 0.19 to 0.27** 

W -0.14 to -0.33** -0.22 to -0.32** -0.21 to -0.29** 

WENT -0.28 to -0.32** -0.26 to -0.33** -0.26 to -0.30** 

**Correlations significant at p<.001 
*All correlations were significant at p<.001, except TT_rad_20 and TT_rad_30 
aAll variables calculated with intervals set to 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 
55, 60, 70 80 & 90 minutes 
bCorrelations summarised for r’s observed across all 15 radius settings  

 

7.3.1.2 Overall predictive utility 

When all context stability variables were entered into the LASSO regression for the interval 7 

analysis, the mean amount of variance explained (R2) in the 1000 training sets was 16.2% (SD=0.9%). 

The generalisability score (R2 for the 1000 hold-out test sets) indicated that 10.6% (SD=8%) of the 

variance in concurrent behaviour could be explained by the context stability measures, collectively. 

Mean predictive utility in the training datasets was similar at interval 10 (16.3%, SD=0.9%) and 

interval 12 (16.6%; 0.9%). This was the same for the hold-out sample when all context stability 
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measures were entered into a LASSO regression; findings were similar to interval 7 (R2=10.6%, 

SD=8%) at interval 10 (R2=9.3%, SD=9%) and interval 12 (R2= 11.3%; 8.2%).  

7.3.1.3 Exploration of CS variable importance 

Figure 18 shows the mean and standard deviation of the coefficient estimates for each of the 10 

context stability variables with largest mean coefficient estimates, across the 1000 models for the 

interval 7, 10 and 12 analyses. All context stability variables were standardised, therefore Figure 18 

demonstrates the most important context stability measures for predicting concurrent behaviour in 

the LASSO regression for each interval analysis. For interval 7, the largest average coefficient 

estimate was for W_rad_5, DIFF_AVG and LAM_rad_90. The largest average coefficient estimates at 

interval 10 were W_rad_70, LAM_rad_15, RANGE and ENT; at interval 12, the highest-ranking 

variables were ENT, LAM_rad_90, RANGE, W_rad_90 and LAM_rad_5.  
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Figure 18 
Mean and standard deviation of coefficient estimates for the 10 context stability variables with 
greatest mean coefficient estimates across 1000 folds at interval 7 (top left), 10 (top right) and 12 
(bottom left). 

Table 18 presents mean coefficient estimates, 95% confidence intervals and the proportion of the 

1000 models in which the coefficient was shrunk to 0 (P0; i.e. the proportion of occasions on which a 

variable’s effects were essentially removed from the model) for all three analysis intervals.  
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Table 18 
Summary of variable coefficients across 1000 LASSO algorithm estimates from 100 repetitions of the 
repeated 10-fold procedure at intervals 7, 10 and 12. 

Variable importance analysis with data closest to interval 7 

Importance 
rank 

Variable name Mean 
coefficient 
estimate 

95% CI of coefficient 
estimate 

Proportion of models in 
which coefficient estimate 
was equal to 0 (P0) 

1 W_rad_5 5.04 [3.96, 6.12] 0 
2 DIFF_AVG 2.37 [0.20, 4.54] 0.04 
3 LAM_rad_90 1.99 [-0.64, 4.61] 0.13 
4 LAM_rad_70 0.82 [-1.45, 3.08] 0.50 
5 TT_rad_5 0.66 [-0.01, 1.33] 0.03 
6 W_rad_50 0.60 [-0.46, 1.65] 0.26 
7 WENT_rad_80 0.59 [-0.61, 1.79] 0.32 
8 WENT_rad_70 0.52 [-0.70, 1.73] 0.41 
9 STD_DIFF 0.50 [-0.81, 1.80] 0.47 
10 RANGE 0.33 [-0.70, 1.36] 0.56 

Variable importance analysis with data closest to interval 10 

Rank Variable name Mean 
coefficient 
estimate* 

95% CI of coefficient 
estimate 

Proportion of folds in 
which coefficient 
estimate was equal to 
0** 

1 W_rad_70 2.90 [0.58, 5.23] 0.00 
2 LAM_rad_15 2.75 [1.15, 4.35] 0 
3 RANGE 2.43 [1.12, 3.74] 0.01 
4 ENT 1.90 [0.23, 3.56] 0.02 
5 WENT_rad_35 1.17 [-0.52, 2.86] 0.15 
6 IQR 1.01 [-0.09, 2.12] 0.05 
7 W_rad_35 0.96 [-0.73, 2.65] 0.23 
8 W_rad_5 0.96 [-0.41, 2.32] 0.13 
9 W_rad_80 0.49 [-0.93, 1.90] 0.48 
10 W_rad_90 0.46 [-0.92, 1.84] 0.47 

Variable importance analysis with data closest to interval 12 

Rank Variable name Mean 
coefficient 
estimate* 

95% CI of coefficient 
estimate 

Proportion of 
folds in which 
coefficient 
estimate was 
equal to 0** 

1 ENT 3.67 [2.20, 5.14] 0 
2 LAM_rad_90 3.05 [1.75, 4.36] 0 
3 RANGE 2.80 [1.58, 4.01] 0 
4 W_rad_90 2.62 [1.40,3.84] 0 
5 LAM_rad_5 2.00 [0.79, 3.21] 0.00 
6 W_rad_35 1.05 [-0.17, 2.26] 0.13 
7 W_rad_50 0.77 [-0.43, 1.97] 0.19 
8 RR_rad_90 0.56 [-0.70, 1.83] 0.35 
9 TT_rad_5 0.35 [-0.35, 1.05] 0.24 
10 W_rad_15 0.07 [-0.34, 0.48] 0.83 

 

Table 18 indicates that, of the 97 variables entered into the LASSO regression, there is likely no 

single variable that reliably, best predicts concurrent behaviour. However, inspection of the 

categories and combinations of variables that were chosen most frequently across the three 

timepoints and with largest effects revealed that a subset were repeatedly found to be more useful 

than others. These were W at very low and high radius settings, LAM at low and high radius settings, 

RANGE and ENT. Interpretations of these variables are presented in Table 19. 
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Table 19 
Interpretations of the most frequently selected variables in the LASSO analysis. 

Variable Interpretation* 

W The average number of observations in which 
medications were taken out of context, 
consecutive with at least one other observation 

LAM The percentage of observations that were taken in 
context, consecutive with at least one other 
observation 

RANGE The range (in minutes) between the earliest and 
latest medication taken 

ENT The entropy** in the times of day that 
medications were taken 

*Use of the term ‘context’ here refers to the number of minutes 
at which the radius is set; e.g. for W_rad_90, the variable would 
indicate the average number of observations in which 
medications were taken greater than 90 minutes earlier or later 
than any other observations, consecutive with at least one other 
observation 
**Entropy was calculated as the entropy of observations across 
20-minute bins.  

 

7.3.1.4 Post-hoc exploration of the relationships between objective context stability 
variables 
When W with high radius was selected, a low radius LAM variable was also selected at intervals 10 

and 12. At interval 7, low radius W and high radius LAM were selected. This indicated that 

information provided by these two variables in combination may work synergistically to explain 

variance in behaviour. Furthermore, a third, non-RQA derived variable may also be useful, alongside 

these two variables, as indicated by the frequency of the selection of RANGE and ENT at intervals 10 

and 12, and DIFF_AVG at interval 7, alongside W and LAM variables.  

Bivariate correlations were explored to further understand the relationships between variables 

ranked highest among each of the interval analyses (Table 20). Whilst most highest-ranking variables 

demonstrated small-to-moderate and significant correlations with one another, near-zero and non-

significant relationships were observed between W at high radii, and LAM at low radii, whilst 

independently demonstrating small to moderate correlations with concurrent behaviour. This 

suggests than in combination, high radius W and low radius LAM may explain different aspects of 

the variance in concurrent behaviour. In addition, RANGE demonstrated a consistent association of 

r=0.30 with concurrent behaviour at intervals 10 and 12. 
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Table 20 
Correlations between most frequently selected variables from LASSO at intervals 7, 10 and 12. 

Interval 7 Correlation Matrix (n=526) 

 W_rad_5 AVG_DIFF LAM_rad_90 Concurrent behaviour 

W_rad_5 1 .42* .50* .33* 

AVG_DIFF  1 .79* .32* 

LAM_rad_90   1 .34* 

Concurrent behaviour    1 

Interval 10 Correlation matrix (n=542) 

 W_rad_70 LAM_rad_15 RANGE ENT Concurrent behaviour 

W_rad_70 1 .06 .46* .24* .28* 

LAM_rad_15  1 .37* .67* .24* 

RANGE   1 .46* .30* 

ENT    1 .29* 

Concurrent behaviour     1 

Interval 12 correlation matrix (n=546) 

 ENT LAM_rad_90 RANGE W_rad_90 LAM_rad_5 Concurrent 
behaviour 

ENT 1 .51* .43* .17* .68* .32* 

LAM_rad_90  1 .52* .11* .41* .30* 

RANGE   1 .39* .23* .30* 

W_rad_90    1 .05 .22* 

LAM_rad_5     1 .25* 

Concurrent behaviour      1 

*Correlation significant at p<.001 

 

Based on the LASSO analysis findings and post-hoc explorations of relationships between the 

highest-ranking categories of variables, three were selected to be further tested for composite utility 

in predicting medication adherence behaviour in Part 2; these were W calculated at a 90-minute 

radius, LAM at a 15-minute radius, and RANGE. This combination was chosen in response to the 

observation that a high radius W variable, a low radius LAM variable and a simple summary statistic 

could be more usefully combined to predict concurrent behaviour than in isolation. RQA-derived 

variables were highly correlated with neighbouring radius settings (e.g., r=0.91 between W_rad_90 

and W_rad_80 at interval 7). This may explain slight differences in radius settings of variables 

selected in each LASSO analysis, and why the approach of identifying variable categories of interest 

and patterns of radius settings was suitable. The selection of 90-minutes for W was because a high 

radius setting was required and conceptually, this was the upper limit of what was considered 

feasibly ‘recurrent’ due to the scheduling of medications, as described in Chapter 6- RQA hyper-

parameter selection; W describes the non-recurrent points on the RP and therefore an observation 

more than 90 minutes from any other observation was chosen to conservatively capture a non-
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recurrence. Similarly, the 15-minute radius for LAM was selected to satisfy the need for a low-radius 

LAM variable; LAM_rad_15 was highly correlated with lower radius settings, was the second most 

important variable in the interval 10 analysis behind a high radius W variable. Furthermore, because 

LAM captures the recurrent points on the RP, 15 minutes conceptually satisfied a reasonable 

amount of time within which a strictly adhered-to daily routine might be initiated. Finally, RANGE 

was selected as this variable had a consistent relationship with adherence over all three timepoints 

(r=.30) and conceptually, is most different from the LAM variable (compared to ENT). Used together, 

these variables would explain context stability in terms of: the most extreme difference in times that 

medication sessions was initiated over the period of observation (RANGE); the proportion of 

consecutive observations that were initiated within 15 minutes of one another (LAM_rad_15); the 

average number of consecutive observations which were initiated greater than 90 minutes apart 

(W_rad_90).  

7.3.1.5 Selected context stability variables: demonstration in participant case studies 
Together, these variables indicate high context stability in terms of non-extreme differences in time, 

frequent and/or lengthier stretches of behaviour repeated within 15 minutes of another observation 

and shorter stretches of behaviour more than 90 minutes different from another observation. To 

demonstrate how the three variables combine, Table 21 presents four case studies of participants 

with increasing context stability (as described by these three variables in combination), alongside 

their respective scores on each of the domains. 
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Table 21 
Visualisation of recurrence plots and range scores which contribute to overall CS score 

CS (%)* Plot of 14 observations used to calculate context stability RANGE 
(mins)  

RP radius 15 (from which LAM_rad_15 is 
calculated) 

RP radius 90 (from which W_rad_90 is 
calculated) 

11.5% 
 

 
 

1409.90 

  

50.15%  

 

439.15 

  

60.15% 
 
 
 
 
 
 
 
 
 
 
 
 

 

165.28 
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Table 21 
Continued 

CS (%)* Plot of 14 observations RANGE  RP radius 15 RP radius 90 

86.07% 
 

 

26.53 

  

*CS score relates to the score calculated following the formula presented in Part 2, section 7.2.2.1 ‘Composite context stability’. 
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7.1.4 Part 1 Discussion 

7.1.4.1 Overview of findings  

A LASSO regression was implemented to identify which of 97 potential context stability variables 

explained the most variance in concurrent medication adherence behaviour. Objective medication 

adherence data was used to calculate variables using a combination of simple summary statistics 

and RQA methods, which were introduced in Chapter 6. The findings indicated that there was no 

single potential context stability variable that reliably predicted concurrent behaviour better than 

any other single variable. However, the information gleaned from the LASSO analysis enabled the 

identification a subset of variables which could work synergistically to explain more variance in 

medication adherence behaviour, than independently. Based on the findings of an analysis 

conducted across three timepoints, three variables were selected to describe context stability: 

RANGE, W_rad_90 and LAM_rad_15. RANGE described the range (in minutes) between the earliest 

and latest medication taken. Derived from RQA analysis, W_rad_90 and LAM _rad_15 described the 

recurrence patterns over 14 observations of an individual’s medication taking behaviour: W_rad_90 

described the average number of observations in which medications were taken greater than 90 

minutes later than any other observation, consecutive with at least one other observation; 

LAM_rad_15 described the percentage of observations that were taken within 15 minutes of 

another observation, consecutive with at least one other observation. In other words, a score which 

combined these variables into one score would reflect context stability in terms of non-extreme 

differences in time, frequent and/or lengthier stretches of behaviour within 15 minutes of another 

observation and shorter stretches of behaviour more than 90 minutes different from another 

observation. A case study was presented to demonstrate how these variables relate to the data from 

which they were derived. 

Use of multiple self-reported items assessing different types of context stability is common in the 

literature (e.g. Judah et al., 2018; Maher et al., 2021; Pimm et al., 2015; Tappe & Glanz, 2013; Wohn 

& Ahmadi, 2019); this analysis supported that context stability may be best described using multiple 

dimensions, even when using objective measures. Many self-reported measures have used multiple 

response items to measure context stability to represent multiple aspects of the environment which 

may serve as cues to behaviour (e.g., time of day, location, other people). The findings of Part 1 

suggest it may be useful to translate this practice into the measurement of context stability with 

objective data, by selecting multiple variables which describe different characteristics of temporal 

data. 

Of note for future studies wishing to implement context stability measures from objective data, this 

analysis found that the standard deviation (SD) was consistently outperformed by other variables 
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which as indicated by their selection both more frequently and with larger effects. This suggests that 

SD was not the most powerful variable to derive from time-stamped behavioural data to describe 

context stability in concurrent medication adherence behaviour. 

7.4.1.2 Limitations 

The lack of consistency in findings across the three time-points meant that the selection of variables 

was guided first by the data (i.e., the outcome of the LASSO analyses) and then by exploring 

hypothesis (i.e. post-hoc exploration of commonalities in the findings and relationships between 

variables) and applying theory (i.e. selection of radius settings in terms of theoretical understanding 

of what the variables represented and what that would mean for behaviour in the real world). The 

inconsistency in findings across the different analyses could be driven by multiple factors. First, 

interval 10 and 12 analyses were more consistent with one another than the interval 7. This may be 

due to more data being available at these time points or because of more proximity in real-time. 

Second, it was possible to observe similarities in the categories of variables which were selected but 

there were inconsistencies in the radius settings that were selected for RQA-derived variables; this 

could be due to correlation between neighbouring radius settings meaning it was necessary to apply 

theoretical understanding of what the variables were describing to the LASSO findings to decide on 

which radius settings to select. Feature selection methods are limited by their instability 

(Chandrashekar & Sahin, 2014) but steps were taken to overcome this by applying repeated k-fold 

cross-validation; the results were taken from 1000 subsets of the data therefore the results, as 

presented, are likely a fair representation of the trends in the available dataset and not a result of 

sampling issues. The dataset available for this analysis was large (>526 participants) and methods to 

assess robustness of the findings were taken, but replication of these findings in external datasets is 

necessary to be confident that the findings are generalisable to other samples, population groups 

and behaviours. 

7.1.4.3 Implications for Part 2  

Three variables were selected to describe context stability in a composite measure. Their selection 

was guided by data-driven methods and theory. Further examination of their ability to uphold 

construct validity is required.  
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7.2 Part 2: Examination of the predictive, discriminant and convergent 

validity of the selected objective context stability variables  

7.2.1 Background 

Simple statistics such as the variance, standard deviation or entropy of the times of day at which 

people perform behaviours have been used to describe context stability in objective data (Hoo, 

Wildman, et al., 2019; Maher et al., 2021; Phillips et al., 2022). As discussed in Chapters 4 and 6, 

there are some limitations with the approaches implemented in previous research. Furthermore, the 

additive effects of different objective summary scores, or the utility of RQA-derived context stability 

variables had not previously been explored. Chapter 6 and Part 1 of Chapter 7 aimed to improve on 

the existing research through a series of analyses which systematically identified candidate variables 

for describing context stability from objective data describing the time of day at which medications 

were self-administered. Three variables (RANGE, W_rad_90, LAM_rad_15) were selected.  

 Demonstration of construct validity is a multifaceted task in the development of new measures, and 

is particularly important when constructs (such as habit) cannot be measured directly (Rebar et al., 

2019). Chapter 6 presented a detailed examination of independent variable derivation and 

interpretation, but the predictive, convergent and discriminant validity of these variables used in 

combination has yet to be examined. Therefore, Part 2 of Chapter 7 began to address Thesis Aim 2, 

Objective 3, to evidence the utility of the defined objective metric of context stability in explaining 

variance in maintained and future behaviour, and in related constructs in evidence of predictive, 

convergent and divergent validity. The specific objectives addressed in Part 2 were: 

1) To examine the amount of variance explained in concurrent behaviour by the objective 

metric of context stability (Thesis Aim 2, Objective 3.1); 

2) To examine the amount of variance explained in participants’ self-reported habitual 

automaticity for taking their medication by the objective metric of context stability (Thesis 

Aim 2, Objective 3.2); 

3) To examine the amount of variance explained in perceived effort participants required to 

take their medication by the objective metric of context stability (Thesis Aim 2, Objective 

3.3);  

4) To examine whether distinct variance in concurrent behaviour is explained by reflective 

motivational constructs and the objective metric of context stability (Thesis Aim 2, Objective 

3.4).  
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In the exploration of the first objective, the following hypotheses were devised:  

H1) The addition of RQA-derived variables (LAM_rad_15; W_rad_90) alongside a simple 

measure of context stability (RANGE), will be statistically and meaningfully increase the 

amount of variance explained in concurrent behaviour; 

And, if H1 was supported: 

H2) Combining the three measures into one, composite score can explain comparable 

variance explained in concurrent behaviour, to using three, independent variables.   

To address the first objective, concurrent behaviour was selected as the outcome variable for H1 and 

H2; much of the existing literature which uses standalone measures of context stability has examined 

its relationship with behaviour in cross-sectional designs (e.g. Dean et al., 2021; Furman et al., 2021; 

Maher et al., 2021; Phillips et al., 2021; Pimm et al., 2015). To compare the effects of the objective 

metric with existing literature, concurrent behaviour was selected as the outcome for H1 and H2
10.  

 

Other aspects of Thesis Aim 2, Objective 3 require an exploration of the convergent and discriminant 

validity of the objective metric of context stability.  

 

Convergent validity can be supported by demonstrating statistical relationships between 

theoretically related constructs. In the case of context stability as a marker of habit, theory states 

that the mechanism by which habit increases the likelihood of a behaviour being performed is by 

increasing habitual automaticity (Gardner et al., 2020; Mazar & Wood, 2019) and the importance of 

habitual automaticity has been empirically demonstrated in relation to medication adherence 

behaviour (Arden et al., 2019; Hoo, Gardner, et al., 2019; Phillips et al., 2016). As each are 

fundamental features of established habitual behaviour, it follows that people with more 

contextually stable behaviour should also report greater habitual automaticity in ongoing behaviour. 

Second, a qualitative analysis of barriers and facilitators to medication adherence found that pwCF 

reported less effort was required to complete treatments when behaviours felt habitual or 

automatic (Arden et al., 2019). It follows that, in ongoing behaviour, people demonstrating more 

context stability should also report lower perceived effort.  

 

Discriminant validity can be supported by demonstrating no statistical relationship between 

constructs that are not theoretically related to one another. Dual process models of behaviour (e.g. 

 
10 Furthermore, subject to replication of these effects, tests for the predictive validity of these measures was 
planned in prospective designs in Chapter 8. 
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Strack & Deutsch, 2004) posit that two systems are involved in the generation of behaviour: 

reflective processes (e.g. intending to do a behaviour on the basis of beliefs and attitudes), and 

automatic processes (e.g. habitually performing behaviour in response to a contextual cue). These 

are distinct systems. Therefore, discriminant validity could be demonstrated by showing little or no 

relationship between context stability and reflective motivational constructs, or if the relationship 

between context stability and behaviour is not changed when variance explained by reflective 

factors is also considered; i.e. the strength of the relationship between context stability and 

behaviour is not confounded by reflective motivation.  

On the basis of this theory, and to address Thesis Aim 2, Objectives 3.2 to 3.4, the following three 

hypotheses were tested to understand the convergent and discriminant validity of the composite 

context stability measure: 

H3) Context stability would explain variance in participants’ self-reported habitual 

automaticity for taking their medication; 

H4) Context stability would explain variance in perceived effort participants required to take 

their medication;  

H5) Context stability would show discriminant validity by explaining distinct variance in 

concurrent behaviour and being unrelated to reflective motivational constructs. 

7.2.2. Methods 

7.2.2.1 Variables 

RANGE, W_rad_90, LAM_rad_15 

Variables selected to represent context stability (RANGE, W_rad_90, LAM_rad_15) were calculated 

as described in Chapter 6. As in Part 1, variables for which high scores indicated lower context 

stability (RANGE, W_rad_90) were reverse coded by taking scores away from the maximum 

observed score, so that high scores indicated high context stability for all context stability variables. 

Concurrent behaviour 

Concurrent behaviour was the outcome variable for testing H1 and H2 and was calculated in the 

same way as in Part 1; this was percentage of days on which the participant took at least one 

medication per day, over the period from which the 14 observations used to calculate context 

stability were collected. 

Composite context stability 

In line with the critique in Chapter 4, the composite context stability score was constructed with a 
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percent scale (i.e., 0-100%), and in the absence of rationale for the importance of one component 

over another, components contributed equally to the overall score.  

LAM_rad_90 was already represented as a percentage. RANGE and W_rad_90 were converted to 

percentage scores by dividing the reverse coded score by the maximum score on their respective 

scales and multiplying by 100. Percent scores on each domain was combined by calculating the 

mean average. 

Effort 

A single, self-report item with 5-point scale, asking participants to rate ‘Taking my nebuliser 

treatments requires a lot of effort’ (1=strongly agree, 5= strongly disagree). High scores indicated 

low effort.  

Habitual automaticity 

The 4-item Self-Report Behavioural Automaticity Index (SRBAI; Gardner et al., 2012) was used to rate 

how automatically participants felt they initiated taking their nebulised medications (‘Taking my 

nebulised treatments is something I do…’: ‘without thinking’; ‘without having to consciously 

remember’; ‘automatically’; ‘I start doing before I realise I’m doing it’; rated ‘1=Strongly agree; 

5=Strongly disagree; scale range 4 to 20). High scores indicated high habitual automaticity. 

Reflective motivation 

The conceptual model for maintenance of adherence to medication developed by Arden and 

colleagues (Arden et al., 2021; Wildman et al., 2022; see also Michie et al., 2014) was applied in the 

current analysis (Figure 19). To account for the other sources of variation in adherence behaviour as 

posited by this behavioural model, measures of perceived necessity and concerns for nebuliser use 

were included in predictive models (H1 to H4). In H5, these variables were utilised as measures of 

reflective motivational constructs. 

Items from the Beliefs about Medicines Questionnaire (BMQ Nebuliser Specific, Horne et al., 1999) 

were adapted to ask 21 questions specifically about perceived necessity (n=7) and concerns (n=14) 

about taking nebuliser treatments for cystic fibrosis. Items were scored on a 5-point Likert scale 

from 1 (Strongly agree) to 5 (Strongly disagree).  
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Figure 19 
Conceptual model for the maintenance of adherence to medication (figure taken from Arden et al., 
(2021), Fig.1, pg. 4). 

 

Other covariates 

Since data from both the control and intervention arm participants were included in this analysis, 

the randomisation arm (intervention/control) was included as a covariate in linear regression 

models. 

All measures were calculated with data closest to 12-months for all analyses because covariates 

(necessity, concerns) were measured at this timepoint (+/- 1 month). 

7.2.2.2 Statistical analysis  

Procedure for H1 analysis 

A multiple linear regression was conducted in three blocks. First, the baseline model was specified 

with randomisation arm, necessity and concerns predicting concurrent behaviour (block 1). Second, 

RANGE was added (block 2), followed by LAM_rad_15 and W_rad_90 (block 3; Figure 20). To 

examine statistical significance and meaningful change in predictive utility when LAM_rad_15 and 

W_rad_90 were added in block 3, magnitude and significance of adjusted R2-change between block 

2 and block 3 was examined. 
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Figure 20  
Model 1 testing H1 

Procedure for H2,3,4  analyses 

Two-stage multiple linear regression models were conducted to test the remaining hypotheses. First, 

the baseline model was specified with randomisation arm, necessity and concerns predicting 

concurrent behaviour (block 1). Second, composite context stability (CCS) was added (block 2). 

Adjusted R2-change between block 1 and 2 was examined for statistical significance and effect size. 

Coefficients were also estimated and examined. To test H2, this regression procedure was 

implemented with concurrent behaviour as the outcome variable (Figure 21). 

 

Figure 21 
Model 2, predicting concurrent behaviour (H2) 

This procedure was repeated to test H3 and H4, substituting the outcome variable with SRBAI (Figure 

22), and Effort (Figure 23) as the outcome variables, respectively. 
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Figure 22  
Model 3, predicting SRBAI (H3) 

 

Figure 23  
Model 4, predicting Effort (H4) 

Procedure for H5 analysis 

Bivariate correlations between context stability (i.e., automatic motivation) and necessity and 

concerns (i.e., reflective motivation) were explored, alongside the partial correlation between 

context stability and concurrent behaviour after accounting for variance explained by necessity and 

concerns. 

All analyses were conducted in SPSS (v27.0.1.0). 

 

7.2.3 Results 

7.2.3.1 H1 and H2 descriptive statistics 

Data was available for 493 participants. Descriptive statistics and bivariate correlations between all 

variables of interest for H1 and H2 are presented in Table 22 and Table 23 (see Appendix F, Table F4 

for comparison with original trial sample). Mean concurrent behaviour was 67.52% (SD=32.01) and 

approximately half of the sample were in the intervention arm (n=254, 51.5%). 
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Table 22 
Descriptive statistics for variables used in H1 and H2 analyses. 

Variable Mean (SD) Median[LQ, UQ] Min Max 

Concurrent behaviour 

(CB;%) 

67.5 (32.0) 77.8 [41.2, 100.0] 4.69 100.0 

Necessity  

(NEC) 

3.67 (0.73) 3.70 [3.10, 4.10] 1.10 5.00 

Concerns  

(CRN) 

2.02 (0.55) 2.00 [1.60, 2.40] 1.00 3.60 

RANGE  

(RNG; mins) 

810.1 (311.8) 741.2 [565.5, 1106.0] 0.00 1384.2 

LAM_rad_15 (LAM) 33.0 (26.1) 29.4 [12.9, 50.0] 0.00 100.0 

W_rad_90 (W) 9.12 (1.29) 9.21 [8.54, 9.80] 0.00 12.1 

Composite context 

stability (CCS; %) 

54.1 (14.3) 52.9 [43.0, 63.6] 21.9 97.4 

LQ=25% quartile; UQ= 75% quartile 

Note: RANGE, W_rad_90 have been reverse-coded such that high scores indicate high context 

stability 

 

 

Table 23 
Bivariate correlations for H1 and H2 

Variable CB IA NEC CRN RNG LAM W CCS 

Concurrent 
behaviour (CB) 

1 .18** .36** -.17** .30** .26** .23** .37** 

Intervention arm (N 
(%); IA) 

 1 .10* -.10* .05. -.03 .08 .03 

Necessity  
(NEC) 

  1 .23** .11* .04 .11* .11* 

Concerns  
(CRN) 

   1 -.09 -.09* -.02 -.10* 

RANGE  
(RNG) 

    1 .33** .42** .81** 

LAM_rad_15 (LAM)      1 .04 .78** 

W_rad_90  
(W) 

      1 .48** 

Composite context 
stability (CCS) 

       1 
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7.2.3.2 H1  results 

H1 was supported: randomisation arm, necessity and concerns explained 14.8% of the variance in 

concurrent behaviour, after adjustment for the number of variables in the model (p<.001; Table 24); 

the addition of RANGE in block 2 increased adjusted R2 by 6.1% (overall adjusted R2=20.9%; ∆F (1, 

488)=38.64, p<.001) and the addition of LAM_rad_15 and W_rad_90 in block 3 further increased the 

overall adjusted R2 to 24.9%. This indicates both a meaningful and significant increase in explained 

variance for concurrent behaviour when LAM_rad_15 and W_rad_90 were added to the model 

(adjusted ∆R2= 4.0%; ∆F(2, 486)=14.19, p<.001). Approximately 10% of the variance in concurrent 

behaviour was explained by the selected context stability variables. 

Table 24  
R-square and significance of multivariable linear regression testing H1 

Model Variables entered Adjusted R2 ∆ adjusted R2 Sig ∆ 

1 Intervention arm, 
Necessity, 
Concerns 

14.8% 14.8% <.001 

2 Intervention arm, 
Necessity, 
Concerns,  
RANGE 

20.9% 6.1% <.001 

3 Intervention arm, 
Necessity, 
Concerns,  
RANGE, W_rad_90, 
LAM_rad_15 

24.9% 4.0% <.001 

 

7.2.3.3 H2 results  

H2 was supported: a significant increase in adjusted R2 from 14.8% to 25.1% was observed with the 

addition of the composite context stability score in block 2 (∆ adjusted R2 =10.3%, ∆F(1,488)=67.9, 

p<.001; Table 25), compared to a 10.1% increase when entered as three independent variables in 

analysis 1 (note R2 was adjusted for number of variables in both models, therefore this likely reflects 

very similar variance explained). 

Table 25 
R-square and significance of multivariable linear regression testing H2 

Model Variables 
entered 

Adjusted R2 ∆ adjusted R2 Sig ∆ 

1 Intervention 
arm, 
Necessity, 
Concerns 

14.8% 14.8% <.001 

2 Intervention 
arm, 
Necessity, 
Concerns,  
Context stability 

25.1% 10.3% <.001 
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All variables except concerns contributed significantly to the model explaining concurrent behaviour 

(Table 26). The largest standardised observed effect was context stability (β=.324, p<.001). An 

increase of 10% in context stability predicted an increase of 7.3% (95%CI=[5.5, 9.0]) in concurrent 

behaviour, after adjusting for the randomisation arm and the perceived necessity and concerns 

regarding taking nebulised medicines.11  

Table 26 
Summary of coefficient estimates from multivariable linear regression testing H2 

Variable B SE 95%CI β p 

Intervention arm 8.70 2.52 [3.75, 13.7] .136 <.001 

Necessity 12.96 1.77 [9.49, 16.4] .296 <.001 

Concerns -3.02 2.35 [-7.63, 1.60] -.052 0.20 

Context stability 0.73 0.09 [0.55, 0.90] .324 <.001 

B= unstandardised regression coefficient 
β= standardised regression coefficient 

 

7.2.3.4 H3 descriptive statistics  

Data was available for 492 participants. Descriptive statistics and bivariate correlations for variables 

included in the analysis of H3 are presented in Table 27 and Table 28 (see Appendix F Table F5 for 

comparison with original trial sample). Mean SRBAI was 12.63 (SD=4.86). The sample demonstrated 

similar distributions in other variables as to those presented for H1 and H2.  

Table 27 
Descriptive statistics for variables used in H3 analyses. 

Variable Mean (SD) Median [LQ, UQ] Min Max 

SRBAI 12.6 (4.86) 13.0 [8.00, 16.0] 4 20 

Necessity  3.67 (0.73) 3.70 [3.10, 4.10] 1.10 5.00 

Concerns  2.02 (0.55) 2.00 [1.60, 2.40] 1.00 3.60 

Composite context 

stability (%) 

54.1 (14.3) 52.9 [43.0, 63.7] 21.9 97.4 

SRBAI= self-report habitual automaticity index; LQ=25% quartile; UQ= 75% quartile 

 

 

 

 
11 See Table 21 for an example of 2 participants with 10% difference in context stability score 
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Table 28 
Bivariate correlations and descriptive statistics for H3 

Variable SRBAI IA NEC CRN CS 

Habitual automaticity (SRBAI) 1 0.09* 0.31** -0.29** 0.25** 

Intervention arm (N (%); IA)  1 0.10* -0.10* 0.03 

Necessity (NEC)   1 -0.23** 0.11* 

Concerns (CRN)    1 -0.10* 

Context stability (CS)     1 

 

7.2.3.5 H3 results  

H3 was partially supported. Randomisation arm, necessity, concerns and context stability explained 

18.3% of the variance in habitual automaticity, after adjustment for the number of variables in the 

model (F(4,487)=28.51, p<.001). Addition of context stability in block 2 increased adjusted R2 by 

3.8% from 14.5% in block 1 (F(1,487)=23.6, p<.001). Context stability was a significant predictor after 

adjusting for the effects of intervention arm, necessity and concerns, but demonstrated small effects 

(Table 29); an increase of 10% in context stability observed closest to interval 12 predicted an 

increase of 0.68 (Ba 95%CI=[.41, .96], p<.001) on the SRBAI (scale 4-20). 

Table 29 
Summary of coefficient estimates from multivariable linear regression testing H3 

Variable B SE 95%CI β p 

Intervention arm .391 .400 [-.395, 1.177] .040 .329 

Necessity 1.587 .280 [1.036, 2.138] .239 <.001 

Concerns -1.875 .373 [-2.607, 1.143 -.212 <.001 

Context stability .068 .014 [.041, .096] .200 <.001 

B= unstandardised regression coefficient 
β= standardised regression coefficient 

 

7.2.3.6 H4 descriptive statistics  

Data was available for 491 participants. Descriptive statistics and bivariate correlations for variables 

included in the analysis of H4 are presented in Table 30 and  

Table 31 (see Appendix F Table F6 for comparison with original trial sample). Mean effort was 3.19 

(SD=1.27). The sample demonstrated similar distributions in other variables as to those presented 

for previous analyses.  
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Table 30 
Descriptive statistics for variables used in H4 analyses. 

Variable Mean (SD) Median[LQ, UQ] Min Max 

Effort 3.19(1.27) 3.00 [2.00, 4.00] 1 5 

Necessity  3.67 (0.73) 3.70 [3.10, 4.10] 1.10 5.00 

Concerns  2.02 (0.55) 2.00 [1.60, 2.40] 1.00 3.60 

Composite context 

stability (%) 

54.1 (14.3) 52.9 [43.1, 63.7] 21.9 97.4 

LQ=25% quartile; UQ= 75% quartile 

 

Table 31 
Bivariate correlations and descriptive statistics for H4 

Variable E IA NEC CRN CS 

Effort (E) 1 0.07 0.17** -0.416** 0.19** 

Intervention arm (N (%); IA)  1 0.11* -0.10* 0.03 

Necessity (NEC)   1 -0.23** 0.10* 

Concerns (CRN)    1 -0.10* 

Context stability (CS)     1 

 

7.2.3.7 H4 analysis findings 

H4 was partially supported. Intervention arm, necessity, concerns and context stability resulted in an 

adjusted R2 of 19.3% for variance explained in perceived effort for taking nebulised medications at 

interval 12 (N=491, F(4,486)=30.22, p<.001). Addition of context stability in block 2 increased 

adjusted R2 from 17.5% to 19.3%, an increase of 1.8% (∆F(1,486)=11.83, p<.001). Context stability 

was a significant predictor after adjusting for the effects of intervention arm, necessity and 

concerns, but demonstrated small effects (Table 32); an increase of 10% in context stability observed 

closest to interval 12 predicted an increase of .13 (Ba 95%CI=[.05, .20], p<.001) in effort (scale 1-5).  

Table 32 
Summary of coefficient estimates from multivariable linear regression testing H4 

Variable B SE 95%CI β p 

Intervention arm .058 .104 [-.146, .262] .023 .329 

Necessity .116 .073 [-.028, .260] .067 <.001 

Concerns -.883 .097 [-1.073, -0.693] -.384 <.001 

Context stability .013 .004 [.005, .020] .141 <.001 

 

7.2.3.8 H5 results 

H5 was partially supported. Data were available for n=493 participants. Bivariate correlations 

between context stability and reflective motivational factors showed statistically significant but 
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small effects (r=.11, p=.018; r=-0.10, p=.025 for necessity and concerns, respectively; Table 23). The 

correlation between context stability and concurrent adherence behaviour was medium strength 

(r=.365, p<.001, Ba 95%CI=[.289, .437]); the partial correlation between context stability and 

concurrent adherence behaviour after controlling for reflective motivation found a similar 

relationship (r=.347 (p<.001, Ba 95%CI=[.271, .424]), indicating minimal change and distinct variance 

explained.  

7.2.4 Part 2 discussion 

7.2.4.1 Overview of Part 2 findings  

Thesis Aim 2, Objective 3 was to evidence the utility of the defined objective metric of context 

stability in explaining variance in maintained and future behaviour, and in related constructs in 

evidence of predictive, convergent and divergent validity. Chapter 7, Part 2 began to investigate this 

aim. A composite measure of context stability, derived from objective data demonstrated it could 

explain approximately 10% of the variance in objective medication adherence behaviour, after 

adjusting for reflective motivational factors. This is comparable with previous studies in medication 

adherence which used self-reported measures of habit with objective measures of medication 

adherence (Phillips et al., 2013; Phillips, Cohen, et al., 2016). The addition of RQA-derived variables 

(LAM_rad_15; W_rad_90) alongside a simple measure of context stability (RANGE), was found to 

statistically and meaningfully increase the amount of variance explained in concurrent behaviour (H1 

supported) and combining all three variables into one composite score resulted in comparable 

variance explained to using three, independent variables (H2 supported in the exploration of Thesis 

Aim 2, Objective 3.1) meaning a more parsimonious. Further examination of the effects of context 

stability on medication adherence indicated that a 10% increase in context stability resulted in a 

7.3% increase in medication adherence. Proportionally to the covariates in these models, context 

stability demonstrated the largest effects. This finding supports the Thesis Aim 2, that ongoing 

medication adherence behaviour could be explained by the degree of context stability that an 

individual is able to maintain. This is an important addition to the literature as this is the first 

demonstration of this effect using an objective measure of context stability, which is also 

conceptually and demonstrably delineated from past behaviour frequency. As this was 

demonstrated with data closest to the 12-month follow-up point, this analysis presents a cross-

sectional understanding of the mechanisms of maintained (i.e., greater than 6 months) medication 

adherence behaviour.  

Less clear support was observed for hypotheses three to five. The composite metric of context 

stability indicated divergent validity by explaining distinct variance in behaviour from reflective 

motivational factors, although a small correlation between context stability and reflective 
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motivational factors was observed (partial support for H5 in the exploration of Thesis Aim 2, 

Objective 3.4). 

Significant, but comparatively smaller effects than on concurrent medication adherence behaviour 

were observed for context stability in explaining participants’ self-reported habitual automaticity for 

taking their medication (partial support for H3 in the exploration of Thesis Aim 2, Objective 3.2). The 

association between SRBAI and objective measure of context stability (r=.25) was comparable to 

correlations in previous studies of medication adherence behaviour (e.g.  Phillips et al., 2022; Phillips 

et al., 2021). However, the addition of context stability to the regression model increased the 

(adjusted) variance explained by 3.8%, and a 10% increase in context stability was estimated to 

result in a .68-point on the SRBAI scale. Compared to variance explained in behaviour, these were 

small effects. There is some precedent for this finding; whilst measures of context stability and 

SRBAI both capture aspects of habit, neither capture it completely and each captures a different 

aspect which contributes to habitual behaviour (Gardner & Tang, 2014; Rebar et al., 2019; Sniehotta 

& Presseau, 2012). For example, whilst the SRBAI was presented to the literature as a more 

parsimonious measure of habitual automaticity (Gardner et al., 2012) it does not capture the cue-

dependency of the behaviour (Sniehotta & Presseau, 2012). This is supported by findings from 

Norman and Cooper (2011) which suggested that SRBAI and context stability could have additive 

explanatory effects in behaviour.  

Similarly, significant but small effects were observed in the amount of effort participants perceived it 

took to take their medications (H4 partially supported in the exploration of Thesis Aim 2, Objective 

3.3); the addition of context stability increased the variance explained in effort by 1.8%, and a 10% 

increase in context stability predicted a .13-point increase on the effort scale (range one to five). 

Whist statistically significant, these were small effects. This finding may relate to the phrasing of the 

questions on the effort measure; participants were asked to give answers in relation to all of their 

nebulised medications, and for people with more than one prescribed medication, these questions 

may force them to conflate their experiences across multiple distinct behaviours. In contrast, the 

measure of behaviour (concurrent medication adherence) and context stability were both specific to 

the first medication of the day. This limitation also extends to the SRBAI findings as this scale also 

asks for responses in relation to all nebulisations taken throughout the day.  

Across the models testing hypotheses one to four, the overall amount of variance explained was 

small (between 18.3% and 25.1%). However, this is a much larger effect than some have presented 

in the literature (e.g. Pimm et al., 2015 were only able to explain 3% of the variance in activity 

behaviour using self-reported context stability alone) and is comparable with the findings from 
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analyses of other explanatory models of health behaviour, particularly those which included 

measures of context stability (e.g. Furman et al., 2021; Norman & Cooper, 2011), including studies in 

medication adherence (Phillips et al., 2013; Phillips et al., 2016). 

7.2.4.2 Limitations 

Due to the present analysis being conducted in secondary data, the design was limited to examining 

the effects at a single timepoint within the study timeline. Doing so enabled the inclusion of 

potential confounding effects which may also explain ongoing medication adherence behaviour, 

according to the conceptual model developed by Arden and colleagues (2021). Unlike analyses in 

Part 1, this limited conclusions about the robustness of the findings to a single analysis and therefore 

generalisability of the findings and effects sizes should be tested in an external dataset. 

7.3 General discussion 

7.3.1 Review of Chapter 7 findings 

Chapter 7 presented a systematic approach to identifying a metric of context stability, derived from 

objective medication adherence data, followed by a series of tests to examine construct validity. In 

Part 1, feature selection techniques were applied to 97 candidate variables, initially derived in 

Chapter 6; three variables were selected for their potential for additive predictive utility in the 

explanation of medication adherence behaviour. This was tested in Part 2; RANGE, W_rad_90 and 

LAM_rad_15 demonstrated incremental increases in the variance explained in ongoing medication 

adherence behaviour. This effect was maintained after creating a composite measure of context 

stability by combining all three scores into a single metric. The effects of the composite score on 

ongoing behaviour were statistically significant and non-trivial; compared to reflective factors, 

context stability demonstrated larger effects. Results were less clear in terms of demonstrating 

convergent and discriminant validity; methodological and conceptual limitations were discussed in 

the light of these findings, but they generally indicated the expected relationships between related 

constructs.  

7.3.2 General limitations 

A minimum of 14 observations was required to calculate this metric of context stability. This limits 

its use to situations in which sufficient data are available. However, as demonstrated in the critique 

presented in Chapter 4, this is a limitation of any measure of context stability that wishes to remain 

independent from frequency of past behaviour.  

Compared to existing measures of context stability, relatively complex methods have been applied 

to derive the metric presented in this chapter; this has resulted in a more complex description of 
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context stability than previous studies that have used more simple statistics and univariable metrics. 

However, the advantage of RQA derived variables is the ability to capture recurrences in behaviour 

with conceptual rigour, and as demonstrated by the feature selection process, and increased 

explanatory power. Table 21 demonstrates clearly how the three metrics relate to the raw data from 

which they are derived. The process to select these key variables was systematic and clearly 

demonstrated that these variables could explain context stability in a theoretically meaningful way, 

without conflation with behavioural frequency, and with additive predictive utility. 

Finally, the analyses presented in Chapter 7 are limited to cross-sectional designs. The objective 

metric of context stability should be tested in a prospective design to further support predictive 

utility. 

7.3.3 Implications for the following Chapters 

The following questions remain to further support the predictive validity of the composite context 

stability score, and to understand the role of context stability in behaviour: 

1) Does context stability predict future behaviour? 

2) Does context stability elucidate the relationship between past and future behaviour?  
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Chapter 8. The role of context stability in future 

behaviour 

 

8.1 Background 

The findings of Chapter 7 supported the construct validity of an objective measure of context 

stability in terms of convergent and divergent validity, and its ability to explain variance in 

concurrent medication adherence behaviour. The evidence demonstrated that understanding the 

context stability of medication adherence behaviour was important for understanding maintenance 

of adherence. However, the concluding remarks of the chapter highlighted that it was important to 

understand whether information about context stability could explain why people do behaviour in 

the future.  

This distinction is fundamental in the behavioural scientists’ goal to understand, and subsequently 

change, human behaviour; since the 1950’s, psychological theories have attempted to explain the 

determinants of behaviour in order to present candidate mechanisms to change behaviour in the 

future (Hagger et al., 2021; Prestwich et al., 2014). Therefore, it is important not only to explain 

variance in behaviour as it happened, but also to explain why it happens in the future.  

This is particularly relevant in the study of habits, as the function of habits is to make a behaviour 

more likely to occur in situations in which it has been performed previously (Rebar et al., 2018); 

experimental evidence has shown that this effect can override goals (Neal et al., 2011) and occurs in 

the absence of specific motivations (Neal et al., 2012). This feature has led habit researchers to claim 

the prediction of (aggregated frequency of) future behaviour is a  key indicator of validity in 

measures of habit (Rebar et al., 2018), as well as indicating support for its importance in explaining 

the maintenance of behaviour (Kwasnicka et al., 2016).  

One of the best known predictors of future behaviour is past behaviour (Ajzen, 2002, 2011); models 

predicting future behaviour have consistently demonstrated increased variance explained with the 

addition of past behaviour (e.g. see Ajzen, 2002, 2011; Conner & Armitage, 1998; Kor & Mullan, 

2011). But as discussed in Chapter 4, past behaviour is of little use to behavioural scientists because 

it does not explain why future behaviour happens; authors have commented on the difficulty in 

interpreting the role of past on future behaviour as it is the product of multiple psychological 

constructs, and could also be resultant of measurement artefact (Ajzen, 2011). Habit may be able to 

explain at least some of this relationship. Chapters 6 and 7 developed an objective measure of 
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context stability to address the issue of measurement artefact, but the effects of context stability as 

a candidate construct in explaining the relationship between past and future behaviour in the 

maintenance of medication adherence remains to be tested. 

Therefore, Chapter 8 addressed the remaining aspects of Thesis Aim 2, Objective 3 with an 

exploration of the role of context stability in the explanation of future behaviour. Two questions 

were posed at the end of Chapter 7: 

1) Does context stability predict future behaviour? 

2) Does context stability elucidate the relationship between past and future behaviour?   

Whilst the first question is relatively straightforward to answer, for example, by examining the 

effects of context stability as an independent variable in a regression model predicting future 

behaviour (e.g. Dean et al., 2021; Furman et al., 2021; Judah et al., 2018; Maher et al., 2021; Phillips 

et al., 2021; Pimm et al., 2015), the second may require more consideration. In 1998, the seminal 

study by Ouellette & Wood (1998) demonstrated how context stability may be able to explain why 

past behaviour predicts future behaviour using moderation analysis; they concluded that only when 

contexts were stable did past behaviour significantly predict future behaviour. That is, Ouellette & 

Wood (1998) suggested that only when behaviour was (likely to be) habitual, would past behaviour 

predict future behaviour. Whilst widely cited and replicated and therefore useful to explore with the 

newly developed metric of context stability, this interaction effect may be oversimplifying the 

relationship; models of maintained behaviour (see Kwasnicka et al., 2016) including medication 

adherence (Phillips, Cohen, et al., 2016; Wildman et al., 2022) suggest that self-regulation may also 

play a key role and its role alongside habit is becoming increasingly recognised in that people can 

still act under the volition of self-regulation when they have a habit (Gardner & Lally, 2018; Gardner 

et al., 2020). Some habit researchers have even suggested that the ability to flexibly and 

synergistically switch between automatic (e.g. habit) and reflective systems (e.g. self-regulation) may 

actually be the key to successful behavioural maintenance (see Dunton et al., 2021). It may be that, 

rather than habit (or context stability as one aspect of habit) wholly explaining the conditions under 

which past behaviour predicts future, context stability may explain some of the reason for this 

relationship, not just when the relationship occurs. The latter hypothesis can be tested in a 

mediation model to understand whether some of the variance in the relationship between past and 

future behaviour is explained by context stability. 

Therefore, the specific objectives of Chapter 8 were: 
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1) To examine the amount of variance in future adherence behaviour explained by the objective 

metric of context stability (Thesis Aim 2, Objective 3.5); 

2) To examine the moderating effect of the objective metric of context stability in the 

relationship between past and future behaviour (Thesis Aim 2, Objective 3.6); 

3) To examine the mediating effect of the objective metric of context stability in the relationship 

between past and future behaviour (Thesis Aim 2, Objective 3.7). 

8.2 Methods 

8.2.1 Variables 

Context stability  

Context stability was calculated as described in Chapter 7:  

CONTEXT STABILITY= (RANGE_PERCENTAGE + LAM_rad_90 + W_rad_90_PERCENTAGE)/3 

For analyses 1 and 2, the 14 observations prior to interval 12 were utilised to construct RANGE, 

LAM_rad_90 and W_rad_90 scores. For analysis 3, the 14 observations closest to interval 12 but 

later than interval 6 were used. 

Past behaviour 

Past behaviour was calculated as adherence to at least one medication per day over the period from 

which the 14 inhalations used to calculate context stability were collected (i.e., closest to interval 12 

for analyses 1 & 2, and between interval 6 and 12 for analysis 3). For example, a participant with 14 

inhalations collected over 20 days prior to interval 12 would have past adherence equal to 70% 

(14/20*100).  

Future behaviour  

Future behaviour was calculated as the adherence to at least one medication per day during the first 

14 days of interval 12. For example, a participant with 7 inhalations collected over the first 14 days in 

interval 12 would have concurrent adherence equal to 50% (7/14*100). 

8.2.1.4 Covariates 

Necessity and concerns 

Items from the Beliefs about Medicines Questionnaire (BMQ, Horne et al., 1999) were adapted to 

ask 21 questions specifically about perceived necessity (n=7) and concerns (n=14) for taking 

nebuliser treatments for cystic fibrosis. Items were scored on a 5-point Likert scale from 1 (Strongly 

agree) to 5 (Strongly disagree). For analyses 1 and 2, necessity and concerns measured at the end of 
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the trial (i.e., 12 +/-1month) was used; for analysis 3, necessity and concerns measured at baseline 

was used. 

Randomisation arm 

As in Chapter 7, the arm which participants were randomised to (either usual care (reference 

category), or intervention) was included. 

8.2.2 Statistical procedure 

8.2.2.1 Analysis 1 

Analysis 1 aimed to examine the effect of (objectively measured) context stability in the prediction 

of future adherence behaviour. A two-stage multiple linear regression model was conducted (Figure 

24). First, the baseline model was specified with randomisation arm, necessity and concerns 

predicting future adherence behaviour (block 1). Second, context stability was added (block 2). R2-

change between block 1 and 2 was examined for statistical significance and adjusted R2-change 

examined for effect size. Regression coefficients were also estimated and examined for effect size. 

 

Figure 24 
Conceptual model tested in analysis 1 

8.2.2.2 Analysis 2 

Analysis 2 aimed to examine the moderating effect of (objectively measured) context stability on the 

relationship between past and future behaviour. A moderation analysis was implemented to test the 

conceptual model presented in Figure 25. The moderation effect was estimated after adjusting for 

the effects of covariates (randomisation arm, reflective motivational factors), and implemented 

using the PROCESS© macro (v4.0, Hayes, 2022). Continuous variables were mean-centred prior to 

analysis. 
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Figure 25 
Conceptual model of the moderation effect tested in analysis 2 

8.2.2.3 Analysis 3 

Analysis 3 aimed to examine the mediating effect of (objectively measured) context stability on the 

relationship between past and future behaviour. This was explored using regression analysis to test 

the conceptual model presented in Figure 26. The effects were estimated after adjusting for 

covariates (randomisation arm, reflective motivational factors). The indirect effect was tested using 

a percentile bootstrap estimation approach with 5000 samples. The analysis was implemented using 

the PROCESS macro (v4.0, Hayes, 2022). 

 

 

Figure 26 
Conceptual model of the mediation effect tested in analysis 3. 

All analyses were implemented in SPSS (v27.0.1.0).  
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8.3 Results 

8.3.1 Analysis 1 & 2 descriptive statistics 

Data was available for n=472 participants for analyses 1 and 2. Descriptive statistics and bivariate 

correlations between variables of interest are presented in Table 33 and Table 34 (see Appendix F 

Table F7 for comparison with original trial sample). 

Table 33 
Descriptive statistics for variables in analysis 1 and 2. 

Variable Mean (SD) Median [LQ, UQ] Min Max 

Future adherence (%) 62.2 (38.3) 78.6 [21.4, 100.0] 0.00 100.0 

Necessity  3.67 (0.73) 3.70 [3.10, 4.10] 1.10 5.00 

Concerns  2.02 (0.55) 2.00 [1.60, 2.40] 1.00 3.60 

Past adherence (%) 68.0 (32.1) 77.8 [42.4, 100.0] 4.70 100.0 

Composite context 

stability (%) 

54.5 (14.3) 53.4 [43.4, 63.9] 21.9 97.4 

LQ=25% quartile; UQ= 75% quartile 

 

Table 34 
Bivariate correlations for variables in analyses 1 and 2. 

Variable FA IA NEC CRN PA CS 

Future adherence (FA) 1 0.17** 0.36** -0.19** 0.80** 0.33** 

Intervention arm (N (%); IA)  1 0.09* -0.08 0.17** 0.02 

Necessity (NEC)   1 -0.22** 0.36** 0.11* 

Concerns (CRN)    1 -0.17* -0.10* 

Past adherence (PA)     1 0.36** 

Context stability (CS)      1 

N=472 
*p<.05 
**p<.01 
 

      

8.3.2 Analysis 1 findings 

Addition of context stability in block 2 significantly increased variance explained in future adherence 

behaviour; adjusted R2 increased by 8.2%, from 15.0% in block 1 (future adherence predicted by 

randomisation arm, necessity, concerns) to 23.2% in block 2, when context stability was added 

(n=472; ∆F(1, 467)=51.0, p=<.001). Context stability was a significant predictor of future behaviour 

(b=0.78, 95%CI= [0.57, 1.00]; Table 35); a 10% increase in context stability predicted 7.8% increase in 

future adherence behaviour. 
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Table 35 
Model coefficients predicting future behaviour 

Variable B SE 95%CI p 

Intervention arm 10.1 3.11 [3.97, 16.2] .001 

Necessity 15.4 2.18 [11.1, 19.7] <.001 

Concerns -5.73 2.91 [-11.5, -0.02] .049 

Context stability 0.78 0.11 [0.57, 1.00] <.001 

 

8.3.3 Analysis 2 findings 

A total of 64.5% of the variance in future behaviour was predicted by the moderation model (n= 472; 

F(6,465)=140.9, p<.001), but moderation of the effects of past on future behaviour by context 

stability was very small and non-significant; addition of the interaction term resulted in ∆R2=0. 07% 

(∆F(1,465)=0.98, p=.323) and the interaction term did not significantly predict future behaviour 

(b=.002, 95%CI=[-.003, .008]; Table 36). 

Table 36 
Moderation model coefficients predicting future behaviour. 

Variable B SE 95%CI p 

Intervention arm 3.06 2.16 [-1.18, 7.29] .157 

Necessity 3.95 1.57 [0.86, 7.05] .012 

Concerns -2.67 2.00 [-6.59, 1.25] .181 

Past adherence 0.88 0.04 [0.81, 0.96] <.001 

Context stability 0.13 0.08 [-0.03, 0.29] .104 

Past adherence x Context stability .002 .003 [-.003, .008] .323 

 

8.3.4 Analysis 3 descriptive statistics 

Data was available for n=439 participants for analysis 3. Descriptive statistics and bivariate 

correlations are presented in  

Table 37 and Table 38 (comparisons with full trial dataset are available in Appendix F, Table F8). 

Table 37 
Descriptive statistics for variables used in analysis 3. 

Variable Mean (SD) Median[LQ, UQ] Min Max 

Future adherence (%) 68.6 (34.6) 78.6 [42.9, 100.0] 0.00 100.0 

Necessity  
 

3.67 (0.73) 3.70 [3.30, 4.10] 1.40 5.00 

Concerns  
 

2.08 (0.53) 2.10 [1.70, 2.40] 1.00 4.40 

Past adherence (%) 71.1 (33.2) 85.7 [50.0, 100.0] 0 100.0 

Composite context 
stability (%) 

55.2 (14.2) 54.3 [44.7, 64.5] 28.4 97.4 
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LQ=25% quartile; UQ= 75% quartile 

 

Table 38 
Bivariate correlations and descriptive statistics for variables in analysis 3. 

Variable FA IA NEC CRN PA CS 

Future adherence (FA) 1 .13** .26** -.09 .69** .31** 

Intervention arm (N (%); IA)  1 -.02 .11* .14** -.01 

Necessity (NEC)   1 -.14** .29** .05 

Concerns (CRN)    1 -.15** -.09 

Past adherence (PA)     1 .25** 

Context stability (CS)      1 

N=439 
*p<.05 
**p<.01 
 

      

8.3.5 Analysis 3 results 

The total effect model explained 48.8% of the variance in future adherence behaviour (F(4, 

434)=103.23, p<.001). The direct effect of past on future behaviour was significant (b=0.66, 

95%CI=[58.06, 73.20], p<.001). There was a significant indirect effect of past on future behaviour, 

through context stability however this was a very small effect (b=.04, Ba 95%CI=[0.02, 0.07]; Figure 

27). 

 

Figure 27 
Mediation model with direct and indirect effects predicting future adherence behaviour. 

8.4 Discussion 

The aim of Chapter 8 was to understand the role of objectively measured context stability in future 

behaviour, in terms of its ability to predict future behaviour and explain the relationship between 

past and future behaviour. Three analyses were presented, with the findings that objectively 

measured context stability explains a significant amount of variance in future adherence behaviour 
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(results of analysis 1 in the exploration of Thesis Aim 2, Objective 3.5) but demonstrated little utility 

in explaining why past behaviour predicts future behaviour (results of analyses 2 and 3, in the 

exploration of Thesis Aim 2, Objective 3.6 and 3.7, respectively).  

An additional 8.2% of the variance in future behaviour was explained by objectively measured 

context stability in analysis 1; this is similar in magnitude to that observed in Chapter 7 when context 

stability was added to a model predicting concurrent medication adherence behaviour. 

Furthermore, the predicted effect of a 10% increase in context stability on adherence was similar for 

both concurrent and future behaviour (b=0.73, 0.78, respectively). The cross-sectional study 

presented in Chapter 7 improved on previous studies that have examined the role of context 

stability in concurrent behaviour by ensuring complete dissociation between frequency of behaviour 

and the metric representing context stability, as well as controlling for the effects of other reflective 

behavioural constructs. The replication of this effect in a prospective design, further supports that 

context stability has some explanatory utility in understanding medication adherence behaviour. The 

similarity of the effect size across cross-sectional and prospective designs is coherent, as in both 

cases the data were sampled from latter end of the 12-month data collection phase, therefore both 

concurrent and future behaviour were conceptually sampled from the maintenance phase of the 

observation period; it is unlikely that behaviour drastically changed for many participants during this 

period of the study. The loss in predictive utility in the prospective design could potentially be 

accounted for by individuals whose behaviour changed between the two observation periods. 

According to theory, truly habitual behaviour can only continue in the presence of the contextual 

cue with which it is associated (Mazar & Wood, 2019); disruptions to usual routines could reduce or 

even eliminate cue encounters and henceforth result in the termination of habitual behaviour (e.g. 

Wood et al., 2005). Whilst these cues may have been consistent and acted upon by a participant in 

the past, they may be removed or change in the future, and objective measurement of context 

stability through temporal stability of behavioural initiation in the past alone may not be enough to 

anticipate the disruption to the cue, and therefore the decline in future behaviour frequency. In 

summary, the findings indicate that context stability, as operationalised in analysis 1, may be useful 

in explaining behaviour that is maintained, but may not be as useful for predicting change in 

behaviour. The sensitivity of the objective metric of context stability could be further explored to 

examine whether it can detect disruptions to cues and subsequently, whether these signals predict 

change in future behaviour.  

 

Whilst not trivial, the observed effect sizes for context stability were small compared to those 

observed for past adherence in the prediction of future adherence behaviour (e.g., the model tested 
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in analysis 1 did not include past behaviour and the total R2 indicated that 23.2% of the variance in 

future behaviour was explained, compared to the model tested in analysis 2 which did include past 

behaviour and had a total R2=64.5%). The additional variance explained could suggest that past 

behaviour may account for other behavioural constructs that were not captured in the conceptual 

models presented. Recent models of behaviour maintenance suggest that the ability to flexibly and 

synergistically switch between automatic (e.g. habit) and reflective systems may actually be the key 

to successful behavioural maintenance (see Dunton et al., 2021). It is possible that the skill and ease 

with which people can make switches between these two systems is captured by past behaviour but 

is not by the measurement of the reflective and automatic constructs included in these analyses, 

alone. Second, the objective measure of context stability used in these analyses may not capture all 

aspects of habit, or even context stability itself. For example, the inclusion of past behaviour 

increases variance explained in future behaviour, even in models capturing behavioural automaticity 

(Gardner et al., 2012) and additive effects of context stability and measures of habitual automaticity 

have been observed in previous studies (Norman & Cooper, 2011), suggesting that these may 

capture different aspects of the habit construct.  

 

These considerations may also account for the absence of a moderation effect, as well as explaining 

some of the significant but very small mediation effect. If it is true that one or multiple unmeasured 

constructs are important for the maintenance of adherence behaviour in the future, then it follows 

that the relationship between past and future behaviour would not only be observed when context 

stability is high. Furthermore, failure to fully capture all aspects of habit (i.e., automaticity was not 

captured by context stability) and perhaps the way that context stability functions alongside other 

reflective behaviours, may account for the very small mediation effect. It is also possible that small 

effects were observed because of the difference in the length of time between measures of past and 

future behaviour across the different analyses. For analysis 1 and 2, past behaviour for many 

participants immediately preceded future behaviour and was concurrent with context stability, 

however the mediation analysis specified past behaviour as observations over the last 14 days of 

interval 6, and future behaviour as the first 14 days of interval 12, leaving a break of 168 days 

between measurements. Correlations were weaker between past and future behaviour in this 

analysis (r=0.69, compared to r=0.80 in analyses 1 and 2), and total variance explained was 

noticeably lower in the mediation model, compared to the moderation model (R2=48.8% in the 

mediation model, compared to R2=64.5% in the moderation). Past behaviour is a better predictor of 

future behaviour when it is measured more proximally in time (Dunton et al., 2021). However, the 

measurement of past and future behaviour as implemented in analysis 3 was necessary to ensure 
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accuracy in the temporal arrangement of the mediator between the independent and dependent 

variables, as well as ensuring participants with a range of adherence levels (i.e., low, medium and 

high) were included in the analysis, as a minimum of 14 observations over the 168-day period was 

necessary to calculate context stability.  

 

8.5 Conclusions 

The findings of Chapter 8 explored the support that objectively measured context stability can 

explain significant and non-trivial amounts of variance in future behaviour. The research presented 

in Chapters 6 to 8 have cumulatively explored Thesis Aim 2 which asked whether the time of day at 

which people take their medications can be used to derive an objective metric of context stability for 

use in habit research. The utility of the objective metric of context stability has been demonstrated 

in analyses commonly used in habit research, but the final empirical chapter of this thesis should 

seek to demonstrate its use in habit research with novel empirical designs and in relation to clinically 

applied scenarios. 
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Chapter 9. Demonstrating the utility of an objective 

metric of context stability in applied clinical research 

 

9.1 Chapter overview 

Chapter 9 addresses Thesis Aim 2, Objective 4, which was to demonstrate the application of the 

metric of context stability developed in the previous chapters to applied clinical research questions.  

9.2 Background 

The review in Chapter 3 highlighted that there is a need for more research that examines the 

effectiveness of theory-informed habit interventions in supporting maintenance of medication 

adherence behaviour. Habit is hypothesised to facilitate maintenance of behaviour by bypassing 

reflective decision-making processes when self-control is diminished, enabling people to engage in 

behaviours as they have in the past with minimal cognitive expense (Gardner et al., 2020). However, 

research remains uncertain on how long it takes to form a habit, indicating there is likely large 

differences between both behaviours and individuals (Lally et al., 2010). This poses a challenge for 

habit intervention developers as it makes intervention design and evaluation of effectiveness 

difficult; questions about how long someone might need to develop a habit, who might need more 

support than others, when to withdraw additional support and when to evaluate effectiveness must 

all be considered carefully. These issues may benefit from behaviour, population and intervention-

specific research. Chapter 9 presents an example of how the context stability metric developed in 

the previous chapters may be applied to address some of these issues in the context of two clinical 

scenarios.  

9.2.1 Overview of clinical context 

The behaviour and population of interest to the present thesis is medication adherence behaviour in 

people with cystic fibrosis (CF). The ACtiF Programme (see Chapter 5) developed a complex 

intervention, called the CFHealthHub Intervention, which aimed to improve adherence to nebulised 

medication in people with CF (Wildman et al., 2021, 2022). The CFHealthHub Intervention was 

delivered via a digital interface and in one-to-one intervention sessions with a trained healthcare 

professional. The roll-out of CFHealthHub has already begun across the UK, with the CFHealthHub 

Data Observatory in which aspects of the intervention are being implemented in clinical care of 

patients in the UK (CFHealthHub, 2023).  
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Two health economic analyses were conducted to evaluate the cost-effectiveness of the 

CFHealthHub Intervention; the within-trial analysis evaluated intervention cost-effectiveness within 

the one-year follow-up period of the trial with the intervention delivered as per the trial protocol.  

This evaluation indicated an incremental cost of £865.91 per patient in the first year, compared to 

usual care (Wildman et al., 2021). The intervention was expected to become cost-saving when the 

analysis was extended over the lifetime period but in an NHS setting where resources are limited, 

clinical teams would benefit from knowledge of some indicators that enable them to identify 

patients who are more likely than others to require intervention, to know when this intervention is 

most needed and if there any specific strategies that could be built into the intervention which 

would enable participants to achieve higher adherence to their prescribed medications.  

9.2.2 Clinical scenario 1 

Some participants in the ACtiF trial had complex health and social needs and were disengaged from 

their CF team during the trial; the programme discussion and conclusions suggested that these 

participants may require an intervention with focused attention on motivations for behaviour and 

complementary health and social care support. However, many others in the trial did engage with 

the intervention and CF team but had varying degrees of success in achieving maintained adherence 

behaviour. It may be useful to clinical teams to know, of those who initially engage in medication 

adherence behaviour, after how long should expectation of failure to maintain become low, and 

what characteristics of the behaviour might associate with likelihood of failure to maintain.  

Habit theory would expect that those who demonstrate higher context stability would be more likely 

to form or already have habits (Gardner et al., 2020) and therefore more likely to maintain 

adherence behaviour for longer. As such, the first two research questions explored in Chapter 9 

were: 

Research Question 1 (RQ1): After how many days should those most at risk of failing to maintain 

medication adherence be identified? 

Research Question 2 (RQ2): Is the likelihood of failing to maintain adherence behaviour in the future 

lower for those with greater context stability? 

9.2.3 Clinical scenario 2 

All analyses conducted in the development of the context stability metric (Chapters 6 to 8) were 

performed on a single daily repetition of behaviour, by exploring the effects of context stability and 

the ability to adhere and maintain adherence to the first medication of the day. However, many 

participants in the ACtiF trial were prescribed more than one medication to take on each day. This is 
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typical for people with CF as a mucolytic drug is usually prescribed alongside antibiotics, perhaps 

also among other prescribed medicines and therapies (Ratjen et al., 2015). Therefore, a specific 

challenge for people designing interventions in this specific population and behaviour in that the 

inhalation of nebulised drugs may need to be repeated multiple times a day. To my knowledge, 

currently there exists no research or recommendations for people with CF on how best to distribute 

their inhalations throughout their day to maximise adherence. 

The habit literature may offer some potential, theory-informed strategies to support people with CF 

in the management of multiple doses of medication to take each day. Recent insights distinguish 

between the different roles that habit can adopt in the facilitation of behaviour, namely that of 

‘habitual instigation’ and ‘habitual execution’ of behaviour (Gardner, 2015; Gardner et al., 2016). 

When the role of a habit is to facilitate the ‘instigation’ of behaviour, it facilitates the initial 

generation of action by automatically by-passing decision-making processes and creating an impulse 

to perform the behaviour when an associated cue is encountered. By contrast, when the role of a 

habit is to facilitate the ‘execution’ of behaviour, it facilitates the performance of behaviour through 

all of the sub-actions required to complete the behaviour in full (Gardner et al., 2016; Phillips & 

Gardner, 2016). For example, both instigation and execution habits may have a role in making the 

first cup of tea in a day; the impulse to make a cup of tea may be instigated by coming downstairs in 

the morning and walking into the kitchen. This could cue the person to walk straight to the kettle 

and switch it on. Having instigated the first step, the person is facilitated to completion of the 

behaviour by an execution habit which enables the completion of the rest of the tea-making routine 

with minimal cognitive effort (e.g., getting the cup out of the cupboard, getting the teabag, and so 

on). Importantly for habit researchers, evidence has shown that it is the instigation of behaviour 

which is most predictive of future behaviour and therefore likely the most important focus for 

intervention designers (Gardner, 2022; Gardner et al., 2016; Phillips & Gardner, 2016). When 

multiple repetitions of behaviour on a single day are required, as for many people with CF prescribed 

multiple doses of medication, patients may be more successful at taking more than one dose of 

medication if they take it with their first dose of the day, and if that first dose is taken in conditions 

which facilitate habit (i.e., in a contextually stable environment). 

The analyses for Clinical Scenario 2 were designed to demonstrate, in the sample of patients from 

the ACtiF trial, whether patients took their 2nd dose of medication more frequently if taken with a 

contextually stable (i.e., more likely to be or become habitual) 1st dose of medication, than if they 

took their 2nd dose in a separate, second session which occurred later in the day.  
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Research Question 3 (RQ3): Are people more likely to take a 2nd dose of medication if they take 

immediately after the 1st dose of the day?  

Research Question 4 (RQ4): Were participants more likely to take a 2nd dose of medication if the 1st 

dose was more contextually stable? 

9.3 Methods 

9.3.1 Variable derivation for the analysis of RQ1 and RQ2 

Context stability  

For each day of each participant’s involvement of the trial, the nth inhalation of each day was 

labelled (i.e. if three inhalations were recorded on a given day for a participant, each consecutive 

record was labelled the 1st, 2nd and 3rd respectively). Labelled inhalations were then grouped by 1st, 

2nd, 3rd inhalation for each participant. For all 1st inhalations of the day for each participant, the first 

14 of observations were selected, starting from the first day of their involvement in the trial. Context 

stability of those 14 observations was calculated using the method described in Chapter 7. Then, a 

rolling window was applied in steps of one day (i.e., window one included observations one to 14; 

window two included observations two to 15, moving chronologically through their days involved in 

the trial) and the context stability calculation was repeated for each window. This resulted in a 

longitudinal sequence of data points describing each participant’s context stability for their first 

inhalations of each day. This process was then repeated for the 2nd and 3rd inhalation records for 

participants who were prescribed three doses of medication for the duration of their involvement in 

the trial. 

Initiation of adherence maintenance 

There is no clinically agreed definition of maintenance of adherence (Vrijens et al., 2012b), nor 

maintenance of behaviour. Derived from the Transtheoretical model of Health Behaviour Change 

(Prochaska & DiClemente, 1982), the metric of 6-months to indicate maintenance has been widely 

cited and utilised (e.g. as in the review in Chapter 3). However, this is somewhat arbitrary and, as 

discussed in the introduction, researchers remain unsure how long it takes to form a habit. 

Furthermore, a single cut-off defined in days rather than in terms of behaviour is not suitable for 

answering the research questions posed in the present chapter. Therefore, for the purposes of this 

chapter, participants were considered to have initiated adherence on the first observation that the 

participant took their first medication of the day for three consecutive days. For example, if they 

took their medication on days one, two and three, the first day of initiation of adherence 

maintenance was classified as day three. 
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Failure to maintain adherence 

Participants were considered to have failed to maintain adherence on the first observation that the 

participant missed their first medication of the day for three consecutive days, after having 

previously initiated adherence maintenance (see above). For example, Figure 28 shows an example 

participant who initiated maintenance of adherence on day 16, indicated by the left vertical red line 

(i.e. took their first medication on days 14, 15 and 16) and failed to maintain adherence on day 107, 

indicated by the right vertical red line (i.e. missed their medication on days 105, 106 and 107).  

 

 

Figure 28  
Example of a participant who initiated maintenance of adherence on day 16, indicated by the left 
vertical red line (i.e. took their first medication on days 14, 15 and 16) and failed to maintain 
adherence on day 107, indicated by the right red line (i.e. missed their medication on days 105, 106 
and 107). 

If a participant never failed to maintain adherence (i.e., they maintained adherence to the end of the 

trial), the analysis censored their data at the last day of their involvement in the trial. For example, 

Figure 29 shows an example participant who initiated maintenance of adherence on day four of the 

trial (indicated by the vertical red line) and subsequently did not fail to maintain adherence to their 

first medication of the day; whilst they missed one or two consecutive days at various points, they 

did not fail to take medication for three consecutive days. Their data was censored at the last day of 

their involvement of trial (day 159). 
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Figure 29  
Example of a participant who initiated maintenance of adherence on day four of the trial (indicated 
by the vertical red line) and subsequently did not fail to maintain adherence to their first medication 
of the day. Their data was censored at the last day of their involvement of trial (day 159). 

 

Context stability during the period of maintenance  

Context stability during maintenance of the first dose of the day was calculated by taking the mean 

context stability of the first dose of the day (see above), on the days between which the participant 

initiated adherence maintenance and failed to maintain adherence to the first dose of medication.  

Covariates 

As in previous chapters, the effects of context stability were estimated after adjustment for baseline 

perceived necessity and concerns for taking their nebulised medications, and the randomisation arm 

to which each participant was allocated. 

9.3.2 Variable derivation for analysis of RQ3 and RQ4 

All variables derived to answer Research Question 3 were aggregated variables which describe 

behaviour at the level of the participant. Analyses were conducted only on participants prescribed 

three doses of medication for the duration of their involvement in the trial. This was to ensure that 

adherence and context stability for the 1st, 2nd and 3rd dose of the day was comparable between 

participants.12 

 
12 Three doses of medication was the most frequent prescription among participants prescribed more than 
one dose per day thus making this the largest, comparable subsample of data to use.  
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Likelihood of taking a 2nd dose, given a 1st dose was taken 

For each participant, the days on which a 1st dose of medication was taken were selected. Then the 

percentage of 2nd doses taken on the selected days was calculated to represent the likelihood of 

taking a 2nd dose of medication, given that a 1st dose was taken.  

Mean number of minutes between 1st and 2nd doses 

For each participant and for each day on which a 1st and 2nd dose of medication was taken, the 

number of minutes between doses was calculated. The number of minutes between doses for each 

participant was then aggregated into the mean number of minutes between 1st and 2nd doses. 

Standard deviation of minutes between 1st and 2nd doses 

For each participant and for each day on which a 1st and 2nd dose of medication was taken, the 

number of minutes between doses was calculated. The number of minutes was then aggregated for 

each participant into the standard deviation of minutes between 1st and 2nd doses. 

Mean context stability of the 1st dose 

The mean was calculated for the sequence of context stability data points derived from 1st doses 

taken, for each participant (see Context Stability, above). 

Mean context stability of the 2nd dose 

The mean was calculated for the sequence of context stability data points derived from 2nd doses 

taken, for each participant (see Context Stability, above). 

9.3.3 Statistical analyses  

9.3.3.1 RQ1 analysis 

Kaplan-Meier curves were used to identify the rate of failure to maintain adherence to the first 

medication of the day over time. Participants that did not fail to maintain adherence for the duration 

of their participation in the study (beyond initiation of adherence), were included in the analysis up 

to the point of their discontinuation from the study, at which point their data was censored. The 

Kaplan-Meier curves were plotted up to the number of days at which data were available for greater 

than 100 participants, to avoid misinterpretation of estimates yielded from small samples.  

9.3.3.2 RQ2 analysis 

Cox regression analysis was used to examine the effects of context stability during the period of 

maintenance, on the number of days before failure to maintain adherence. Estimates of the effects 

of mean context stability were adjusted for randomisation arm, baseline necessity and concerns 

about taking nebulised medications.  
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9.3.3.3 RQ3 and RQ4 analysis 

Associations with likelihood of taking the 2nd dose of medication on each day were explored using 

Pearson’s correlations. Likelihood of taking a 2nd dose given a 1st dose was taken was correlated with 

mean number of minutes between 1st and 2nd doses, the standard deviation of minutes between 1st 

and 2nd doses taken, the mean context stability of the 1st dose and the mean context stability of the 

2nd dose. 

9.4 Results 

9.4.1 Descriptive statistics for sample included in analyses for RQ1 and RQ2 

A total of 408 participants were included (67.1% of the original RCT sample). Descriptive statistics for 

the variables included in the analyses for RQ1 and RQ2 are presented in Table 39. Analysis sample 

characteristics are presented beside full sample characteristics in Appendix F, Table F9.  

Table 39 
Descriptive statistics of variables included in the Kaplan-Meier and Cox regression analyses. 

 Mean (SD) n (%) 

Intervention arm  223 (54.7%) 

Baseline necessity 3.70 (0.72)  

Baseline concerns 2.04 (0.54)  

Mean days of maintenance 205.3 (193.8)  

Mean context stability to 1st medication of the day (%) 55.3 (11.0)  

 

9.4.2 RQ1 analysis: after how many days should those most at risk of failing to maintain 

medication adherence be identified? 

The Kaplan-Meier survival plot is presented in Figure 30. This indicates that 25% of participants that 

failed to maintain adherence to their first medication of the day, defined as failure to take 

medication on three consecutive days, had done so by day 35 (SE=3.32 days); 50% of those who 

failed to maintain medication adherence had done so by day 126 (SE=10.20 days). In this sample, 

22.8% of participants (n=93) that initiated maintenance did not fail to maintain for the duration of 

their involvement in the trial.  



161 
 

 

Figure 30 
Kaplan-Meier curve of the expected number of days of maintenance 

9.4.3 RQ2 analysis: Cox regression to explore whether the likelihood of failing to maintain 

adherence behaviour in the future is lower for those with greater context stability? 

Table 40 presents the results of the adjusted Cox regression analysis to understand the effects of 

context stability on the number of days until failure to maintain medication adherence. The results 

indicate, after adjusting for the effects of randomisation arm, necessity and concerns, people with 

higher context stability had 5% [95%CI= 0.93, 0.96] less probability of failing to maintain medication 

adherence (p<.001), thereby indicating a highly significant but small effect. 

Table 40 
Results of the Cox regression analysis to understand the effects of context stability on time to failure 
of maintenance. 

 B (SE) Hazard Ratio [95% CI] p-value 

Intervention arm -0.36 (0.12) 0.70 [0.56, 0.88] .002 

Baseline necessity -0.47 (0.08) 0.63 [0.53, 0.74] <.001 

Baseline concerns 0.21 (0.11) 1.24 [1.00, 1.53] 0.046 

Mean context stability -0.06 (0.01) 0.95 [0.93, 0.96] <.001 

 

Given the effects of intervention arm on time to survival, estimates for time to fail to maintain 

medication adherence were reproduced to understand the number of days within which 

participants with no additional support or contact with a healthcare professional (i.e., the control 

condition) would be expected to fail to maintain. Results indicated that 25% of participants that 
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initiate adherence maintenance but receive no additional support will fail to maintain within 31 days 

(SE=3.21), and 50% will fail to maintain within 109 days (SE=18.16). 

9.4.4 Descriptive statistics for the sample included in analyses for RQ3 and RQ4 

A total of 67 participants were included in analyses of RQ3 and RQ4 (11.0% of the original RCT 

sample; 95.7% of the 70 participants prescribed three doses of medication for the duration of their 

involvement in the RCT). Descriptive statistics for the variables included in the analyses for RQ3 and 

RQ4 are presented in Table 41. Analysis sample characteristics are presented beside full sample 

characteristics in Appendix F, Table F10.  

Table 41 
Descriptive statistics for variables included in analyses for RQ3. 

 n Mean (SD) Min  Max  

Adherence to 1st dose 67 55.4% (35.7) 0.0% 100% 

Adherence to 2nd dose given 1st taken 67 55.3% (32.2) 0.0% 100% 

Mean mins between 1st and 2nd dose 65 359.9 (214.0) 5.2 849.6 

SD mins between 1st and 2nd dose 63 216.8 (87.7) 2.1 419.5 

Mean context stability to 1st dose* 50 54.9% (9.8) 36.75% 75.5% 

Mean context stability to 2nd dose 50 54.0% (10.2) 29.6% 91.1% 

*Given a 2nd dose was recorded on that day 

 

9.4.5 RQ3 analysis: are people more likely to take a 2nd dose of medication if they take it 

immediately after the 1st dose of the day?  

Non-significant effects were observed for the association between the percentage of 2nd doses of 

medication taken and the mean and standard deviation of the number of minutes between the first 

and second dose (Table 42).  

Table 42 
Associations with likelihood of taking 2nd dose of medication (% 2nd doses taken). 

 n Correlation with % 
2nd doses taken 

95% CI 

Mean mins between 1st and 2nd dose 65 0.12 [-0.13, 0.35] 

SD mins between 1st and 2nd dose 63 0.05 [-0.20, 0.30] 

Mean context stability to 1st dose  50 0.59 [0.38, 0.75] 

Mean context stability to 2nd dose  50 0.17 [-0.11, 0.43] 
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9.4.6 RQ4 analysis: were participants more likely to take a 2nd dose of medication if the 1st 

dose was more contextually stable? 

A large effect size was observed between the percentage of 2nd doses taken and the context stability 

of the first dose of medication taken (Table 42; r=0.59, 95%CI=[0.38, 0.75]). Figure 31 shows that, in 

this sample of participants, it was unlikely for participants to take a high percentage of their second 

doses of medication if they did not have high context stability for their 1st dose of the day (i.e. few 

data points in the top left quadrant of Figure 31). However, given that neither the mean context 

stability for the 2nd dose of medication nor the mean or standard deviation of the number of 

minutes between doses was associated with the percentage of 2nd doses taken. This suggests that 

having high context stability for the first medication of the day makes participants more likely to 

take the 2nd medication, but not necessarily because the participant is taking it at the same time as 

the 1st.  

 

Figure 31 
Relationship between the percentage of second doses taken against context stability for the first 
dose of the day (r=0.59, 95%CI=[0.38, 0.75]). 

9.4.7 Post-hoc exploration of the observed effects in the analysis of RQ3 and RQ4 

The descriptive statistics presented in Table 41 may give some insight into the observed effects 

found in the analysis of RQ3. The mean number of minutes between the 1st and 2nd doses taken was 

359.9 minutes (SD=214.0). Among those that took more than 90% of their second dose of the day 

(n=14), the average time between doses was 415 minutes (SD=221.5 minutes) and not all people 

with very few average minutes between 1st and 2nd doses were highly adherent to their 2nd dose (see 

Figure 32). This indicates heterogeneity in the medication-taking sessions participants were choosing 

throughout the day; some participants appeared to take a single medication in the first session of 

the day and two in the second, whereas others appeared to take two in the first and one in the 

second, and some may have taken medications over three separate sessions. 
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Figure 32 
The relationship between the % second doses taken and the mean number of minutes between 1st 
and 2nd doses (r=0.12, 95%CI=[-0.13, 0.35]). 

This is exemplified by the following cases, presented in Table 43. All three participants had greater 

than 90% adherence to their 2nd medication of the day but took it separately from the 1st dose; on 

average, participants took their 2nd medication between approximately five and 12 hours after the 

first. All participants had high context stability for the 1st medication of the day but comparably 

lower context stability for the 2nd medication of the day, despite taking a high percentage of their 2nd 

medications.  
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Table 43  
Example cases that achieved high adherence to 2nd medication of the day without taking the dose 
with a contextually stable first dose of the day. The top panel presents summary statistics for the 
three cases. The bottom panel presents plots of the times of day at which each of the 1st, 2nd and 3rd 
inhalations were taken, by day of their involvement in the RCT. 

Case % 2nd doses Mean minutes between 1st 
and 2nd dose (SD) 

Mean context stability to 1st 
medication 

Mean context stability to 
2nd medication 

A 99.5% 736.3 (158.9) 70.6% 60.6% 
B 92.0% 576.6 (205.4) 73.5% 52.8% 
C 99.1% 297.1 (107.8) 71.9% 57.9% 

A  

 
B  

 
C 

 
 

9.5 Discussion 

9.5.1 Summary of Chapter 9 findings 

Thesis Aim 2, Objective 4 was explored in Chapter 9 with a series of analyses which investigated the 

utility of an objective metric of context stability metric in answering a series of clinically applied 

research questions. The first research question (RQ1) asked after how many days should those most 

at risk of failing to maintain medication adherence be identified. The findings indicated that, once 

people with CF in this trial did initiate adherence (defined as 3 consecutive days of taking their first 

medication of the day) clinicians should expect the 25% of participants most likely to fail to maintain 

to have done so by day 35 (SE=3.32 days). The second most at-risk quartile of participants (25-50%) 
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failed to maintain adherence between days 35 (SE=3.32 days) and 126 (SE=10.2 days), a period of 

approximately 91 days. During this time, the Kaplan-Meier curve visibly reduced in steepness, 

indicating a reduction in the rate of failure to maintain adherence among the remaining participants. 

Furthermore, for those without any additional support, failure to maintain was expected for 25% of 

participants within 31 days (SE=3.21), and 50% were estimated to fail to maintain within 109 days 

(SE=18.16). The second research question (RQ2) asked whether the likelihood of maintaining 

behaviour in the future was higher for those with greater context stability. The Cox regression 

analysis indicted that context stability was a highly significant predictor of failure to maintain 

medication adherence (p<.001); high context stability reduced likelihood of failure to maintain by 

approximately 5% (HR=0.95 [0.93, 0.96]), after adjusting for other covariates in the model. The third 

research question (RQ3) asked if participants that were prescribed three doses of medication per 

day were more likely to take a 2nd dose of medication if they took it immediately after their 1st dose; 

non-significant effects were observed for the association between the percentage of 2nd doses of 

medication taken and the mean and standard deviation of the number of minutes between the first 

and second dose. Finally, RQ4 asked if participants were more likely to take a 2nd dose of medication 

if the 1st dose was more contextually stable; higher context stability for the 1st dose of medication 

was associated with higher adherence to the 2nd dose (r=0.59, 95%CI=[0.38, 0.75]). The findings for 

each of these research questions are discussed, below. 

9.5.2 Strengths and limitations of RQ1 and RQ2 findings 

The findings from RQ1 indicate that the riskiest period for failure to maintain adherence to the first 

medication of the day is in the first 109 to 126 days after starting to use a device that can record and 

monitor adherence behaviour. Unlike previous chapters, this analysis used data from the beginning 

of the trial. The key conceptual difference is that use of data from the start of the trial enabled an 

exploration of behaviour following a change in the usual medication-taking scenario, triggered by 

the receipt of a new device to administer medication and the awareness that adherence behaviour 

was being recorded. This might be considered a critical change in circumstance which could, for 

some participants, function as a trigger to initiate a change in behaviour (e.g. see discussion in 

Verplanken et al., 2018 and white coat effect, see Podsadecki et al., 2008). For clinicians and 

intervention designers, it could be useful to know for how long an increase in adherence caused by 

this change remains in effect. The findings most usefully highlight an initially steep but plateauing 

Kaplan-Meier curve. This describes that, as time went on, the likelihood of failing to maintain 

medication adherence became smaller and occurred somewhere in the region of one to four months 

after receipt of initiation of use of the device.  
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The results from RQ2 complement the identification of a critical period by identifying characteristics 

of behaviour which might indicate higher risk of failure to maintain within that time; context stability 

affected the rate of failure to maintain such that those with higher context stability were less likely 

to fail (p<.001, HR= 5%). Whilst a small effect, this is consistent with findings from previous chapters 

in which context stability significantly explained 8.2% of the variance in future behaviour (see 

Chapter 8). RQ2 findings provide supporting evidence of the protective attributes afforded by habit 

formation and/or established habits in action; behaviours performed in more contextually stable 

environments are theoretically more likely to be or become habitual and were found to be more 

likely to be maintained.  

For the purposes of these analyses, initiation of and failure to maintain medication adherence was 

defined as three consecutive 3 days of adherence, and non-adherence, respectively. Whilst the six-

month threshold suggested by the Transtheoretical Model of behaviour change (Prochaska & Di 

Clemente, 1982) has been widely used to define the boundary of ‘maintenance’, the present analysis 

took a different perspective which was more suited to the research question. This is a novel 

definition and future work could look to explore how this metric of maintenance relates to other 

characteristics of behavioural repetition and definitions of maintenance. Prochaska and Di 

Clemente’s definition still requires some definition of what people are doing at 6 months and the 

definition used in the present analysis may be a useful place to begin; the analysis estimated that 

approximately 40% of the participants had not missed three consecutive days of medications at 180 

days (~6 months) after initiating the behaviour but how this relates to, for example, how many other 

medications the participants were able to manage or the clinical effects on lung health are yet to be 

explored. 

9.5.2 Strengths and limitations of RQ3 and RQ4 findings  

Together, RQ3 and RQ4 findings suggested that people who demonstrated higher adherence to their 

2nd dose of medication did not necessarily achieve this by initiating the 1st dose in a stable context 

and taking the 2nd dose in the same session of behaviour. The mean number of minutes between 

doses was 359.9 minutes (SD=214.0) and, exemplified by three case studies, those with highest 

adherence to their 2nd dose on days when a 1st dose was taken did not fall at the lower end of this 

distribution.  

These findings are contrary to what was expected but a few factors may have converged to produce 

the results of this analysis. The sample was comprised of participants that were prescribed three 

doses of medication per day; this was a design choice made first to ensure that more than one dose 

of medication was prescribed to participants included in the sample whilst ensuring comparability 
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between participants in terms of the expected behaviour and second to maximise the sample 

available for analysis (i.e. because three prescribed doses of was the most frequent regimen 

observed in the full trial sample because it is common for people with CF to be prescribed 2 doses of 

antibiotics with one dose of DNAse). However, this design choice resulted in two features of the 

analysis sample which may have affected the results: first, a mixture of intervention arm (n=35, 

52.3%) and control arm participants were included in the analysis but neither group was explicitly 

instructed on how to distribute their inhalations throughout the day. Some clinicians in the trial 

were known to prefer their patients to wait 30 minutes between a dose of antibiotic and DNAse 

which may explain why three medication sessions are apparent in plots for participants B and C 

(Table 43). Furthermore, Participant A appears to prefer to take one dose in the morning and two 

doses in the evening. These example plots represent three of the 14 high adherers (i.e., whose 

adherence to 2nd dose of the day exceeded 90%) identified in the sample selected for this analysis. 

As such, it appears that the evidence presented in the analysis of RQ3 and RQ4 may be limited more 

by absence of participants performing two doses in the morning and one in the evening in the first 

instance, meaning it was not possible to assess the effects of this compared to alternatives using this 

dataset. As discussed in the introduction to this Chapter, there is theoretical rationale to assume 

that taking the 2nd dose immediately after a contextually triggered first dose should ensure higher 

adherence to the second dose. To adequately examine this hypothesis it may be necessary first to 

assess the acceptability of aiming to complete more than one inhalation in the first session of the 

day to understand why many of the participants in this sample opted not to do so, followed by an 

interventional study in which some participants are explicitly asked to take two doses in the morning 

and one in the evening, and the other participants are asked to do the reverse. N-of-1 methods 

(Kwasnicka & Naughton, 2020) supported by electronic data capture and context stability metrics 

such as those developed in this thesis may be usefully employed to explore this idea in more detail. 

Furthermore, higher context stability for the 2nd dose was not significantly associated with higher 

adherence to the 2nd dose (r=0.17, [-0.11, 0.43]), but higher context stability for the 1st dose of 

medication was associated with higher adherence to the 2nd dose, with a large effect size (r=0.59, 

95%CI=[0.38, 0.75]). Given the small sample, these findings should be interpreted with caution but 

they may be an indication of reduced sensitivity of the objective context stability metric for 

behaviours performed later in the day. Using the three examples presented in Table 43, these were 

individuals with high adherence to their 2nd dose but their plotted data noticeably exhibits greater 

variability in the times that their evening doses of medication were initiated, which was also 

reflected in their context stability scores for the 2nd dose, compared to the first. One possible 

explanation for the individuals having high adherence to their 2nd dose of medication is that they 
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were performing that dose with habits of equal strength to their 1st dose of the day, cued by another 

routine, but that the evening routine happened at more variable times than that of the morning. To 

date there is little research and mixed findings as to whether behaviours are more frequent and 

more habitual in the morning compared to the evening and this may in some part relate to the 

quality and focus of the existing literature. Some studies have demonstrated more frequent 

behaviour in the morning; for example Maher et al., (2021) found that self-reported occasions of 

physical activity were most frequent in the morning compared to afternoon or evening, but the 

authors do not comment on whether context stability was higher for the morning (see also Domke 

et al., 2019 who demonstrated more frequent action plan enactment in the morning compared to 

later in the day). Other studies have more explicitly tested the relationship between morning vs 

evening performance of behaviour, frequency of behaviour and habit strength; Fournier et al., 

(2017) demonstrated that behaviours performed when waking in the morning achieved automaticity 

(i.e.  became habitual) more quickly than those performed prior to bedtime. However, this finding 

was attributed to cortisol levels and the outcome was assessed using the Self-Report Behavioural 

Automaticity Index (SRBAI; Gardner et al., 2012). These findings do not directly relate to the findings 

of RQ3 and RQ4 as they do not shed light on the variability in temporal initiation of behaviours in the 

mornings compared to the evenings.  The most comparable existing research with respect to the 

present findings was conducted by Phillips et al., (2021). They compared, in people prescribed two 

doses of medication per day, the frequency and variability in times they took their morning 

medications compared to their evening.  They found that morning medications were taken more 

frequently, but variability in the times that morning and evening medications were taken were not 

statistically different. The authors comment that a trend indicated slightly higher variability for the 

evening pill and, because of their small sample (n=51 participants). Furthermore, closer inspection of 

the data included in this study shows that the values for variance are extremely small in both groups 

and thus the findings may be resultant of a homogeneous sample of highly adherent and habitual 

patients; on average participants were more than 80% adherent to their medications and average 

variance in the morning was 6.26 minutes (SD=4.12) and 6.54 minutes (SD=6.07) in the evening. 

Arguably, these figures indicate that both morning and evening behaviours were performed 

habitually in response to specific routines for most participants but it is possible that the difference 

in frequency may relate to the absence of cues in the evening on some days and more consistent 

cue encounters in the mornings. Due to unlabelled inhalations and few participants with comparable 

regimen, there is no way to conduct a more in-depth analysis of this issue in the ACtiF dataset but 

this preliminary finding is an important avenue for future research to explore.   
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9.6 Conclusions 

In summary, the objective metric of context stability developed in Chapters 6, 7 and 8 was utilised in 

a series of clinically applied research questions to address Thesis Aim 2, Objective 4. The discussion 

highlights that the conclusions from the findings, particularly for RQ3 and RQ4, are limited in 

generalisability but the analysis usefully highlighted some important considerations and directions 

for future research. These are discussed in Chapter 10. 
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Chapter 10. Discussion 

The primary aim of this thesis was to explore the role, conceptualisation and measurement of habit, 

habitual behaviour and context stability in adherence to medication for people living with long-term 

conditions. The final chapter of the thesis includes a discussion and reflections on the thesis findings 

along with an appraisal of the strengths and limitations of the work presented and 

recommendations for future research.  

10.1 Summary of Thesis Aims, findings and contributions to habit research 

There were two core aims of this thesis: i) to examine the conceptualisation of ‘habit’ and the 

implementation and utility of ‘habit formation’ in interventions to support the maintenance of 

medication adherence, and ii) to explore whether the time of day at which people take their 

medications can be used to derive an objective metric of context stability for use in habit research. 

With respect to the first aim, the review conducted in Chapter 3 found little evidence that 

researchers designing interventions to improve medication adherence in people with long-term 

conditions use contemporary habit theory. Whilst use of the term ‘habit’ was identified in the 

description of 15 different intervention studies, few referenced key contemporary theory or 

literature and only six explicitly used context-dependent repetition as a behaviour change technique. 

The review has been published and on invitation, was presented to habit researchers at the EHPS 

international conference in 2022. There are two key contributions to habit research resulting from 

the exploration of this aim and dissemination of the review findings, discussed below.  

The first key contribution was the exposure of the needs of, and opportunities afforded by, habit 

research conducted on medication adherence behaviour. To date, a body of work conducted by 

Allison Phillips and colleagues that has broadly embedded itself within the behaviour change 

literature (e.g. Phillips et al., 2013, 2022; Phillips, 2011; Phillips et al., 2016; Phillips et al., 2021) and 

latterly, the work conducted by Hoo and colleagues which been mainly embedded in the domain of 

CF research (e.g. Hoo et al., 2017; Hoo, Gardner, et al., 2019; Hoo, Wildman, et al., 2019) have begun 

to establish the theoretical basis of the role and contributions of habit in medication adherence 

behaviour. However, most habit theory applied to interventional research has been focused in other 

health behaviours, most prominently exercise (e.g. see Phillips, 2020). The review drew attention to 

the fact that habit has the potential to support issues with medication adherence and that quality 

research is both feasible (afforded by the availability of devices that can objectively measure the 

behaviour) and needed (indicated by the scarcity of studies identified for the review).  
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The second key contribution from the review is lessons learned during the conduct of BCT coding in 

‘habit interventions’; the review discussion highlights that even among studies using ‘context-

dependent repetition’ as a BCT, it was never used alone, was always with some combination of 

behavioural regulation BCTs and was often difficult to discern. This was reflective of work conducted 

by Gardner and Rebar (2019); BCTs used with context-dependent repetition were not unanimous 

between studies and coding was challenging in some cases due to ambiguity in BCT definitions. For 

example, coding context-dependent repetition and action planning together was often unnecessary 

as the former was necessarily a subtype of the latter. Similarly, Michie et al’s (2013) BCT taxonomy 

necessarily required ‘Behavioural Practice/Rehearsal’ to be coded when context dependent-

repetition was coded but this was often unnecessary as usually the participant was not practicing. I 

presented these among other reflections in Bratislava at the EHPS 2022 Habit Special Interest Group 

meeting. My learning points from the conduct of this review served as a starting point for a 

discussion on what exactly constitutes a ‘habit formation’ intervention, and whether researchers can 

articulate this in an accurate way using existing taxonomies, or if more is needed to enable 

transparent and reproducible dissemination of habit intervention content.  

One characteristic of the research conducted in the later Chapters of the thesis highlights the need 

to clarify the bounds of what constitutes a ‘habit intervention’. Sixty-seven percent of the original 

trial sample was included the analysis of RQ1 and RQ2 in Chapter 10, meaning around a third did not 

initiate maintenance as it was defined, and/or contribute 15 inhalation records for the duration of 

their engagement with the trial. This was similar in other chapters, in which a portion of the sample 

were not included in analyses because they did not engage in adherence behaviour enough for 

context stability to be calculated. Conceptual models of habit, such as those described in Gardner et 

al., (2020) and Gardner & Lally (2018) outline a series of prerequisite stages which must be achieved 

in order for a habit to form. For example, both Gardner and Lally’s (2018) generic model of habit 

formation, and Arden et al’s (2021) model of habit formation for the CFHealthHub intervention to 

improve medication adherence both require that an individual engages in intention formation and 

action initiation stages before they can engage with habit formation. The extent to which habit 

interventions should include BCTs to support these prerequisite stages of habit formation is under 

debate but in the meantime, it is important for researchers to acknowledge that not all participants 

may be ready to engage in context-dependent repetition and either explicitly exclude those from 

their target population or include appropriate content to support them toward that stage. This is 

important as, if not recognised or acknowledged, it may lead to underestimated effectiveness of an 

intervention which identifies as a ‘habit intervention’ (i.e., delivers context dependent repetition as 

a BCT) because it is not appropriate for the population that receives it. 
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With respect to the second thesis aim (i.e. to explore whether the time of day at which people take 

their medications can be used to derive an objective metric of context stability for use in habit 

research), the work conducted in Chapter 4 and Chapters 6 to 9 demonstrated that a novel and 

objective metric of context stability was able to explain small but significant variation in the 

adherence behaviours of people with CF, with comparable effects to that observed in external 

research. The key contributions of this work lie in the progression of the discourse surrounding the 

objective measurement of habit and context stability and are best discussed in relation to the 

strengths of specific findings. These are presented below, followed by my reflection on the scope of 

the contributions from these chapters in terms of conceptual and methodological limitations and 

recommendations for future research. 

10.2 Strengths of this research 

The derivation of an objective measure of habit could be construed as a simple matter of taking 

some observations of the time at which a participant initiates a behaviour of interest and 

aggregating it into a single score which describes the variance of the available data (i.e. as in Phillips 

et al.’s 2021 conceptualisation of objective ‘habit strength’). Or, derivation of an objective measure 

of habit could be construed as a matter of capturing variance in the time of behavioural initiation 

and multiplying it by the frequency of the behaviour (i.e. as in the objective measure of habit 

inspired by the BFCS which was developed by Hoo, Wildman, et al., 2019).  

These two studies and the methods described therein served as the initial inspiration for this thesis; 

their existence evidences that researchers in this area are looking to explore the issue of measuring 

habit using objective data, and both of these studies were conducted with data derived from 

medical devices that tracked the time and date at which medication adherence was initiated. In my 

early investigation and critique of these two key studies, I found there were some obvious 

differences in approach, which when looking at the broader literature, became even more apparent. 

Considering these differences, I outlined three questions that needed to be explored before any 

significant progress in this area could be made: 1) Why, when implementing objective measures, do 

some people use context stability alone as a measure of ‘habit strength’ (e.g. as in Phillips et al., 

2021) and others multiply context stability by frequency (e.g. as in Hoo, Wildman et al., 2019);  2) 

What is the impact of multiplying frequency by context stability and accepting comparability 

between conclusions drawn from studies using these two different but ostensible measures of 

‘habit’?; and 3) Should we accept the raw time of day as the closest proxy to the true contextual cue 

that we’re trying to measure? These questions formed the basis of Thesis Aim 2. 
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Exploration of the first and second of these questions necessitated an in-depth analysis of the 

numerical properties of the BFCS measure and its use in the existing literature, as well as 

consideration of instances in which researchers require and/or use measures of context stability, 

alone (Thesis Aim 2, Objective 1). The findings were presented in Chapter 4; I concluded that the 

BFCS approach to measuring habit (or more correctly, the likelihood of individuals having a habit; 

Gardner, 2015) raised too many questions for this approach to be used in the development of an 

objective measure in this thesis. Furthermore, the critique highlighted that to address these and 

other key and unanswered questions at the core of contemporary habit research (see Gardner et al., 

2021's 'Twenty-one unanswered questions'), an objective measure of context stability which was 

conceptually and numerically distinct from frequency of behaviour was required. This critique 

established a detailed theoretical rationale for the remainder of the thesis and was the first time 

these limitations of the BFCS approach had been explicitly articulated. The critique raises novel and 

important concerns about our understanding of the conclusions drawn in studies which have 

previously used the BFCS approach to measure habit; whether variance in behaviour explained by 

the BFCS is driven by change in frequency or change in context stability, or both is one among a 

series of key questions posed in Chapter 4. Importantly, if closer inspection of the variance explained 

by a BFCS measure is driven by differences in frequency and not context then the conclusions that 

habit explained behaviour in these instances becomes challenging. Chapter 4 can be used as a guide 

for future research to begin to unpick these uncertainties. 

The exploration of the third of my initial questions began in Chapter 6; this pertained to whether, as 

habit researchers, we should accept the raw time of day as the closest proxy to the true contextual 

cue we are trying to measure. As discussed in Chapter 1 and more explicitly in Chapter 6, little is 

known about what exactly constitutes a contextual cue; the example given in Chapter 6 is that 

someone may have a habit for reading the paper with a morning coffee, but any one of drinking 

coffee, the fact it is morning, sitting at the kitchen table, or the feeling of bleariness, or all four 

features in combination, could conceivably cue the news-reading behaviour (Wood, 2017). Some 

may therefore criticise the approach of using the objective time of day as a single indicator of 

context stability, claiming it is reductionist and oversimplified. A number of studies have used 

multifaceted metrics of context stability in which they ask participants to self-report on potential 

cues such as the time of day, location, social environment and even preceding routines to a 

behaviour and combine scores on each of these items to represent context stability (e.g. 

Friedrichsmeier et al., 2013; Judah et al., 2018; Kilb & Labudek, 2022; McCloskey & Johnson, 2019). 

However, few studies have explicitly compared the predictive utility of different types of context. 

These studies provide some tentative evidence to suggest that temporal stability may be among the 
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most predictive of behaviour and habit strength in physical activity; for example, Furman et al., 

(2021) asked their participants to report their moderate to vigorous physical activity (MVPA) 

engagement before and during COVID-19, as well as the context stability of their engagement in 

terms of consistency of the time of day, interaction partners, type of activity, surrounding events 

and location of exercise. They found that participants who engaged in MVPA at consistent times of 

day were least likely to decrease MVPA during the COVID-19 pandemic. The authors concluded that 

this demonstrated the time of day was both an effective cue to behaviour and the most resilient to 

disruption. In another study, Kaushal & Rhodes, (2015) found self-reported temporal consistency of 

behaviour to be predictive of habit formation. However, the findings of these two studies may need 

to be considered with caution as their metrics of ‘temporal consistency’ may not truly reflect 

consistency in the time of day per se (i.e., ‘clock time’) but may represent where the behaviour 

occurs between other behaviours that routinely happen at similar times of day, or in a broader sense 

of the time of day such as the morning, afternoon or evening. In their study, Furman et al., (2021) 

asked participants to respond to the statement ‘Each time I exercised … it was the same time of day’ 

on a scale from 1 = ‘not at all true’, to 5 = ‘very true’. The phrasing of this question may lead not 

people to respond in terms of clock time but in more general terms (i.e., ‘in the morning after 

breakfast and that happens at about the same time every day’). Similarly, Kaushal and Rhodes 

(2015) asked participants to self-report ‘temporal stability’ but defined this in terms of performing 

the behaviour at a ‘particular time or after a particular activity’. One other study compared temporal 

stability measured objectively using timestamps to other forms of self-reported context stability; 

Maher et al., (2021) found a positive association between temporal context stability and MVPA, such 

that people who exercised at the same time of day were more active compared to people 

performing MVPA at more variable times. However, temporal context was summarised quite 

broadly into morning, afternoon, and evening in this study. These differences in terms of 

conceptualisation of ‘temporal context’ are important to consider as the literature moves forward; 

we must consider how the evidence provided by self-report measures such as in Furman et al., 

(2021) and Kaushal & Rhodes, (2015) translates to and compares with that of Maher et al., (2021) 

and to that of the present thesis.  

Perhaps more convincing support for the use of ‘clock time’ to measure context stability with 

objective data can be gleaned from a recent study by Keller et al., (2021). This study provided 

interventional evidence that performing an everyday nutrition behaviour in response to (clock) time-

based and routine-based cues led to increases in automaticity and enactment of behaviour in both 

groups; no differences between these groups were observed throughout a follow-up period of 84 

days. This study is the first of its kind to demonstrate that people can- and do- effectively perform 
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behaviours in response to clock-times and therefore the time of day may serve as a useful starting 

point for the objective measurement of context stability in health behaviour.  

However, the stance of the present thesis was that it is unlikely, for habits made without specific 

intervention and instruction, that the time of day is either ubiquitously or consciously selected as a 

cue to behaviour for most people, nor does it remain the extent of the context which cues a habit 

once established. . For the intervention arm participants at least, CFHealthHub interventionists were 

trained to guide participants to identify routines rather than times of day and to build these into 

action plans to take their medications. The strength of the present thesis is that the methods used to 

capture context stability from the time of day also tried to capture routines; this is a novel and 

conceptually advanced approach compared to existing research that has attempted to objectively 

measure context stability. The thesis demonstrated how RQA methods can be used as a pragmatic 

solution to the problem of capturing routines; used in combination with time-stamped behavioural 

data, RQA methods can capture whether someone repeats a behaviour within a window of time 

from day-to-day and from week-to-week without having to elicit self-reported responses, or without 

the use of more expensive and invasive tracking devices (e.g., which capture GPS information or 

those attached to home devices). This is the first application of RQA methods to the problem of 

objectively measuring context stability and the research presented in the exploration of Thesis Aim 

2, Objectives 2 and 3 demonstrated that RQA can be a useful and conceptually appealing tool when 

applied to this issue. 

The utility of the metric of context stability established in this thesis was demonstrated in a series of 

theoretically driven statistical tests, designed to understand the explanatory power of context 

stability in behaviour. The metric is unique, not only because of the features described above, but 

also because it is the first of its kind to be demonstrably conceptually and objectively delineated 

from frequency of behaviour. The issue that variance explained in behaviour because the behaviour 

happened before has been explicitly criticised and perhaps also overlooked; self-reported measures 

of context stability, to my knowledge, have undergone no empirical scrutiny in terms of the extent 

to which participants can accurately report on the context stability of their behaviour without this 

being affected by the frequency with which they perform it. The analyses presented in Chapters 7 

and 8 replicate common findings from the literature but with two methodological strengths: the 

confidence that context stability is delineated from frequency of behaviour, and that it relates to the 

likelihood of a specific habit. 

The latter of these strengths has also been overlooked in much of the medication adherence and 

habit research; particularly when self-reported measures of habit such as the SRBAI have been used 
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(e.g. see Badawy et al., 2020; Hoo, Gardner, et al., 2019; Wildman et al., 2021) but even in some of 

the work developing objective measurements of habit (Hoo, Wildman, et al., 2019; Phillips et al., 

2021), researchers have tended to ask participants to self-report on the behaviour of interest in 

general, and not for specific performances of the behaviour. Particularly relevant to the case of 

medication adherence, it is theoretically plausible for people taking medications to have habits of 

different strengths and with different cues for their morning and evening medications; a person may 

have a strong habit for their morning medication but a weak or no habit for their evening, or vice 

versa. In such an instance, the participant will likely find it difficult to report on the context stability 

or strength of habit of both sessions in a single response. The analyses conducted throughout this 

thesis have tried to overcome this by separately analysing each repetition of behaviour within a 

single day.  

Finally, the utility of this metric of context stability has been demonstrated with different ways of 

thinking about maintenance of behaviour; the metric was put to test in classic habit research 

paradigms in which it was used to explain and predict maintained behaviour. However, there is a 

need for future research to justify and delve deeper into what forms of maintenance are important 

to different populations, behaviours and why. This is discussed with respect to my broader 

recommendations for future research, below. 

Combined with the findings of the machine learning-assisted review in Chapter 3, this thesis has 

increased the profile of habit in medication adherence research. The thesis includes two detailed 

discussions which lay comprehensive and rigorous theoretical foundations for the progression of 

research on the objective measurement of context stability and its relationship to habit, habitual 

behaviour and maintenance of behaviour. Exploratory empirical studies have initiated the 

development of an objective metric of context stability which built on these foundations. The 

limitations of the research presented in this thesis are discussed below, each with recommendations 

on how future research could address these. 

10.3 Limitations and recommendations for future research 

The primary limitations of this thesis relate to several aspects of generalisability; whilst the 

properties of BFCS measures and theoretical insights about what is needed from a measure of 

context stability presented in the early chapters of the thesis are applicable to a range of behaviours 

and populations in the study of habit, it is unclear whether the specific metric of context stability 

developed in this thesis will demonstrate comparable utility in explaining other health behaviours, 

medication adherence behaviour beyond this sample, or the first repetition of medication 

adherence behaviour in the day. The metric was developed using a large dataset from the ACtiF RCT 
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of the CFHealthHub intervention. This was a large longitudinal dataset with time-stamped adherence 

data. However, this is a single dataset in a single condition. Recommendations for future research 

are presented below in terms of further exploration of these limitations and insights from the 

theoretical and empirical findings of the thesis.  

The dissociation of multiple repetitions of the same behaviour from one another is a conceptual 

strength of the research in this thesis; the approach recognised that whilst nominally the same 

behaviour, each repetition conducted throughout the day may be controlled by distinct habits. Steps 

were taken to identify what participants may have themselves considered the first inhalation of the 

day; as in similar, previous research in people with CF (Hoo, Wildman, et al., 2019) the start of each 

day was shifted from midnight to 5am in order to reflect what participants more likely considered 

the start of the day and to avoid capturing late (i.e. post-midnight) inhalations as early inhalations on 

the following day. However, analyses 3 and 4 in Chapter 9 indicated that there may be challenges in 

extending the foundational work conducted on the first repetition of behaviour throughout this 

thesis to the second, third or other inhalation of the day for two reasons.  

First, higher context stability of the second inhalation of the day was not significantly associated with 

higher adherence to that inhalation. One possible explanation for this result might be linked to the 

limitations of the dataset. As a hypothetical example, a participant prescribed three doses of 

medication a day may have intended to take two doses in the morning and one in the evening, but 

on some days didn’t have enough time to do two doses in the morning. They may have then skipped 

their ‘second’ and took their ‘third’. On other days, they may have managed to fit both doses into 

their morning schedule. Because the drug that was inhaled was not labelled in this dataset it was not 

possible to identify instances in which this may have happened. The impact of this is that the 

participant’s set of ‘second inhalations’ would consist of some in the morning and some in the 

evening which might not reflect what they considered to be their adherence to the second 

medication. This would have artificially reduced their context stability score. The only way to 

investigate this further is using a dataset with some mechanism of flagging instances when this 

occurred (e.g., by asking participants what order and when they intend to take their medications and 

having devices which track which medication is taken).  

The second reason the metric of context stability may not extend well to repetitions of behaviour 

later in the day was also indicated in Chapter 9; the three plots of inhalations and respective context 

stability scores showed lower context stability to evening repetitions of behaviour than the morning, 

whilst still showing very high adherence. One explanation for this is that these plots represent 

people with habits for their evening behaviour but whose cues occur at less rigid clock-times. It is 
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possible that many people who, for example, have work or daily commitments, have fairly rigid 

morning routines that are driven by clock-time limits (i.e. waking up because an alarm clock sounds 

at 6:30am, having to drop their children off at school by 8:30am and being at work or 9am). Because 

of the time pressure, activities conducted between these clock-times may follow very similar 

routines which closely align with clock-times. However, the same person’s evening routines may 

follow less clock-driven agendas; the same or similar pattern of behaviours may be initiated on 

walking through the door at 6pm but the length of time spent on them may not be as rigid (e.g. 

cooking dinner may take five, 20 or 40 minutes, depending on the complexity of what is being 

prepared). The metric of context stability developed in this thesis was designed to capture repetition 

of behaviour within windows of time; the method is designed to allow for routines to happen at a 

different time from the day before as long as it is repeated again in the future, but this is bounded 

by the behaviour recurring within a specific window of time. The W_rad_90 variable indicates 

whether behaviour did not occur within 90 minutes of another observation and the LAM_rad_15 

variable indicates whether behaviour occurred within 15 minutes of another observation. It may be 

that, for behaviours cued by other routines in the evening, a 15-minute window is too narrow and 

would need to be adjusted to better reflect the nature of the cue. These limitations are relevant 

both for generalising the utility of the metric of context stability developed in this thesis to other 

repetitions of behaviour in the day and to other behaviours. Future research should investigate 

whether the metric of context stability developed in this thesis can be explain the same or similar 

variance in behaviours performed later in the day and whether this is true of behaviours other than 

adherence to medication. It may be that other metrics derived from RQA are more suited or 

sensitive to other behaviours and those performed later in the day. 

10.4 Broader reflections on the thesis findings and further recommendations 

Throughout the conduct of this thesis, I have reflected on how an objective measure of context 

stability and medication adherence in people living with long term conditions, particularly people 

with CF, could be useful in the study of questions at the centre of current debate in habit theory. 

One such debate is around the impact of behavioural complexity. Whilst not possible with the 

present dataset, changing when people prescribed three doses of medication take their medications 

throughout the day could be a useful case study for exploring the challenges of behavioural 

complexity. In Chapter 9 for example, I attempted to measure context stability to the first and 

second repetition of behaviour to explore whether linking two repetitions of behaviour together 

(i.e., ‘behaviour stacking’) was more effective for adherence to medication in people with CF than 

taking only one dose in the morning and two in the evening. This was framed in terms of an applied 

clinical research question and the effects of time of day on behaviour and the conclusions were that 
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experimental manipulation of morning vs evening scheduling of doses was required to draw 

definitive conclusions about whether this made a difference. This same study could also be useful in 

developing the evidence base for recently established theory about behavioural complexity and 

habit (Gardner, 2022; Gardner & Lally, 2022; Phillips & Mullan, 2022; Rebar et al., 2022). Recent 

definitions of complexity converge on the number of sub-actions required to complete a behaviour 

being a key characteristic which defines degree of complexity. There are opposing views on the 

effects of ‘behavioural complexity’ on the formation and enactment of habits but there is already 

some convincing theoretical grounds and supporting empirical evidence that the complexity of 

behaviour has no impact on the relationship between habit and behaviour frequency (see Gardner, 

2022; Gardner & Lally, 2022). However, the extent that complexity is something that subjectively 

changes despite objective similarity (as argued to be a characteristic of complexity by Rebar et al., 

2022) and the effects of behaviour complexity on the translation of habit into action is a matter of 

contention and could be studied in behaviours in which the objective complexity in terms of number 

of sub-actions can be easily defined and manipulated (i.e. one vs two doses in a single session). An 

interventional study with ecological momentary assessment of perceived complexity, in which some 

participants are assigned to take their first two doses in the morning and one in the evening and the 

others are assigned to do the opposite, could shed light on this.  

Another reflection relates to how habit and health research defines maintenance of behaviour and 

how much emphasis habit researchers should put on trying to achieve truly habitual health 

behaviour. First, with regard to maintenance: ‘Maintenance’ or ‘future behaviour’ are seldom 

defined in the same terms from one study to the next. One of the most commonly used definitions is 

taken from the Transtheoretical Model of Health Behaviour change (Prochaska & DiClemente, 1982), 

which among other processes and ‘Stages of Change’ defines maintenance as evidence of sustained 

behaviour six-months post-initiation. This has become popular among researchers interested in 

maintenance as it provides an easily identifiable time cut-off. This definition was used in the 

rationale for exclusion of studies with less than six-month follow-ups in the review presented in 

Chapter 3 and used to guide the selection of data in the exploratory research conducted in Chapters 

6 to 8. However, in Chapter 9 ‘failure to maintain adherence’ was defined as failing to take 

medication for three consecutive days following initiation. Whilst a very different metric of 

maintenance, this definition falls within the scope of one of the most seminal syntheses of 

maintenance theory by Kwasnicka et al., (2016), who defined maintenance as ‘the continuous 

performance of a behaviour following an initial intentional change at a level that significantly differs 

from the baseline performance in the intended direction.’ (p.280). Their definition appears to 

purposely leave room for different metrics of maintenance to capture complexities between 
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different behaviours, contexts and individuals; it is vague in terms of length and/or amount of 

change (i.e., this definition could capture clinically or statistically significant change and in terms of 

any number of outcomes such as the number of days observed, intensity of the behaviour, and so 

on). The stance of the present thesis aligns with that of Kwasnicka et al., (2016) in that maintenance 

is perhaps best conceptualised a case of ‘horses for courses’; whilst the six-month cut-off used in the 

earlier thesis Chapters provided useful and easily implemented bounds to work with, the definition 

developed in Chapter 9 was implemented to capture possible habit formation in terms of 

maintenance in the absence of a metric of habitual automaticity. Whilst I believe that different 

definitions of maintenance should continue to be accepted in the literature, it makes synthesis of 

research using different definitions difficult. This could be helped if future research probes the 

implications of each definition on other outcomes and lengthier follow-ups. For example, syntheses 

could more informatively combine outcomes from multiple definitions of maintenance if they 

converge in predicting positive clinical outcomes at one or two-year follow-up. Specifically following 

on from this thesis, questions future research could pursue include: i) how meaningful is continuing 

to engage with a behaviour after six months in terms of clinical outcomes (e.g. lung function), on 

adherence behaviour at one year or later, and after an intervention is withdrawn?; and ii) Does the 

definition of maintenance in Chapter 9 predict increased likelihood of re-engagement after an 

instance of failure to maintain?  

Second, regarding my reflections on measuring habit, habitual behaviour and the goal of ‘habit 

formation interventions’. A metric of context stability, such as that developed in the present thesis, 

is a measure of behaviour, not habit, and cannot distinguish between people who are forming habits 

but self-regulating behaviour in response to a stable contextual cue, and those who are performing a 

habitual behaviour. There is no distinguishable difference in the outward and objective appearance 

of behaviour between these states; the transition is driven by cumulative repetition of behaviour in 

response to the cue (see conceptual model by Gardner & Lally, 2018) and the number of repetitions 

it takes to achieve automaticity varies, likely by behaviour and individual differences (Kilb & 

Labudek, 2022; Lally et al., 2010). However, the goal of habit formation interventions is to achieve 

maintenance of behaviour and there are several arguments as to why use of an objective metric of 

context stability in combination with a metric of behavioural maintenance is useful to habit 

formation intervention designers and providers: 1) an objective metric of context stability enables 

tracking and assessment of the extent to which the key BCT (i.e. context-dependent repetition) is 

implemented, and the subsequent impact of that on maintenance of behaviour; 2) objective context 

stability could be used as an indicator of people who have failed to make a habit by the time an 

intervention is withdrawn; 3) questions remain as to whether we should expect health behaviour to 
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become truly habitual and studies that have tracked habit formation in health behaviour show that 

on average participants’ scores plateau below the maximum of self-report scales of habitual 

behaviour (Fournier et al., 2017; Keller et al., 2021; Lally et al., 2010). One recent theory has 

suggested that the ability to flexibly and synergistically switch between automatic (e.g. habit) and 

reflective systems (e.g. self-regulation) may actually be the key to successful behavioural 

maintenance (see Dunton et al., 2021). To explore the theory of Dunton and colleagues in more 

detail, they list several requirements which includes a metric of context stability and one which can 

be used to measure change over time. Whilst the work presented in this thesis used average context 

stability over periods of observation, future research could examine how the metric developed in 

this thesis could be calculated and applied in rolling windows of 14 observations and combined with 

methods being developed elsewhere in the field to detect moments of change (e.g. see machine 

learning detection algorithms developed by Phillips et al., 2022).  

My final reflection is on the role of reward in habit formation; I noted that only one intervention 

included in the review in Chapter 3 included a reward-related BCT and this topic has recently come 

to the fore of habit theory discourse. Early habit theory stems from the behaviourism school of 

thought, in which researchers used animal paradigms to understand the mechanisms of conditioning 

and habit formation, concluding that experiencing reward following a specific response to a stimulus 

was the key to explaining why behaviour happened (Hull, 1943). The role of reward has largely 

remained focal to the neurological and computational study of habits (see Wood & Rünger, 2016 for 

a review), whose research tends to function in the realms of experimental manipulation of stimuli 

and reward in order to study the brain and simple behaviours such as pressing a button, under 

controlled experimental conditions. However, the extent to which contemporary theory from health 

psychology, which aims to explain much less controlled and more complex behaviours, have 

acknowledged the role of reward in habit has varied. Some researchers have explicitly acknowledged 

the necessity of reward (Phillips & Mullan, 2022; Wood & Rünger, 2016), but others have either 

described this as a factor which can influence the speed with which habits are acquired (Rebar et al., 

2022) or have omitted it all together (see definitions in Gardner 2015). Recently, Gardner and Lally 

(2022) have gone as far as to suggest that there is no empirical evidence to suggest that reward is 

necessary for habits to form in health behaviours. This remains an under-researched issue and the 

conclusions of the review were limited by the needs to define what BCTs are necessary and 

sufficient to constitute a ‘habit formation intervention’. 
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10.5 Conclusion  

A significant effort to incorporate existing knowledge and to deconstruct and critique widely 

accepted practices in the habit literature has been central to the conduct of the work presented in 

this thesis. The key contributions of this work lie in the exposure of the needs of, and opportunities 

afforded by, habit research conducted on medication adherence behaviour, the lessons learned 

during the conduct of BCT coding in ‘habit interventions’ and in the progression of the discourse 

surrounding the objective measurement of habit and context stability. The key strength is the 

articulation, consideration and empirical examination of potential solutions to theoretical and 

methodological issues in the extant habit literature. The thesis presented evidence in support of the 

utility of an objective metric of context stability and is a starting point for future research to 

continue its development by examining the scope of its generalisability in other samples, population 

groups and behaviours. 

Word count: 60,663  
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Appendices 
Appendix A. Chapter 4 machine-learning assisted review search strategy 
 
MEDLINE Search strategy (searched 13th May 2020)- 2953 hits 

1. (MeSH) exp Medication Adherence/  

2. (MeSH) exp Patient Compliance/  

3. ((medication or treatment) adj3 (adheren* or complian*)).mp. [mp=title, abstract, original title, 

name of substance word, subject heading word, floating sub-heading word, keyword heading word, 

organism supplementary concept word, protocol supplementary concept word, rare disease 

supplementary concept word, unique identifier, synonyms]  

4. 1 or 2 or 3  

5. randomi?ed.mp. [mp=title, abstract, original title, name of substance word, subject heading word, 

floating sub-heading word, keyword heading word, organism supplementary concept word, protocol 

supplementary concept word, rare disease supplementary concept word, unique identifier, 

synonyms]  

6. placebo.mp. [mp=title, abstract, original title, name of substance word, subject heading word, 

floating sub-heading word, keyword heading word, organism supplementary concept word, protocol 

supplementary concept word, rare disease supplementary concept word, unique identifier, 

synonyms]  

7. (MeSH) exp Randomized Controlled Trial/  

8. 5 or 6 or 7  

9. (habit* or routine* or automatic*).mp. [mp=title, abstract, original title, name of substance word, 

subject heading word, floating sub-heading word, keyword heading word, organism supplementary 

concept word, protocol supplementary concept word, rare disease supplementary concept word, 

unique identifier, synonyms]  

10. (behavio?r* adj3 (intervention or treatment)).mp. [mp=title, abstract, original title, name of 

substance word, subject heading word, floating sub-heading word, keyword heading word, organism 

supplementary concept word, protocol supplementary concept word, rare disease supplementary 

concept word, unique identifier, synonyms]  

11. ('behavio?r-change' or 'behavio?r change').mp. [mp=title, abstract, original title, name of 

substance word, subject heading word, floating sub-heading word, keyword heading word, organism 

supplementary concept word, protocol supplementary concept word, rare disease supplementary 

concept word, unique identifier, synonyms]  

12. ((complex or multicomponent or multi-component or multifunction* or multilevel) adj 

(intervention or treatment or programme)).mp. [mp=title, abstract, original title, name of substance 

word, subject heading word, floating sub-heading word, keyword heading word, organism 

supplementary concept word, protocol supplementary concept word, rare disease supplementary 

concept word, unique identifier, synonyms]  

13. ((adheren* or complian*) adj3 (intervention or treatment or support or improve* or promote or 

foster)).mp. [mp=title, abstract, original title, name of substance word, subject heading word, 
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floating sub-heading word, keyword heading word, organism supplementary concept word, protocol 

supplementary concept word, rare disease supplementary concept word, unique identifier, 

synonyms]  

14. 9 or 10 or 11 or 12 or 13  

15. 4 and 8 and 14  

16. limit 15 to yr="2015 -Current" 
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Appendix B. Chapter 4 machine learning-assisted review: overview of the 
implementation of an Active Learning technique during title and abstract 
screening  
 

An active learning approach (O’Mara-Eves et al., 2015) was used to assist with the title and abstract 

screening phase. In the present study active learning describes an iterative process, in which a 

machine classifier is trained on incrementally larger datasets of labelled studies, and applies the 

resulting classifier to the remaining unlabelled studies with an output of studies ranked by relevance 

for full-text screening inclusion. To begin, the first 10% of studies identified from the database 

searches were manually labelled ‘include’ or ‘exclude’ against the pre-specified criteria. This set of 

studies was used to train a machine-learning classifier based on a standard logistic regression model. 

First, a ‘bag of words’ approach was adopted by concatenating titles and abstracts for each study. 

Stop words, i.e. common English words that carry little meaning for classification (e.g. ‘a’, ‘the’), 

were removed as were any words occurring in fewer than 10% of the studies in the training set. TF-

IDF scores of the remaining terms were then calculated (TF-IDF scores are a numerical value 

intended to reflect a word’s relative importance to the study description in relation to how 

frequently it appears within the entire corpus of words across all studies; words that appear 

frequently in every document have less discriminant power and so are assigned lower values than 

words that appear multiple times in one document but infrequently in other documents, and 

therefore have greater discriminant power). The resulting feature vectors were then used to train a 

logistic regression model, using k-fold cross-validation with 5 folds, to predict likelihood of inclusion 

for full-text screening. Initial model specification was optimised by maximising overall model 

performance (accuracy) and identification of relevant documents (relevant document recall). Model 

optimisation was evaluated on the performance of a logistic regression model which gave highest 

overall model accuracy and recall for articles for inclusion. Following model optimisation on the 10% 

labelled dataset, the next 5% of studies were labelled (include/exclude), ordered from highest to 

lowest on predicted likelihood of inclusion. This process was iterated, retraining the machine 

learning classifier after each 5% increment of labelling using the reranked study list for each 

iteration, until identification of additional studies for inclusion was assessed to be unlikely. All 

remaining, unlabelled studies were excluded at this stage.  

Class imbalance was handled using synthetic minority oversampling technique (SMOTE; Chawla et 

al., 2002). This technique randomly synthesises minority class data points (here represented by 

studies assigned to the ‘include’ category) along axes between existing data points.  

The whole implementation was carried out in Python using Scikit-learn.  

The screening process and number of texts included after each iteration are summarised in Table B1. 
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Table B1 
Summary of active learning screening process 

Total 

labelled 

n(%) 

Labelled 

include  

n 

Labelled 

exclude  

n 

Remaining 

unlabelled  

n 

Additional 

studies 

identified for 

inclusion for 

full text 

screening  

n 

Studies 

which 

were 

included 

after full-

text 

screening n 

Model Accuracy 

Mean(SD)a 

Model 

Recallb Mean 

(SD)a 

597 (10%) 79 518 5376 n/a 0 0.83(0.02) 0.59(0.07) 

896 (15%) 262 634 5077 183 7 0.79(0.25) 0.84(0.06) 

1195 (20%) 424 771 4778 162 4 0.75(0.03) 0.86(0.05) 

1494 (25%) 554 940 4479 130 1 0.72(0.03) 0.79(0.03) 

1793 (30%) 647 1146 4180 93 2 0.69(0.02) 0.72(0.10) 

2092 (35%) 715 1377 3881 68 1 0.71(0.05) 0.69(0.05) 

2391 (40%) 771 1620 3582 56 0 0.71(0.02) 0.68(0.06) 

2690 (45%) 803 1886 3284 32 1 0.72(0.03) 0.66(0.01) 

2989 (50%) 818 2171 2984 15 0 0.74(0.02) 0.68(0.03) 

3288 (55%)t 826 2462 2685 8 1 0.76(0.02) 0.71(0.04) 

aMean(SD) calculated for model summaries across 5 folds 
bRecall describes the proportion of studies identified for inclusion that were labelled include in the training dataset. 
tTitle and abstract screening was ceased after 55% of texts were labelled.  

 

Screening ceased after manually labelling 55% of the titles and abstracts. During the final 5% of 

studies screened, only an additional 8/299 studies were included for full-text screening. 

Furthermore, only 17 of the 826 studies included during title and abstract screening were included in 

the final review (precision ~2.5%) and 15/17 of those were found within 35% of the documents 

screened. The study found in the last screening batch was 10th out of 299 studies screened in this 

batch. This analysis indicates that the rate at which documents relevant for inclusion were being 

identified was dropping rapidly and the reviewers believed there to be adequate justification to 

cease title and abstract screening at this stage.  
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Appendix C. Chapter 4 machine learning-assisted review: BCTs coded by 
intervention and frequencies 
 

The following presents the behaviour change techniques (BCTs) coded for each intervention arm of 

each study included in the review presented in Chapter 4 (Table C1), followed by the frequency of 

each BCT coded (Table C2). 

Table C1 

BCTs coded by intervention arm 

 

Study and intervention name BCTs coded§ 

Barankay et al 
(Simple sweepstake) 

2.2 Feedback on behaviour 
5.5 Anticipated regret  
7.1 Prompts/cues 
10.1 Material incentive (behaviour ) 
10.2 Material reward (behaviour)* 

Barankay et al 
 
(Deadline sweepstake / "habit 
formation") 

2.2 Feedback on behaviour 
5.5 Anticipated regret 
7.1 Prompts/ cues  
10.1 Material incentive (behaviour) 
10.2 Material reward (behaviour)* 
14.6 Situation specific reward* 

Barankay et al 
 
(Sweepstake plus deposit 
contract/”hybrid”) 

2.2 Feedback on behaviour; 
7.1 Prompts/cues;  
10.1 Material incentive (behaviour); 
10.2 Material reward (behaviour)  
14.1 Behaviour cost 

De Bruin et al 1.1 Goal setting (behaviour)  
1.2 Problem solving;  
1.4 Action planning;  
1.5 Review behaviour goals;  
1.6 discrepancy between current behaviour and goal;  
2.2 Feedback on behaviour;   
2.3 Self monitoring of behaviour;  
5.3 Information about social and environmental consequences;  
10.4 Social reward;  
12.5 Adding objects to the environment 

Farmer et al 1.4 Action planning;  
7.1 Prompts/cues  

Gregoriano et al   
  

1.2 Problem solving;  
2.2 Feedback on behaviour;  
7.1 Prompts/cues;  
8.1 Behavioural practice/rehearsal; 
8.3 Habit formation 

Haynes et al 1.2 Problem solving;  
1.3 Goal setting (outcome);  
1.4 Action planning;  
1.6 Discrepancy between current behaviour and goal;  
2.2 Feedback on behaviour;  
2.3 Self-monitoring of behaviour;  
2.4 Self-monitoring of outcome of behaviour;   
2.6 Biofeedback;  
3.1 Social support (unspecified);  
7.1 Prompts/cues;  
8.1 Behavioural practice/ rehearsal; 
8.3 Habit formation;  
10.4 Social reward;  
10.10 Reward (outcome);  
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12.1 Restructuring the physical environment 
Lin et al  1.2 Problem solving;  

1.4 Action planning;  
2.2 Feedback on behaviour;  
3.1 Social support (unspecified); 
3.3 Social support (emotional); 
5.1 Information about health consequences;  
7.1 Prompts/cues; 
9.2 Pros and cons;  
9.3 Comparative imagining of future outcomes;  
15.2 Mental rehearsal of successful performance 
15.4 Self talk 

Milam et al  1.2 Problem solving  
1.4 Action planning 
7.1 Prompts/cues 
8.1 Behavioural practice/ rehearsal 
8.3 Habit formation  

O’Dwyer et al 
Biofeedback intervention 

2.2 Feedback on behaviour 
4.1 Instruction on how to perform a behaviour 
8.1 Behavioural practice/rehearsal 

O’Dwyer et al  
Inhaler technique education only 

4.1 Instruction on how to perform a behaviour 
6.1 Demonstration of the behaviour 
8.1 Behavioural practice/rehearsal 

Pakpour et al  1.2 Problem solving 
1.4 Action planning 
2.3 Self-monitoring of behaviour 
5.1 Information about health consequences 
9.1 Credible source 
13.4 Valued self-identity 
15.4 Self-talk 

Reddy et al 
Individual feedback  

2.2. Feedback on behaviour;  
7.1 Prompts/cues;  
10.4 Social reward;  
12.5 Adding objects to the environment 

Reddy et al 
Partner  feedback 

2.1 Monitoring of behaviour by others without feedback 
2.2. Feedback on behaviour 
7.1 Prompts/cues 
10.4 Social reward 
12.5 Adding objects to the environment 

Russell et al 1.1 Goal setting (behaviour) 
1.4 Action planning 
1.5 Review behaviour goals 
1.6 Discrepancy between current behaviour and goal  
2.2 Feedback on behaviour 
4.4 Behavioural experiments 
8.1 Behavioural practice/rehearsal 
8.3 Habit formation 
15.3 Focus on past success 

Stacy et al 1.2 Problem solving 
3.1 Social support (unspecified) 
9.2 Pros/cons 
5.3 Information about health consequences 

Tang et al  1.4 Action planning 
7.1 Prompts/cues 
8.1 Behavioural practice/rehearsal 
8.3 Habit formation 
9.1 Credible source 

Tuldra et al 1.2 Problem solving 
5.1 Information about health consequences 
9.1 Credible source 

Wildman et al 1.1 Goal setting (behaviour) 
1.2 Problem solving 
1.4 Action planning 



213 
 

1.5 Review behavioural goals 
1.6 Discrepancy between current behaviour and goal 
2.2 Feedback on behaviour 
2.3 Self-monitoring of behaviour 
3.2 social support (practical) 
4.1 Instruction on how to perform the behaviour 
5.1 Information about health consequences 
5.2 Salience of consequences 
6.1 Demonstration of the behaviour 
7.1 Prompts/cues 
8.1 Behavioural practice/rehearsal 
8.3 Habit formation 
8.7 Graded tasks 
9.1 Credible source 
10.4 Social reward 
12.1 Restructure the physical environment 
12.5 Adding objects to the environment 
15.3 Focus on past success 
15.4 Self-talk 
16.3 Vicarious consequences 

§Intervention techniques in bold were self-coded by authors using the Michie and colleagues (2013) BCT taxonomy 

*Participants were entered into a sweepstake so rewards only received by some people, some of the time 

 

Table C2 

 Frequencies of coded BCTs 

BCT Frequency (%) coded 

1.1 Goal setting (behaviour) 3 (17%) 

1.2 Problem solving 9(50%) 

1.3 Goal setting (outcome) 1 (6%) 

1.4 Action planning 9(50%) 

1.5 Review behavioural goals 3(17%) 

1.6 Discrepancy between current behaviour and goal 4(22%) 

2.1 Monitoring of behaviour by others without feedback 1(6%) 

2.2 Feedback on behaviour 12(67%) 

2.3 Self-monitoring of behaviour 4(22%) 

2.4 Self-monitoring of outcome of behaviour 1(6%) 

2.6 Biofeedback 1(6%) 

3.1 Social support (unspecified);  
 

2(11%) 

3.2 Social support (practical) 1(6%) 

3.3 Social support (emotional); 1(6%) 

4.1 Instruction on how to perform the behaviour  3(17%) 

4.4 Behavioural experiments 1(6%) 

5.1 Information about health consequences 4(22%) 

5.2 Salience of consequences 1(6%) 

5.3 Information about social and environmental 
consequences 

2(11%) 

5.5 Anticipated regret 2(11%) 

6.1 Demonstration of the behaviour 2(11%) 

7.1 Prompts/cues 11(61%) 

8.1 Behavioural practice/rehearsal 8(44%) 

8.3 Habit formation 6(33%) 

8.7 Graded tasks 1(6%) 
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9.1 Credible source 3(17%) 

9.2 Pros and cons 1(6%) 

9.3 Comparative imagining of future outcomes 1(6%) 

10.1 Material incentive (behaviour) 3(17%) 

10.2 Material reward (behaviour) 3(17%) 

10.10 Reward (behaviour) 1(6%) 

12.1 Restructuring the physical environment 2(11%) 

12.5 Adding objects to the environment 4(22%) 

14.1 Behaviour cost 1(6%) 

14.6 Situation specific reward 1(6%) 

15.2 Mental rehearsal of successful performance 1(6%) 

15.3 Focus on past success 2(11%) 

15.4 Self-talk  3(17%) 

16.3 Vicarious consequences 1(6%) 
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Appendix D. Chapter 4 machine learning-assisted review: Effectiveness of all 
interventions. 
 
Intervention effects on adherence for all included studies 
The primary adherence outcome measures, summaries and results of interest for the 18 

intervention comparisons are reported in Table D1. 

Adherence data were derived from a variety of sources. Twelve studies (67% of intervention 

comparisons) utilised data from electronic devices for pill dispensing (e.g Medication Event 

Monitoring System, MEMS, or variant of this device) or electronic devices for inhaled medications 

(e.g. PARI eTrack™, INCA®). Two intervention comparisons (11%) used pill counts or pharmacy refill 

data, two used self-report medication adherence scales (MARS, MMAS-4; Morisky, Green & Levine, 

1986) and two asked participants to self-report the number of doses taken over a specified time 

period. 

Primary adherence outcomes were extracted for a minimum follow-up period of six months; 17 of 

18 interventions were favoured in these comparisons (94%, 95%CI=74 to 99%; p<.001). Four of five 

studies reporting additional results at follow-up points >6months (range 32 weeks to 18 months) 

favoured the intervention (80%; 95%CI= 38 to 96%, p=0.375). Of all summaries that were taken at >6 

months, 7 of 8 interventions were favoured (88%, 95%CI= 53 to 98%;  p=0.07).  

These aggregated findings must be interpreted with caution as even within studies with similar data 

collection methods, data were summarised into various different outcome summary measures. 

Among studies which compared the effects of an intervention immediately after its termination, as 

well as the persistence of those effects after a period of intervention, withdrawal showed a trend for 

reduced effect sizes, although not all reduced to non-significant effects (Barankay et al., 2020). 

Among all 12 intervention comparisons using data captured on electronic devices, effect sizes 

ranged from d=-0.06 to 1.71, indicating disparate findings between these studies using the most 

objective measures of adherence, nearest to 6 months. This complexity precluded meta-analysis. 
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Table D1 
Adherence outcomes by intervention 

First 

author 

(Year) 

Intervention and 

comparator 

description 

Intervention 

duration to 

assessment 

timepoint 

details 

Data 

collection 

Adherence 

summary and 

timepoint 

measured 

Adjustments 

to estimates 

n (I,C) 

analysed 

Summary of findings 

(nearest to 6 months) 

Direction of effect 

(nearest to 6 months) 

and standardised effect 

size* 

>6-month follow-up 

adherence findings 

Barankay 

(2020) 

Simple sweepstakes 

vs control 

Intervention 

delivered over 

6 month 

period 

Electronic 

pill bottle 

Proportion of 

180 days post-

intervention in 

which the pill 

bottle 

registered an 

opening 

n/a I=199, 

C=201 

Significant difference: 

Unadjusted mean 

difference= 0.15 (0.11 to 

0.19), p<.001 

Favours intervention 

Unadjusted d (95%CI)= 

0.68(0.48, 0.88) 

 

Barankay 

(2020) 

Deadline 

sweepstakes vs 

control 

Intervention 

delivered over 

6 month 

period 

Electronic 

pill bottle 

Proportion of 

180 days post-

intervention in 

which the pill 

bottle 

registered an 

opening 

n/a I=204, 

C=201 

Significant difference: 

Unadjusted mean 

difference= 0.17 (0.13 to 

0.21), p<.001 

Favours intervention 

Unadjusted d (95%CI)= 

0.77(0.57, 0.96) 

 

Barankay 

(2020) 

Sweepstakes plus 

deposit contract vs 

control 

Intervention 

delivered over 

6 month 

period 

Electronic 

pill bottle 

Proportion of 

180 days post-

intervention in 

which the pill 

bottle 

registered an 

opening 

n/a I=201, 

C=201 

Significant difference: 

Unadjusted mean 

difference= 0.19 (0.15 to 

0.23) p<.001 

Favours intervention 

Unadjusted d (95%CI)= 

0.86 (0.66, 1.07) 

 

De Bruin 

(2010)  

Electronic 

Monitoring-Based 

Counselling vs usual 

care 

Intervention 

delivered 

months 1 to 5-

6 

MEMS-cap Timing 

adherence 

(proportion of 

doses taken 

within specified 

time interval 

Baseline 

timing 

adherence  

I=66 

C=67 

Significant difference: 

Adjusted mean difference= 

7.4, [95%CI 3.50-11.30%]. 
F(1, 129) = 14.11, p<.001 

Favours intervention 

Adjusted d (95%CI)= 

0.65 (0.30, 0.99) 

(Primary outcome 

measured at 8-9 

months) 
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each day) over 

8-9 months 

Farmer 

(2016) 

Brief action 

planning 

intervention vs 

usual care 

Intervention 

sessions 

delivered up 

to 32 weeks 

eMEMS 

device 

Proportion of 

days  within the 

18-32 week 

period for 

which all 

prescribed 

medications 

were taken 

Adjusted for 

clustering 

only 

I=263 

C=331 

No significant difference: 

intervention mean(95%CI)= 

83.4% (80.8 to 86.0%) vs 

control mean(95%CI)= 

81.1% (78.8 to 83.4%), 

adjusted mean difference= 

2.3 (95% CI, -1.2 to 5.8), 

p=.19 

Favours intervention 

Adjusted d (95%CI)= 

0.11 (-0.06, 0.27) 

No significant 

difference between 

32-52 weeks: 

adjusted mean 

difference= -2.3 

[95%CI -7.8 to 3.0]. 

Adjusted d (95%CI)= -

0.07 (-.24, 0.01)Does 

not favour 

intervention. 

Gregorian

o (2019) 

Daily alarm clock 

and support phone 

calls vs control 

Intervention 

delivered over 

6 months 

Electronic 

device or 

POEMs 

where 

appropriate 

for dry 

powder 

medications 

Mean number 

of days (max 

200) that 

taking-

adherence was 

in target 

adherence 

range (80-

100%) 

n/a I (Puff 

inhaler)= 

57, I (Dry 

powders)

= 41 

C(Puff 

inhaler)= 

60, C (Dry 

powders)

= 49 

Significant difference for 

puff inhalers and dry 

powder capsules: Puff 

inhalers, Intervention 

mean(SD)= 81.6(14.2), 

control mean(SD) 

=60.1(30.3), p<.001; Dry 

powders Intervention 

mean(SD)= 89.6(9.8), 

Control mean(SD) 

=80.2(21.3), p=.01 

Favours intervention 

Puff inhalers: 

Unadjusted d (95%CI)= 

0.90 (0.52, 1.28) 

Dry powders: 

Unadjusted d (95%CI)= 

0.55 (0.13, 0.97) 

 

Haynes et 

(1976) 

Behavioural 

intervention vs 

usual care 

Intervention 

delivered over 

full 6 months 

Unused pill 

count  

Change in 

adherence at 6-

months, 

adherence 

calculated as 

proportion of 

pills prescribed 

that are taken 

n/a I=20 

C= 18 

Significant difference: 

Intervention mean 

(SE)=65.8(8.2) vs control 

mean(SE) = 43.2 (10.1), 

Baseline adjusted 

difference = 22.8, p=.025 

Favours intervention 

Unadjusted Hedges g 

(95%CI)= 0.56 (-0.09, 

1.21) 
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in the month of 

follow-up 

Lin (2017) Multifaceted 

intervention 

including 

motivational 

interviewing vs 

usual care 

Intervention 

delivered over 

6 months 

Medication 

Adherence 

Rating Scale 

(MARS) 

Self-report 

adherence at 6-

months 

Age, sex, 

Charlson 

comorbidity 

index, and 

body mass 

index 

I=144 

C=144 

Significant difference: 

Intervention 

mean(SD)=13.67 (2.8)vs 

control mean=7.69(2.7). 

After adjustment B= 3.97 

(SE= 0.22, p<.01) 

Favours intervention 

Adjusted d (95%CI)= 

2.13 (1.84, 2.42) 

Significant differences 

observed at 12 

months. Intervention 

mean=13.61(2.82) 

control mean(SD)= 

7.71(2.79) (after 

adjustment B = 3.83, 

SE=0.23, p<.01). 

Favours intervention. 

Adjusted d (95%CI)= 

1.96 (1.68, 2.24) 

 

Significant difference 

at 18 months. 

Intervention 

mean(SD)= 

13.70(2.75), control 

mean(SD)= 7.63(2.88) 

(B=4.24, p<.01)** 

Favours intervention. 

Adjusted d (95%CI)= 

1.92 (1.64, 2.20) 
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Milam 

(2005) 

Brief adherence 

intervention vs safe 

sex intervention (no 

adherence 

component) 

Intervention 

delivered until 

month 10-11 

Self-report 

of number 

of pills 

taken over 

past 7 days 

Percent of 

patients whose 

7-day 

adherence >95

% measured at 

17-18 months  

Income, 

ethnicity, 

employment 

status, AIDS 

diagnosis, 

HAART 

regimen (vs. 

non-HAART), 

and number 

of pills per 

day, 

adherence at 

baseline and 

clustering 

I=149 

C=288 

No significant effect: 

Intervention n(%)=128 

(85.9%) vs control 

n(%)=201(69.8%). Adjusted 

OR = 2.05, [95% CI: 0.92 to 

4.56], p=.077 

Favours intervention 

(Unadjusted) RR (95% 

CI)=1.23 (1.11, 1.36) 

(Primary outcome 

measured at 17-18 

months) 

O’Dwyer 

(2020) 

Biofeedback vs 

usual care 

Intervention 

delivered in 

months 1-2 

INCA® 

electronic 

device 

Actual 

adherence 

calculated as 

percentage of 

correctly taken 

doses of those 

expected from 

the 

prescription,  

during month 6 

Clustering by 

pharmacy, 

baseline 

differences in 

adherence, 

age, and sex. 

I=71 

C=22 

Significant difference: (Per 

protocol: Intervention 

mean(SD)= 60.8(30.4), 

Control mean(SD)= 

33.2(30.7)). Adjusted mean 

difference= 

24.61(SE=7.07)(95%CI 

10.07 to 38.89), p=.002 

Favours intervention 

Adjusted d (95%CI)= 

0.69(0.21, 1.18) 

 

O’Dwyer 

(2020) 

Demonstration vs 

usual care 

Intervention 

delivered in 

months 1-2 

INCA® 
electronic 

device 

Actual 

adherence 

calculated as 

percentage of 

correctly taken 

doses of those 

expected from 

the 

prescription, 

during month 6 

Clustering by 

pharmacy, 

baseline 

differences in 

adherence, 

age, and sex. 

I=54 

C=22 

No significant difference:  

(Per protocol: Intervention 

mean(SD)= 44.2 (30.7), 

Control mean(SD)= 

33.2(30.7)). Adjusted mean 

difference= 16.59(SE=8.42) 

(95%CI, -0.53 to 34.51), 

p=.057 

Favours intervention 

Adjusted d (95%CI)= 

0.43(-0.07, 0.93) 
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Pakpour 

(2015) 

Multimodal 

behavioural 

intervention vs 

usual care 

Intervention 

completed at 

3 weeks 

Medication 

Adherence 

Report 

Scale 

(MARS) 

Self-report 

adherence at 6-

months 

Age, gender, 

number of 

medications, 

and time 

since seizure.  

I=137 

C=134 

Significant difference: 

Intervention 18.61(2.86) vs 

Control mean(SD)= 

15.98(3.65), adjusted 

B(SE)= 1.73(0.47), p<.001 

Favours intervention 

Unadjusted d (95%CI)= 

0.45 (0.21, 0.69) 

 

Reddy et 

(2017)  

Individual feedback 

vs usual care 

Intervention 

delivered 

weeks 1-13 

GlowCap 

electronic 

monitoring 

device 

Adherence 

calculated for 

weeks 13-26 

n/a I= 36 

C= 36 

No significant difference: 

Individual feedback= 60% 

(95% CI 0.49 to 0.72) vs 

control =54% (95%CI= 0.43 

to 0.66), p = 0.75 

Favours intervention 

Unadjusted d (95%CI)= 

0.18(-0.29, 0.64) 

 

Reddy 

(2017) 

Individual and 

partner feedback vs 

usual care 

Intervention 

delivered 

weeks 1-13 

GlowCap 

electronic 

monitoring 

device 

Adherence 

calculated for 

weeks 13-26 

n/a I=54 

C=36 

No significant difference: 

Partner feedback =52% 

(95%CI = 0.42 to 0.61) vs 

Control= 54% (95%CI= 0.43 

to 0.66), p = 0.95 

Does not favour 

intervention 

Unadjusted d (95%CI)=      

-0.06(-0.48, 0.36) 

 

Russell 

(2020) 

SystemCHANGE 

intervention vs 

attention control 

Intervention 

delivered over 

6 months 

MEMS-cap Adherence rate 

defined as 

doses taken on 

time/total 

doses at 6 

months 

Ethnicity, 

marital status, 

perceived 

health score, 

and perceived 

social support  

I=45 

C= 44 

Significant difference: 

Intervention 

mean(SD)=0.81(0.25) vs 

control mean(SD)= 

0.64(0.24), p<.001. 

Adjusted difference B= 0.2 

(95% CI= 0.12 to 0.27; SE = 

0.039, p<.001) 

Favours intervention 

Unadjusted d (95%CI)= 

0.69(0.27, 1.12) 

Significant difference 

at 12 months: 

Intervention 

mean(SD)=0.65(0.37) 

vs control mean(SD)= 

0.53(0.29), p=.004. 

Adjusted B=0.16 (95% 

CI= 0.06 to 0.26); SE = 

0.05) p<.001. Favours 

intervention. 

Unadjusted d 

(95%CI)= 0.36 (-0.06, 

0.78) 

Stacy 

(2009) 

Interactive voice 

response 

technology 

intervention vs 

enhanced care 

control 

Intervention 

delivered over 

6 month 

period 

Pharmacy 

claims 

database to 

determine if 

prescription

s filled 

6-month point 

prevalence 

persistency defi

ned as a subject 

being in 

possession of a 

Number of 

chronic 

medications 

in 3-month 

period prior 

to index statin 

I=253 

C=244 

Significant effect: 

Intervention % persistent 

=70.4% vs control % 

persistent=60.7%, adjusted 

OR= 1.64 (90% CI 1.19–

2.27), p<.05 

Favours intervention 

RR(95% CI)= 1.16 (1.02, 

1.32) 
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statin at the 

end of the 180-

day observation 

period 

and intention 

to continue 

taking statin 

once 

cholesterol 

level drops to 

a healthy level 

Tang 

(2014) 

Education plus 

behavioural 

intervention vs 

education only 

Intervention 

delivered over 

full 6 months 

Morisky 

Medication 

Adherence 

Scale 

(MMAS-4) 

Number of 

individuals 

whose self-

report 

adherence 

improved at 6-

months.  

n/a I=56 

C=53 

No significant effect: 

Intervention n improved 

(%)= 36(64.3%) vs Control n 

improved (%)=33 (62.3%), 

p=0.827 

Favours intervention 

RR(95% CI)= 1.03 (0.78, 

1.37) 

 

Tuldrà 

(2000) 

Psychoeducative 

intervention vs 

usual care 

Unclear on 

duration of 

intervention 

Self-report 

of the 

number of 

pills taken 

in the last 

month 

Percentage of 

patients 

achieving 

adherence >=95

% at week  24 

(summary for 

week is number 

of pills over the 

past 4 weeks) 

n/a I=55 

C=61 

No significant effect: 

Intervention n(%)=28(51%) 

vs control n(%)= 24(39%) 

p=NS 

Favours intervention 

RR(95% CI)= 1.29 (0.86, 

1.94) 

No significant effect 

at 48 weeks: 

Intervention (n)% = 

32 (58) vs control 

n(%)= 25 (41%), 

p=.064. Favours 

intervention. RR (95% 

CI)= 1.42 (0.98, 2.07) 

Wildman 

(2021) 

CFHealthHub 

intervention vs 

usual care 

Intervention 

delivered over 

12-month 

period 

PARI 

eTrack™ 

electronic 

device 

Normative 

adherence 

(adjustments 

made for ideal 

treatment for 

effectiveness) 

at 12 months 

Treatment 

arm, time in 

weeks, 

baseline 

adherence 

(first two 

weeks), and 

past-year IV 

days 

I=295 

C=293 

Significant effect: 

intervention mean(SD)= 

52.9%(31.4) vs control 

mean(SD)= 34.9%(31.7), 

adjusted mean difference= 
9.5% (95%CI, 8.6-10.4)  

Favours intervention 

Adjusted d (95%CI)= 

1.71 (1.52, 1.90) 

(Primary outcome 

measured at 12 

months) 
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I= Intervention; C= Control; MEMS= Medication event monitoring system; POEMs= Polymedication Electronic Monitoring System; HAART= Highly active anti-retroviral therapy; SE= standard error; SD= 

standard deviation; CI= confidence interval 

*The effect size was estimated for each RCT based on the raw observed data; if this was not available on the adjusted difference. 

**The effect estimate for this follow-up point was not included in binomial probability analysis of findings >6 months due to non-independence from 12-month estimate for the same intervention 
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Appendix E. Complete list of the 127 variables derived in Chapter 7 
 

range_time LAM_rad_35 VENT_rad_25 

iqr_time LAM_rad_40 VENT_rad_30 

std_time LAM_rad_45 VENT_rad_35 

time_entropy LAM_rad_50 VENT_rad_40 

diffs_entropy LAM_rad_55 VENT_rad_45 

average_diff LAM_rad_60 VENT_rad_50 

std_diff LAM_rad_70 VENT_rad_55 

RR_rad_5 LAM_rad_80 VENT_rad_60 

RR_rad_10 LAM_rad_90 VENT_rad_70 

RR_rad_15 TT_rad_5 VENT_rad_80 

RR_rad_20 TT_rad_10 VENT_rad_90 

RR_rad_25 TT_rad_15 W_rad_5 

RR_rad_30 TT_rad_20 W_rad_10 

RR_rad_35 TT_rad_25 W_rad_15 

RR_rad_40 TT_rad_30 W_rad_20 

RR_rad_45 TT_rad_35 W_rad_25 

RR_rad_50 TT_rad_40 W_rad_30 

RR_rad_55 TT_rad_45 W_rad_35 

RR_rad_60 TT_rad_50 W_rad_40 

RR_rad_70 TT_rad_55 W_rad_45 

RR_rad_80 TT_rad_60 W_rad_50 

RR_rad_90 TT_rad_70 W_rad_55 

DET_rad_5 TT_rad_80 W_rad_60 

DET_rad_10 TT_rad_90 W_rad_70 

DET_rad_15 VMAX_rad_5 W_rad_80 

DET_rad_20 VMAX_rad_10 W_rad_90 

DET_rad_25 VMAX_rad_15 WENT_rad_5 

DET_rad_30 VMAX_rad_20 WENT_rad_10 

DET_rad_35 VMAX_rad_25 WENT_rad_15 

DET_rad_40 VMAX_rad_30 WENT_rad_20 

DET_rad_45 VMAX_rad_35 WENT_rad_25 

DET_rad_50 VMAX_rad_40 WENT_rad_30 

DET_rad_55 VMAX_rad_45 WENT_rad_35 

DET_rad_60 VMAX_rad_50 WENT_rad_40 

DET_rad_70 VMAX_rad_55 WENT_rad_45 

DET_rad_80 VMAX_rad_60 WENT_rad_50 

DET_rad_90 VMAX_rad_70 WENT_rad_55 

LAM_rad_5 VMAX_rad_80 WENT_rad_60 

LAM_rad_10 VMAX_rad_90 WENT_rad_70 

LAM_rad_15 VENT_rad_5 WENT_rad_80 

LAM_rad_20 VENT_rad_10 WENT_rad_90 

LAM_rad_25 VENT_rad_15  

LAM_rad_30 VENT_rad_20  
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Appendix F. Comparisons between full-trial and analysis-subsample 
characteristics 

 
Appendix F contains a series of tables that compare the full-trial sample characteristics with 

characteristics of each sub-samples used in each analysis presented throughout the thesis. 

Table F1 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 7 and Chapter 8 Part 1, 

interval 7 data 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   273 (50.9%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.3 (11.0) 28.8 [23.1,36.6]  

Female   310 (51.1%)   273 (50.9%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.5 (21.4) 0 [0,20.8]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.6 (22.2) 0 [0,15]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 58.7 (22.7) 57.0 [39.5, 76.6]  

IMD quintile 3.04 (1.36) 3 [2,4]  3.03 (1.36) 3 [2,4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.39 (1.61) 3.00 [2.32, 4.46]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 475.5 (109.0) 489 [438, 542.8]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 54.8 (30.0) 57.4 [28.3, 81.6]  

CFHH 
Pseudomonas 
status 

  349 (57.9%)   309 (57.6%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.63 (0.72) 3.7 [3.1, 4.0]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.07 (0.55) 2.1 [1.6, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F2 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 7 Part 1, interval 10 

data 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   282 (52%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.1 (10.9) 28.8 [23.0, 

35.4] 
 

Female   310 (51.1%)   280 (51.7%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.2 (21.2) 0 [0, 19]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.6 (22.0) 0 [0, 0, 15]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 58.8 (22.7) 57.7 [39.5, 

76.6] 
 

IMD quintile 3.04 (1.36) 3 [2,4]  3.04 (1.36) 3 [2,4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.36 (1.60) 3 [2.24, 4.44]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 476.2 (108.2) 489 [438, 542]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 53.6 (30.4) 55.0 [26.2, 
81.0] 

 

CFHH 
Pseudomonas 
status 

  349 (57.9%)   316 (58.6%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.61 (0.73) 3.7 [3.1, 4]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.07 (0.55) 2.1 [1.6, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F3 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 7 Part 1, interval 12 

data 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   285 (52.2%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.1 (10.9) 28.8 [23, 36.3]  

Female   310 (51.1%)   284 (52.0%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.2 (21.2) 0 [0,19.8]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.6 (21.9) 0 [0,15]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 58.9 (22.7) 57.7 [39.5, 

76.8] 
 

IMD quintile 3.04 (1.36) 3 [2,4]  3.03 (1.36) 3 [2,4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.35 (1.60) 3 [2.22, 4.41]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 476.6 (107.9) 489 [438, 542]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 53.3 (30.5) 54.0 [25.2, 
80.9] 

 

CFHH 
Pseudomonas 
status 

  349 (57.9%)   320 (58.9%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.60 (0.74) 3.7 [3.10, 4.0]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.07 (0.55) 2.1 [1.60, 2.40]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F4 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 7 Part 2 model 1, 2 and 

analysis 5 (H1,2,5) data 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   254 (51.5%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.1 (11.0) 28.7 [23, 36.2]  

Female   310 (51.1%)   260 (52.7%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.2 (20.5) 0 [0, 21]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.1 (21.7) 0 [0, 14]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 59.4 (22.5) 59.2 [40.7, 

76.9] 
 

IMD quintile 3.04 (1.36) 3 [2,4]  3.03 (1.37) 3 [2, 4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.31 (1.59) 3 [2.20, 4.37]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 492.4 (89.0) 500 [446, 556]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 53.4 (30.3) 53.4 [26.7, 
80.4] 

 

CFHH 
Pseudomonas 
status 

  349 (57.9%)   286 (58.2%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.59 (0.73) 3.7 [3.1, 4.0]  
Concerns 2.08 (0.54) 2.1 [1.7, 2.4]  2.08 (0.55) 2.1 [1.6, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F5 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 7 Part 2 model 3 (H3) 

data (SRBAI) 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   253 (51.4%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.1 (11.0) 28.7 [23.0, 

36.2] 
 

Female   310 (51.1%)   259 (52.6%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.3 (20.5) 0 [0, 21.3]  
IV days (hospital) 12.7 (21.6) 0 [0, 15.5]  12.1 (21.7) 0 [0, 14]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 59.5 (22.5) 59.2 [40.9, 

77.0] 
 

IMD quintile 3.04 (1.36) 3 [2, 4]  3.03 (1.37) 3 [2, 4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.32 (1.59) 3 [2.2, 4.37]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 492.4 (89.1) 499.5 [446, 
556] 

 

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 53.4 (30.3) 53.3 [26.6, 
80.5] 

 

CFHH 
Pseudomonas 
status 

  349 (57.9%)   285 (58.2%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.59 (0.73) 3.7 [3.1, 4]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.08 (0.55) 2.1 [1.6, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F6 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 7 Part 2 model 4 (H4) 

data (Effort) 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   252 (51.3%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.1 (11.0) 28.6 [23.0, 

36.2] 
 

Female   310 (51.1%)   258 (52.5%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.1 (20.3) 0 [0, 21]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.1 (21.7) 0 [0, 14]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 59.5 (22.5) 59.4 [40.9, 

77.0] 
 

IMD quintile 3.04 (1.36) 3 [2,4]  3.03 (1.37) 3 [2, 4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.33 (1.58) 3 [2.21, 4.37]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 492.2 (89.1) 499 [446, 555]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 53.5 (30.3) 53.4 [26.8, 
80.6] 

 

CFHH 
Pseudomonas 
status 

  349 (57.9%)   285 (58.8%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.60 (0.73) 3.7 [3.1, 4.0]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.08 (0.55) 2.1 [1.6, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F7 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 8 analysis 1 & 2 (H1,2) 

data  

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, UQ] n(%) 

Intervention arm   305 (50.2%)   246 (52.1%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.3 (10.9) 29.0 [23.3, 36.6]  

Female   310 (51.1%)   246 (52.1%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.2 (20.7) 0 [0, 21]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.0 (21.9) 0 [0, 14]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 59.4 (22.6) 59.2 [40.0, 76.7]  

IMD quintile 3.04 (1.36) 3 [2,4]  3.02 (1.38) 3 [2, 4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.30 (1.57) 3 [2.18, 4.33]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 504.7 (65.4) 502.5[451.8, 
558] 

 

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 54.2 (30.4) 55.4 [27.5, 81.1]  

CFHH 
Pseudomonas 
status 

  349 (57.9%)   273 (57.8%) 

Necessity 3.56 (0.74) 3.6 [3.1, 4.0]  3.59 (0.74) 3.7 [3.1, 4.0]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.07 (0.55) 2.1 [1.7, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F8 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 8 analysis 3 (H3) data  

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   239 (54.4%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 31.9 (11.1) 29.7 [23.8, 

37.3] 
 

Female   310 (51.1%)   217 (49.4%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  12.8 (20.2) 0 [0, 18]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.3 (22.7) 0 [0, 14]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 59.1 (22.9) 59.1 [39.5, 

76.4] 
 

IMD quintile 3.04 (1.36) 3 [2,4]  2.99 (1.37) 3 [2, 4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.42 (1.57) 3.06 [2.41. 
4.45] 

 

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 504.2 (66.0) 502 [450, 558]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 59.3 (27.8) 64.2 [35.8, 
84.2] 

 

CFHH 
Pseudomonas 
status 

  349 (57.9%)   256 (58.3%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.64 (0.73) 3.7 [3.3, 4.1]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.08 (0.53) 2.1 [1.7, 2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F9 

Comparison of analysis sample baseline characteristics to full trial sample Chapter 9 analyses of RQ 1&2 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   223 (54.7%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 32.2 (11.4) 30.3 [23.5, 38.1]  

Female   310 (51.1%)   203 (49.8%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  13.9 (22.0) 0 [0,19]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  12.0 (21.5) 0 [0,14]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 57.7 (23.2)  55.9 [37.1,75.9]  

IMD quintile 3.04 (1.36) 3 [2,4]  3.00 (1.36) 3 [2,4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3.52 (1.63) 3.14 [2.55, 4.64]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 480.3 (108.9) 492.5 
[440.8,549] 

 

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 62.0 (27.7) 69.6 [41.3,85.6]  

CFHH 
Pseudomonas 
status 

  349 (57.9%)   246 (60.3%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.70 (0.72) 3.70 [3.30,4.10]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.04 (0.54) 2.00 [1.60,2.40]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
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Table F10 
Comparison of analysis sample baseline characteristics to full trial sample Chapter 9 analyses of RQ 3&4 

 Full trial sample Analysis sample 

Baseline 
Characteristic 

Mean (SD) Median [LQ, 
UQ] 

n(%) Mean (SD) Median [LQ, 
UQ] 

n(%) 

Intervention arm   305 (50.2%)   35 (52.2%) 
Age 30.7 (10.7) 28.1 [22.6, 

36.1] 
 30.1 (11.4) 27.8 [22.0, 33.8]  

Female   310 (51.1%)   32 (48.8%) 
IV days (home) 13.2 (21.2) 0 [0, 19]  7.24 (14.3) 0 [0,10]  
IV days (hospital) 12.7 (21.6) 0 [0,15.5]  6.13 (11.7) 0 [0, 8]  
FEV1% 59.5 (23.1) 59.1 [40.0, 

77.9] 
 67.0 (20.3) 64.3 [51.8, 84.2]  

IMD quintile 3.04 (1.36) 3 [2,4]  3.03 (1.30) 3 [2,4]  
Number of 
prescribed doses 

3.26 (1.60) 3 [2, 4.29]  3 (0) 3[3,3]  

Max days in trial 463.8 (123.2) 486 [430.5, 
538] 

 421.0 (158.0) 458 [387.5,526]  

Numerator 
adjusted 
adherence during 
trial 

48.3 (32.8) 48.0 [16.4, 
79.0] 

 47.0 (34.9) 39.2 [14.8,84.0]  

CFHH 
Pseudomonas 
status 

  349 (57.9%)   37 (56.1%) 

Necessity 3.56 (0.74) 3.6 [3.10, 4.00]  3.7 (0.73) 3.7 [3.3,4.1]  
Concerns 2.08 (0.54) 2.1 [1.7,2.4]  2.05 (0.46) 2.1 [1.7,2.4]  

IV= intravenous antibiotics; FEV1%= forced expiratory volume in first second (per cent); IMD quintile= Index of Multiple 
Deprivation quintiles; CFHH Pseudomonas status: chronic=diagnostic criteria fulfilled for chronic pseudomonas status using 
the CFHealthHub criteria tool (Hoo, Coates, et al., 2018). 
 

 

 


