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Abstract 

 

Background 

Remote Measurement Technologies (RMTs), such as smartphones and wearable devices, could 

improve psychological treatment outcomes in depression through more objective, accurate, and 

comprehensive measures of patient behaviour. The extent to which these methods can be 

successfully implemented into healthcare and used in treatment depends on their feasibility, 

acceptability, and potential clinical utility as tools to collect longitudinal data from which 

biomarkers of overall depression, individual symptoms, and outcomes following treatment can 

be derived. 

 

Aims 

In this thesis, I aim to explore the feasibility and acceptability of using RMTs to collect 

behavioural and clinical data from individuals undergoing psychological therapy for depression, 

as well as the extent to which they can serve as biomarkers of depression and recovery. 

 

Methods 

To address these aims, I conducted three studies: a systematic review of the literature on passive 

data and depression (Aim 1), focus groups with patients and clinicians (Aim 2), and a mixed-

methods observational cohort study (Aims 3 and 4). A grounded theory approach was employed 

on the qualitative data obtained from the focus groups with patients and psychotherapists (total N 

= 22). The observational cohort study recruited 66 people attending psychological treatment for 

depression at Improving Access to Psychological Treatment (IAPT) services and followed them 

up for up to 7 months. Weekly questionnaires, speech, and cognitive tasks were delivered via 

web- or app-based surveys, and passive data on behaviours such as sleep, physical activity, and 

heart rate (HR) were gathered from smartphone sensors and a Fitbit wearable device. A mixed-

methods design that included qualitative interviews with patients was used to assess feasibility. 

Measures of engagement related to feasibility were measured as attrition from the study and data 

availability or missing data from RMT. To evaluate the digital biomarker potential, or RMT, the 

associations between digital features obtained and total depression, individual symptoms, and 
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outcomes after treatment (recovery or reliable improvement) were estimated using linear mixed-

effects models. 

 

Results 

The review identified promising digital signals but critical methodological shortcomings, such as 

small sample sizes, brief follow-up times, and a high degree of heterogeneity that precluded a 

quantitative synthesis of results. The study on acceptability found the main issues to revolve 

around technology access and use, data management, the replacement of and/or complement to 

human contact, the potential for cognitive support, increased self-awareness from self-

monitoring, and the perceived clinical utility of RMTs. The longitudinal study showed an overall 

attrition rate of 40%, with more intense treatment and higher anxiety (but not depression) 

affecting attrition. Data availability varied between different devices (smartphone vs. wearable) 

and treatment status (current treatment vs. waiting list). Due to large amounts of missing data 

from the smartphone app (60–80%), digital biomarker identification was only possible for Fitbit 

and speech data. Fitbit-derived features were found to be associated with depression severity; 

people with more severe depression went to sleep and woke up later, engaged in less vigorous 

activity, and took fewer steps overall compared to those with lower severity. Individual 

symptoms such as insomnia, hypersomnia, decreased appetite, guilt, anhedonia, and fatigue were 

also picked up by digital features. Finally, RMT-derived features were associated with short-

term as well as long-term changes in depression associated with recovery after psychotherapy, 

particularly features derived from sleep and speech data. 

 

Conclusion 

The results of this thesis support the feasibility and acceptability of using digital health tools in 

the remote monitoring of depression. The findings contribute to a better understanding of the 

methodological shortcomings in the field and provide suggestions for a way forward. This 

research also identifies potential barriers to and facilitators of the implementation of RMT in 

healthcare. Feasibility results show that differing engagement patterns can arise from different 

devices, treatment intensity, and clinical characteristics. Pending replication from larger samples, 

the findings show that RMT have potential as tools for detecting digital biomarkers of depression 

and recovery. Future research, however, must address a variety of issues pertaining to the 

transparency, reproducibility, and standardisation of data collection and reporting.    
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Chapter 1 – Introduction  

1.1 Chapter summary  

In this chapter, I summarise the epidemiology of depression, its diagnosis, and treatment 

outcomes. I present the current state of measurement in depression as a limiting factor to 

treatment success and propose remote measurement technologies (RMT) as a potential solution. 

I next explain the rationale for this thesis, which explores the possible applications of RMT in 

depression care and highlights some of the gaps in the literature that my thesis will aim to 

address. I end this chapter by outlining my aims and objectives and how each chapter will aim to 

address them. 

1.2 Depression 

1.2.1 Epidemiology 

Depression is the most common mental health disorder, along with anxiety, and the leading 

cause of disability worldwide (World Health Organisation [WHO], 2020). One in five people are 

estimated to experience Major Depressive Disorder (MDD) at some point in their life (Kessler et 

al., 2005), a figure that has risen significantly as a result of the coronavirus disease (COVID-19) 

pandemic (Health, 2022). In addition to substantially impacting a person’s ability to work 

(Stewart et al., 2003) and their quality of life (Daly et al., 2010), depression comes at a great 

financial burden to society. A recent report showed that mental health problems cost the UK 

economy approximately 5% of its gross domestic product (GDP), with depression being the 

costliest of all mental health conditions (McDaid & Park, 2022). 

1.2.2 Diagnosis and course 

The International Classification of Diseases and Related Health Problems—11th Revision (ICD-

11; WHO, 2019) defines depression as an affective or mood disorder characterised by two core 

symptoms: persistent low mood and anhedonia, or loss of interest or pleasure in previously 

pleasurable activities. Additional symptoms of depression include reduced concentration and 

attention, guilt, hopelessness, suicidal ideation, disrupted sleep, changes in appetite or weight, 
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agitation, psychomotor slowing, and a lack of energy or fatigue. A clinical diagnosis is usually 

given if a person displays at least five of those symptoms, including at least one core symptom. 

When making a clinical diagnosis, the duration, severity, and resulting impairment of the 

syndrome are considered. 

In addition, the Diagnostic and Statistical Manual of Mental Disorders, 5th Edition (DSM-5, 

2013) also specifies eight subtypes of depressive episodes: (1) depression with melancholic 

features, characterised by anhedonia, insomnia and reduced appetite or weight loss; (2) atypical 

features, where mood is reactive to positive or pleasurable events, hypersomnia, increased 

appetite or weight gain, physical fatigue or a feeling of heavy limbs; (3) anxious distress, 

characterised by symptoms of anxiety, impaired concentration and restlessness; (4) mixed 

features, characterised by symptoms of hypomania such as increased energy, decreased need for 

sleep, pressured or increased speech are present; (5)  psychotic features, which includes the 

experience of delusions and hallucinations; and (6) peripartum onset, where a depressive episode 

appears during pregnancy or within four weeks of childbirth. 

Depression is a complex, often recurrent, and remitting disorder, the experience of which varies 

across individuals. The median length of a depressive episode is 20 weeks (Solomon et al., 

1997), and whereas some people experience isolated episodes, others never fully recover. Most, 

however, experience a fluctuating course of several episodes with varying severity levels 

throughout their lives (Judd, 1997); approximately 40% of people experience more than one 

episode in 2 years (Verhoeven et al., 2020), and 68% in 6 years (Verduijn et al., 2017).  This 

means that even if left untreated, relapse and recovery from depression are the norm.  

1.2.3 Treatment outcomes 

The two main treatment approaches for depression are psychological therapies and 

pharmacotherapy. Psychological therapies are the first-line recommended treatments for mild to 

moderate depression, and include group and individual treatment options such as guided self-

help, cognitive behavioural therapy, behavioural activation, interpersonal therapy, and 

counselling (National Institute for Health and Care Excellence [NICE], 2022). In such 

treatments, improvement is usually defined as either ‘recovery’, which is a reduction of 

symptoms to below the clinical cut-off after treatment, or ‘reliable improvement’, which is a 

relative or absolute reduction in symptoms, depending on the depression scale used, and is 

regardless of clinical cut-offs (NHS Digital, 2021). In pharmacological trials, response to an 

antidepressant is typically defined as a 50% reduction in symptoms. In clinical practice, recovery 
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differs from remission in the duration of improvement (Conradi et al., 2012), while in research, 

recovery and remission are often used interchangeably (e.g., Shelton & Tomarken, 2001). The 

ICD-11, however, does not present a precise definition for either term beyond “[there being] no 

longer any significant mood symptoms” (WHO, 2019). 

In randomised controlled trials, recovery after psychotherapy is approximately 62% (Cuijpers et 

al., 2014), a figure that decreases to 50% in “real-world” settings (NHS Digital, 2021). 

Antidepressant medication, although discouraged for less severe cases unless it is the patient’s 

preference, is frequently used in combination with psychotherapy (NICE, 2022). Recovery rates 

for pharmacological interventions are also approximately 50% (Rush et al., 2004). For the 

majority of patients, however, the effects of antidepressants are not much higher than placebo 

(Stone et al., 2022).   

Despite an increase in studies examining the optimization of treatment for depression, rates have 

not significantly improved for at least 20 years, since the Sequenced Treatment Alternatives to 

Relieve Depression (STAR*D) study – the largest prospective clinical trial of MDD – reported a 

30% remission rate after treatment (Trivedi et al., 2006). The question of who responds to 

treatment and under what conditions is still unanswered. The search for biological markers of 

depression and treatment response has spurred research into inflammatory, neurotransmitter, 

neuroendocrine, and metabolic systems (Strawbridge et al., 2017; Thase, 2014), as well as 

structural and functional neuroimaging studies (Fonseka et al., 2018), but no reliable candidates 

have yet emerged, and no validated tests are available that could match a patient to their most 

effective treatment. 

One of the main challenges to the successful treatment of MDD is the difficulty in accurately 

measuring and continuously evaluating changes in mental state. Clinical decisions regarding the 

treatment of depression are made on the basis of patients self-reporting their symptoms, whether 

at a clinical interview or through depression scales. The flaws in the way that depression is 

currently measured have been widely cited as one of the main reasons for the lack of progress in 

treatment outcomes (Fried et al., 2016; Rost et al., 2022; Santor et al., 2006; Uher et al., 2008). 

In the next section, I highlight the main issues with the current assessment of depression. 

1.2.4 Pitfalls of depression measurement  

Firstly, methods for evaluating mental state have traditionally relied on retrospective self-report 

and subjective clinical impression. This subjectivity leaves assessments reliant on a patient’s 

ability to identify and communicate complex mood states, a process known to be vulnerable to 
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recall bias (Ben-Zeev & Young, 2010), memory limitations that are prominent in depression 

(Joormann et al., 2011), and bias in clinical judgement (Hairston et al., 2019). The scales used to 

quantify such experiences, used by clinicians and health services, have been criticised for their 

psychometric qualities, such as poor inter-rater reliability and re-test reliability (Fried & Nesse, 

2015b). Even the most widely used depression scales, such as the Hamilton Depression Rating 

Scale (HAMD-17; Hamilton, 1960), the Montgomery–Åsberg Depression Rating Scale 

(MADRS; Davidson et al., 1986), and the Beck Depression Inventory (BDI; (Beck et al., 1961), 

have been found to have a degree of incongruence among them, meaning they do not measure 

the same construct (Uher et al., 2008). 

Depression is a dynamic disorder, with symptoms that fluctuate in presence and severity over 

time (Bei et al., 2016; S. Marwaha et al., 2018). The way in which these assessments are 

traditionally made, either before or during a clinic visit, means these assessments are relatively 

infrequent and take only a snapshot of a person’s current health. Static metrics limit a clinician’s 

ability to characterise the within-individual variation in mood between visits. The therapeutic 

importance of these dynamics has been shown in previous studies that demonstrate that the 

inability to obtain data on symptom variance and patterns of behaviour results in an incomplete 

illness profile, which may result in an inaccurate diagnosis (Alegría et al., 2008) and 

compromise efforts to provide more individualised care (Myin-Germeys et al., 2009; Nahum et 

al., 2017; Torous et al., 2014). 

Finally, given the wide variety of possible symptom combinations that can result in a clinical 

diagnosis (see Section 1.2.2), the clinical presentation of depression is very heterogeneous. One 

study identified 1,030 unique symptom profiles in 3,703 individuals with depression (Fried & 

Nesse, 2015b), with the most common symptom profile found in only 1.8% of the sample. 

Although there is a trend away from strict diagnostic classifications through the use of severity 

levels, and towards transdiagnostic approaches (Dalgleish et al., 2020), clinicians, with the help 

of depression scales, ultimately make a determination as to whether a person is a "case" or a 

"non-case". This determination is even more stark in research, where participants are required to 

meet a threshold for inclusion. Classifying such a heterogeneous disorder and attempting to treat 

it as a single entity disregards the important differences between the range of presentations. 

The issues outlined above may help explain the lack of progress in improving outcomes for 

people with depression. It also highlights the need for precise, reliable, and objective measures 

of depression that take into account the dynamic and heterogeneous nature of depression. Given 
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the current limitations, researchers are looking for alternative tools for measuring and 

characterising depression. 

1.4 Remote measurement technologies 

The use of digital technology is becoming increasingly common in mental health. RMTs, such as 

smartphones and wearable devices, collect data from an individual in real time through a digital 

interface. These technologies have been hailed as potential solutions to improve the 

characterisation, monitoring, and treatment of depression (Jain et al., 2015; Mohr et al., 2017; 

Rost et al., 2022; Torous, Gershon, et al., 2019). 

With the global increase in smartphone ownership – 83.1% worldwide in 2022, up from 44.9% 

in 2016 (Laricchia, 2022a; O’Dea, 2022), 93% in the UK in 2022 (Laricchia, 2022b), and 

wearable device usage forecast to reach one billion by the end of 2022 (Laricchia, 2022a) – the 

science of “remote sensing”, sometimes referred to as digital phenotyping or personal sensing 

(Mohr et al., 2020) presents an exciting opportunity for improving depression outcomes.  

There are two main types of data collection using RMTs: active data, which requires active input 

from the user (e.g., mood logs or speech recordings), and passive data, which gathers data 

automatically via digital sensors embedded in wearable or portable electronic devices (e.g., heart 

rate, global positioning system [GPS], step count). Collectively, these data collection techniques 

can be used to infer an individual's mood, behaviour, physiology, and environment, which may 

provide an indication of their current mental state. 

1.4.1 Disambiguation of terms 

Various terms have been used to describe the use of RMT data to estimate behaviour, such as 

passive sensing (Zhang et al., 2022), personal sensing (Mohr et al., 2020), digital phenotyping 

(Jain et al., 2015), and personal informatics (Li et al., 2010). While these terms are broadly used 

to mean the description of behaviour through digital devices, they have subtle differences, and 

author preferences for their use are likely to reflect the researchers’ discipline.  

In this thesis, I will use the term “digital phenotyping” to refer to the quantification of the human 

phenotype, at an individual level, using data derived from personal digital tools (Torous et al., 

2016). “Passive sensing” will be the term used to refer to the automatic capture of data obtained 

through passive means, that is, through the use of wearable devices or smartphone apps that 



 

20  

  

require no direct input from the user. “Digital biomarker” will be the term used to refer to the 

objective data collected by digital means that serve as signs or indications of a state (Coravos et 

al., 2019). In the case of this thesis, such states will be clinical outcomes such as depression or 

recovery. 

1.4.2 Active data 

There are three main uses for active data collection methods. Firstly, to deliver validated clinical 

self-report questionnaires in digital format, usually through smartphone apps. This method 

replaces traditional pen-and-paper methods for completing scales, with the main advantage of 

providing a more ecologically valid method for completing questionnaires than in the clinic or 

during a therapy session given that they are carried out remotely and therefore in the context of 

an individual’s daily routine. 

Active RMTs are also the conduit for experience sampling methodology (ESM; 

Csikszentmihalyi & Larson, 1987) and ecological momentary assessment (EMA; Stone & 

Shiffman, 1994). ESM and EMA are terms often used interchangeably (Trull & Ebner-Priemer, 

2009), and while they have subtle distinctions, it is generally considered a methodology that 

delivers and integrates a variety of, usually subjective, assessments for the purpose of self-

monitoring.  

Broadly, ESM/EMA generally involves a large number of repeated assessments, sometimes 

within the same day, and is conducted within the individual’s typical environment (Stone & 

Shiffman, 1994). This provides a nuanced assessment of mood shifts in the context of daily life 

and aims to obtain contextual information about phenomena as they happen, with importance 

placed on the timing of the assessments. Matcham et al. (2019), for example, used ESM to 

deliver 3-minute questionnaires at 9 random times throughout the day to obtain subjective 

information on mood, stress, sociability, activity, and sleep. Participants had a limited amount of 

time to respond to these surveys to allow researchers to capture their state at a particular point in 

time. As a result of delivering a number of surveys in a short period of time, participant non-

response is practically unavoidable. While attempts are made to reduce missing data, it is an 

expected feature of ESM design rather than an indication of a flawed study. 

Active RMT is also used to collect objective data that requires active user input, for example, 

from speech of cognitive tasks. One example of this is the THINC-it app (McIntyre et al., 2017). 

This app is a validated tool that evaluates cognitive function by delivering tasks via a 

smartphone app. It presents cognitive assessments, which would traditionally be completed with 
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pen and paper, in a digital gamified way and allows for the tracking of cognitive function 

through time.  

Although speech data is commonly acquired through active means, passive speech data can also 

be collected. Ben-Zeev et al. (2015) passively captured ambient sound through intermittent 

activation of a smartphone microphone to detect proximity to human speech and used this as a 

proxy for socialisation. It should be noted that researchers protected participant privacy by pre-

processing the data, storing only the relevant speech features rather than the raw audio. More 

often however, speech is collected via active means, that is, people are asked to record 

themselves through a device that sends recordings to researchers. In the studies presented in this 

thesis, speech data was collected via active means.   

1.4.3 Passive data 

Passive sensing is the automatic, unobtrusive collection of data from digital sensors. 

Smartphones and wearable devices have an array of embedded sensors that can capture data on 

location, movement, communication, proximity to others, social interaction, heart rate, etc. The 

goal of passive sensing is to transform the large amount of data coming in from the various data 

streams into meaningful information pertaining to human emotions, cognitions and behaviour. 

Mohr et al. (2017) detail the process of turning raw data into inferences of clinical states in a 

hierarchical framework. They describe this process as having four ordered stages: raw sensor 

data (the input stage), low-level features, high-level behavioural markers, and finally clinical 

states. Below is a summary of the processes involved in moving from one stage (beginning at the 

data input stage) to the next.  

Feature extraction 

The first processing of data involves turning raw sensor data into digital features. Some 

examples of sensors are those that capture GPS signals to detect location, accelerometer to detect 

movement, or light sensors. Turning sensor data into features is arguably the most critical step, 

as it creates the first building-blocks (later to be used as variables in statistical models) from 

which to make sense of the information (Bengio et al. 2013). Some examples of these low-level 

features are “location type”, where a GPS signal has been processed to determine when someone 

is at home or at work; “movement intensity”, where accelerometer data is processed to obtain 

information about whether someone is walking or running; or “ambient light”, where the 

information obtained can tell if the light in the room is on or off. 
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Passively gathered features fall into four general categories: physiological, such as heart rate 

(Sano et al., 2018) or skin conductance (Ávila Moraes et al., 2013); physical, such as sleep or 

physical activity (Difrancesco et al., 2019); hardware/software interaction, such as screentime, 

app usage or phone calls (Saeb et al., 2015); and environmental, such as ambient light, sound, or 

humidity (Doryab et al., 2014). Features can be constructed based on previous knowledge of 

behaviours, for example, creating features related to exercise require knowledge of the range of 

speed of movement at which physical activity is considered exercise. Additional methods of 

feature construction include the use of statistical algorithms with little human input, and the use 

of machine learning techniques to combine sensor data from a variety of sources to create a 

feature, such as combining heart rate, light, sound, and movement to construct the feature “sleep 

onset” or the time at which the user fell asleep (Mohr et al., 2017). 

Behavioural markers 

Low-level features are then analysed in such a way that high-level behavioural markers can be 

inferred from them. These behavioural markers can be broadly understood as symptoms. To 

continue with the previous examples, if a low-level digital feature of “homestay” (the amount of 

time someone stays at home) is constructed from GPS sensor data, an increase in homestay could 

then be indicative of social withdrawal or fatigue. Data from ambient light and heart rate sensors, 

which could be turned into “sleep onset”, could also be analysed to evaluate sleep disruption – a 

behavioural marker and potential symptom.   

1.5 Rationale for thesis aims 

The use of RMTs for depression is an emerging field with potential for impactful applications in 

healthcare. However, there are gaps in the literature that will need to be addressed in order to 

construct a solid evidence-base to inform translational efforts. The rationale for this thesis is 

built upon the gaps in the literature and the potential applications for this technology in a 

healthcare setting. This section gives an overview of such gaps and applications. A more 

extended evaluation of these points is provided in each of the relevant chapters.  

1.5.1 Limitations with evidence base 

The application of personal sensing using phones and wearable devices to estimate human 

behaviour in the attempt to generate illness profiles is relatively new. Since Jain et al. (2015) first 
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applied the concept of a digital phenotype to medicine, there has been an eruption of studies in 

this field. Much of the earlier research began with proof-of concept studies, mostly from the 

computer science and engineering fields to ensure the technology was fit for purpose, e.g., does 

step count accurately estimate steps taken in people with health conditions? Can a wrist-worn 

wearables accurately detect sleep? As such, the initial studies came from a field where novelty 

and originality are typically prioritised over generalizability and therefore employed a variety of 

methods, generating wide heterogeneity in the literature. Studies looking at seemingly equal 

behavioural markers would use different sensors, devices, and feature construction methods 

(Mohr et al., 2017). As the field began to broaden to incorporate epidemiological studies, the 

research designs, sample characteristics, statistical and data analyses employed to address 

research questions, and the range of devices available, multiplied. This further added to the 

sources of heterogeneity. 

Additionally, with increasingly complex data, new applications of data analysis are required. The 

novel application of data analysis and statistical techniques to this field raises concerns about 

scientific rigour. Firstly, RMTs generate a large number of predictor variables, and it is possible 

that published articles over-emphasise statistically significant associations where there has been 

multiple testing, leading to Type 1 error. Moreover, the ever-expanding use of machine learning 

models in digital mental health has led to the question of whether they are applying these 

methods appropriately. A review found that half of the studies used cross-validation techniques 

inappropriately, leading to an overestimation of prediction accuracy (Saeb et al., 2017). 

In order to draw valid conclusions about the field's value and direction, there is a need to 

understand the extent of the heterogeneity and how it can be accounted for. It must also seek to 

apply research guidelines to ensure consistency and transparency in a way that leads the field 

toward a common set of standards that promotes scientific rigour to support the field’s evidence 

base and reduces heterogeneity without stifling innovation. 

1.5.2 Acceptability 

Technology adoption is a significant challenge in healthcare, especially in the case of mental 

healthcare, where data has additional considerations around privacy, sensitivity, and stigma 

(Sanches et al., 2019).  As the use of RMT within mental health research and practice expands, 

these concerns are likely to grow, potentially impacting healthcare service users’ willingness to 

adopt these technologies (Simblett et al., 2019). Additionally, adoption can be impacted by 

health care professionals’ perspectives if they do not find these methods acceptable.  
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The approach to integrating passive data into health takes a bottom-up approach to inferring 

mental state, i.e., it begins with passive data streams and works upwards to make inferences 

about mental states, with behavioural features therefore adjusting to existing sensors rather than 

the other way around (as discussed in Section 1.4.3).  While this approach may aid in the 

identification of novel digital biomarkers, these may not always be clinically meaningful. In 

order to generate clinical targets relevant to a patient’s needs, stakeholder views on how to 

translate data into health information should be considered (Taylor et al., 2020).  

The bulk of acceptability research in digital health is on novel digital interventions, such as 

mental health intervention apps or digital therapeutics platforms; we therefore have limited 

evidence of attitudes towards and acceptability of active and passive data capture in people 

undergoing traditional treatments. In order for RMTs to fulfil their promise of improving 

treatment outcomes, they need to be acceptable to this population. Qualitative and quantitative 

work on patient-centred approaches to digital mental health is therefore needed. 

1.5.3 Engagement 

The level of engagement that individuals have with RMTs determines their value for research 

and clinical use, but the current state of engagement with such tools is unclear. This is partly due 

to a lack of consensus on how engagement has been measured and defined in the literature 

(White et al., 2022). However, in a data-intensive field, understanding how people interact with 

these devices and the missing data patterns this interaction generates is crucial.  

A first step is the willingness of people to continue to use devices for a duration of time that 

could cover the approximate length of psychological treatment. A proxy measure for such long-

term engagement is attrition in RMT studies. Generally however, studies have short digital 

follow-up periods, so long term feasibility is hardly ever captured (De Angel et al., 2022; de 

Girolamo et al., 2020; Goldberg et al., 2018). With even the shorter psychological treatments 

lasting between 6 – 8 weeks (NHS Digital, 2021), it is imperative studies evaluate the 

engagement with RMTs for longer periods.  

In those with longer follow-ups, the literature on attrition is mixed, with studies like the Remote 

Assessment of Disease and Relapse – Major Depressive Disorder (RADAR-MDD) showing 

good study completion rates – 80% after 2 years (Matcham et al., 2022) – and others showing 

poor retention, e.g., 50% loss-to-follow-up after 15 days (Pratap et al., 2020). The differences in 
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engagement may be explained by differences in the context in which these studies were 

conducted; they covered different health conditions and used different study technology, and 

whereas RADAR-MDD had a dedicated participant recruitment and monitoring team, the studies 

in Pratap et al., (2020)’s review were carried out entirely remotely. These contextual factors are 

thought to affect engagement (Simblett et al., 2019). There is therefore a need for long-term 

attrition studies in the context of treatment.  

A second way of measuring engagement with RMT is by looking at the amount and pattern of 

missing data from active and passive data collection. Active approaches have often received the 

majority of attention in the work on data availability (Goldberg et al., 2018; Gual-Montolio et 

al., 2020; Ng et al., 2019), leaving passive sensing understudied and underreported (Currey & 

Torous, 2022). Given that each of these collection methods demands various levels of input and 

dedication from the user, the degree to which "missingness" occurs at random could vary and 

may be differently impacted by individual differences (Doherty et al., 2017). Given that 

behavioural markers are inferred from constructed digital features (see Section 1.4.3), the 

integrity of these behavioural markers is threatened if the digital features are constructed from 

insufficient sensor data. Although recent studies do not corroborate an influence of individual 

differences on data availability (Matcham et al., 2022; Rashid et al., 2020), the paucity of studies 

in this area warrants further research. 

1.5.4 Objective markers of depression 

By providing reliable disease-related information, digital biomarkers can offer considerable 

diagnostic and therapeutic value in modern health care systems, they could reduce clinical errors 

and improve the accuracy of diagnostic methods for patients and clinicians using measurement-

based care (Insel, 2017). 

There have been no notable breakthroughs in the decades-long search for an objective, biological 

marker that can be used to detect the presence and severity of depression (Kapur et al., 2012; 

Keshavan, 2016). This lack of progress may be due to the range of psychosocial and biological 

factors affecting depression (Remes et al., 2021). Digital tools produce objective measurements 

of behavioural, physiological, social, and cognitive information continuously, thereby enabling 

measurement-based care. The current literature on digital biomarkers suggests that they may 

enhance diagnosis, differentiate between disorders or subtypes of disorders, evaluate prognosis, 

and assess treatment response (Coravos et al., 2019).  
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The bulk of the research on diagnostic markers has looked at whether digital features are 

associated with depression severity or can differentiate between depressed and non-depressed 

individuals. A review on correlations between passive features and depressive mood found 

several features to be consistently correlated with mood across studies, such as home stay, sleep 

duration, and vigorous activity (Rohani et al., 2018). These features have found promise in the 

field, with several studies corroborating this finding subsequently for location (Laiou et al., 

2021), sleep (Zhang et al., 2021) and physical activity features (Difrancesco et al., 2019). 

A dearth of studies have looked at digital biomarkers for differentiating between disorders. 

Notably, Faurholt-Jepsen et al. (2012) found differences in psychomotor activity measured via 

accelerometery between depression and bipolar disorder, even for those in remission. Studies 

that look for digital biomarkers of depression subtypes by comparing key symptoms like 

insomnia and hypersomnia (e.g., Zhang et al., 2021) or activity and fatigue (e.g., Tao et al., 

2019), have the potential to make progress in this area. Further efforts to establish digital 

biomarkers have been in the areas of prognostic markers of relapse (Matcham et al., 2019) and 

pharmacological treatment response (Todder et al., 2009).  

While depression is understood as an illness of affect, it has a strong behavioural component 

(Wu et al., 2022). Fatigue is found to be a central symptom and particularly common in people 

with depression (Ma et al., 2022), and sleep disturbances are found in 83% of depressed people 

compared to 36% of those without depression (Stewart et al., 2006). Additionally, non-somatic 

symptoms are also reflected by a person’s behaviour. Anhedonia, for example, is known to be 

reflected through a reduction in social contact (Barkus, 2021).  

Most of the current work has measured depression using self-rated scales, which are analysed by 

adding up their single items into a sum score. This is based on the premise that all symptoms of 

depression are interchangeable and serve as equally accurate measures. However, patients with 

the same severity score can present with very different symptom profiles (Fried & Nesse, 

2015b). Additionally, particular symptoms have been shown to have distinct associations with 

inflammation markers, heritability measures or sociodemographic risk factors (Fried & Nesse, 

2015b), and the presence of some symptoms have been associated with differing prognostic 

outcomes. For example, those with insomnia (Pigeon et al., 2008) and more severe somatic 

symptoms may have lower recovery rates (Wu et al., 2022), anxiety symptoms can affect 

remission (Wu et al., 2013), and diminished activity and interest reduces response to 

antidepressants (Uher et al., 2012). Examining the association between RMT and depression in 
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terms of subtypes or individual symptoms may prove more insightful than using aggregated 

scores. 

Studies are therefore needed that attempt to look for objective markers of depression, within the 

context of treatment that are able to differentiate between subtypes of symptoms of depression. 

This will help improve the characterisation depression, in order to augment diagnoses by 

quantifying behaviours of relevance in the current clinical interview. 

1.5.5 Novel outcome measures 

In contrast to the static nature of the current assessment methods, RMTs produce a continuous stream 

of data, allowing for the evaluation of the trajectory of symptoms over time, meaning that we 

may be able to look at trajectories rather than binary measurements (such as depressed vs. non-

depressed or recovered vs. non-recovered) as relevant outcome measures. Bearing in mind that 

what we refer to as psychiatric illness probably lies on a spectrum of severity, with disorders 

arising only at one of the extremes (Adam, 2013), finding continuous metrics that can identify 

more subtle changes along this spectrum is important. RMTs might capture a wider range of 

wellbeing between illness and wellness thanks to their longitudinal capabilities and the granular 

level at which they can identify changes in behaviour. Being able to detect this phenomenology 

of transition has implications for detecting relapse and recovery, especially since some 

behaviours may only be expressed briefly and would be missed in infrequent traditional 

assessments (Torous et al., 2015).  

Examples of how RMT dynamic outcome measures that identify variability in data rather than 

absolute values could be informative come from research on GPS data and circadian rhythmicity. 

One study found that location entropy, which is the stability or variation of someone’s location 

patterns, was connected to depression but that the total number of places visited was not (Saeb et 

al., 2015). Studies looking at circadian rhythms, or the sleep/wake and activity patterns across a 

24 hour period, which inherently deal with continuously measured behaviours, have also shown 

significant links to depression (Lyall et al., 2018).  

Studies aiming to understand the variance in data and trajectories of change within individuals in 

the short term (for example, in 24-hour periods) and the long term (throughout the course of 

treatment) could lead to more effective clinical monitoring of symptoms or serve as more 

nuanced indicators of treatment effectiveness. 



 

28  

  

1.5.6 Personalisation of depression treatments 

Clinicians determine the efficacy of a treatment based on the average treatment effect, as 

demonstrated by a randomised controlled trial (RCT), being significantly greater than a placebo 

or treatment as usual. These averaged effects do not account for response variability, some 

people will have a strong effect of treatment, while others will have a weak or no effect. In fact 

the majority of people with depression do not have a significant improvement above placebo 

effects (Stone et al., 2022).  

Improved prediction of treatment response would allow the stratification of those with a weaker 

response and direct them to alternative interventions. The identification of digital biomarkers 

related to treatment outcome would allow the stratification of a heterogeneous illness into more 

homogeneous treatment-relevant sub-categories instead of applying the current one-size-fits-all 

approach to treatment (Trusheim et al., 2007). This is challenging as there are many variables 

that affect individual treatment outcomes, but RMTs might help by providing highly 

individualised, longitudinal, and multiparametric information.  

Studies evaluating response to psychotherapy via RMT are scarce, but one study on over 8,000 

patients found clusters of clinical data to show a differential response to psychological treatment 

(Saunders et al., 2016). Pharmacological studies have found that speech and facial expression 

may indicate response to medication (Abbas et al., 2021; Mundt et al., 2012). Another study 

reported that the severity of somatic symptoms in depressed individuals had an impact on 

recovery (Wu et al., 2022). While indirect, this finding may be relevant given that somatic 

symptoms may be easily detectable by RMT and are linked to differentiating subtypes of 

depression (Penninx et al., 2013). Also, digital-based cognitive tasks can predict a differential 

response to one antidepressant over another (Etkin et al., 2015). The combination of passive 

data, digital cognitive markers, and clinical profiles could aid clinicians in making informed 

treatment selection decisions.  

In addition to stratifying people based on prognostic markers, RMTs may help personalise 

existing treatments by being able to monitor changes in real-time and make tailored adjustments. 

For example, psychological interventions incorporating sleep hygiene or physical activity will be 

able to directly monitor changes in such behaviours in an objective way.  

Research examining the feasibility and clinical validity of RMTs for the purposes of monitoring 

and extracting prognostic markers during treatment is therefore warranted.  
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1.5.7 Efficiency in healthcare systems 

In the UK, the numbers of patients attending psychological treatment at national psychological 

services have been steadily increasing, such that this is now the most common route of talking 

therapy for mild to moderately affected people (NHS Digital, 2021). Having a low treatment 

success rate not only translates into suboptimal service delivery times, but it also imposes 

unnecessary pressure on already scarce resources. Matching treatments to clients’ presenting 

needs would optimize outcomes and service capacity utilization.  

In addition to selecting the most effective treatment for a particular case, decisions will 

occasionally call for consideration of resource allocation, where allocation to more intense 

treatment is likely to be more effective overall, but lengthier and more expensive, compared to 

lower intensity treatments (Saunders et al., 2016). The role of stratified medicine in this case is 

to identify those for whom the projected differential benefit of high-intensity therapy is minor 

versus those who are likely to gain much more from the low-intensity treatment (Cohen & 

DeRubeis, 2018a). Lorenzo-Luaces et al., (2017), calculated the likelihood of recovery in 622 

depressed individuals from an array of predictor variables, including severity, unemployment 

and subjective sleep problems and found that those with poorer prognosis experienced a much 

greater benefit of Cognitive Behavioural Therapy (CBT) than lower-intensity alternatives, 

compared to those with a generally good prognosis, who found a comparatively little benefit 

from higher intensity therapies. Similarly, identifying digital biomarkers of prognosis would help 

the cost-benefit analysis required to make the optimal use of healthcare resources to improve 

healthcare service coverage. 

1.7 Aims and objectives: 

Drawing upon the gaps in the literature and applications to the technology outlined in the 

previous section, the current section outlines the overarching aims and objectives of this thesis, 

which provides a summary of the thesis structure. 

1.7.1 Overarching thesis aim: 

In this thesis, I sought to evaluate the extent of the feasibility and acceptability of using RMTs, a 

smartphone, and a Fitbit wearable device to collect behavioural and clinical data in people 
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undergoing therapy for depressive disorders and establish the extent to which they can be 

potentially useful biomarkers of depression and recovery after treatment. 

In order to address these aims, I carried out three separate studies: a systematic review of the 

literature, focus groups with patients and clinicians, and a mixed-methods observational cohort 

study. 

1.7.2 Specific aims: 

AIM 1: To synthesise and assess the state of current evidence on the relationship between 

passive data from smartphones and wearable devices and depression using a systematic 

review. 

The objectives in relation to this aim were to: (1) define the key methodological challenges, such 

as the sources of heterogeneity and threats to reproducibility, in the field of digital biomarkers in 

depression, and (2) uncover leading digital signals for depression. 

These objectives are addressed by the systematic review of the literature (Study 1) and covered 

in Chapter 2. Findings from this study helped set out a reporting framework for the observational 

cohort study and informed a data-based approach to variable selection and feature construction 

in Chapters 5 – 7. 

AIM 2: Explore stakeholder views and overall acceptability of implementing digital health 

tools in psychological services and identify clinically meaningful targets for RMTs in 

depression.  

The objectives in relation to this aim were to: (1) examine patient and clinician views on how changes in 

mental state are reflected through changes in behaviour, (2) explore attitudes towards digital health tools, 

including potential barriers and facilitators of using them while in psychological treatments for 

depression. 

These objectives are addressed by the focus groups on patients and clinicians (Study 2) and 

covered in Chapter 3. This study informed the design of the subsequent observational study 

(Chapter 4). 
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AIM 3: Evaluate the feasibility of using RMTs to collect behavioural and clinical data in 

people undergoing therapy for depressive disorders through measures of engagement. 

The objectives in relation to this aim were to: (1) describe the patterns of user engagement and missing 

data in the long-term use of digital health tools during psychotherapy, (2) detect any effects of undergoing 

treatment on engagement with RMTs, (3) use qualitative interview data to aid in the explanation of the 

quantitative engagement data. 

Aims 3 and 4 are addressed by the mixed-methods observational cohort study (Study 3). A 

detailed research protocol for this study is presented in Chapter 4, and the research questions for 

Aim 3 are covered in Chapter 5. 

AIM 4: Evaluate the potential for digital health tools to produce digital biomarkers of 

depression and treatment prognosis.  

The objectives in relation to this aim were to: (1) identify digital features derived from 

smartphones and wearables that are associated with depression severity, (2) determine whether 

digital signals can detect changes in clinical state associated with recovery after psychotherapy. 

These objectives are addressed by Study 3 and covered in Chapters 6 and 7. 

Findings across these studies are summarised and discussed in Chapter 8, where a critical 

evaluation of this work and its implications for further research and clinical practice are 

presented.  
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Chapter 2 – Digital health tools for the passive monitoring 

of depression: a systematic review of methods 

2.1 Chapter summary 

This chapter presents the systematic review carried out in fulfilment of Aim 1. It evaluates the 

research linking passive data collection to depression across the medical and computer science 

fields. The studies are summarised with the purpose of elucidating potential signals, and an 

evaluation of the methods used is presented. The findings of this systematic review influenced 

the development of recommendations for reporting standards in the field and informed a data-

based approach to feature selection and construction in the following Chapters 5–7.  
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tools for the passive monitoring of depression: A systematic review of methods. Npj 

Digital Medicine, 5(1), 1–14. https://doi.org/10.1038/s41746-021-00548-8 

 

This article has been cited 26 times in the 12 months since it was published and is available 

online from Nature Partner Journals (npj) Digital Medicine on: 

https://www.nature.com/articles/s41746-021-00548-8 

 

https://www.nature.com/articles/s41746-021-00548-8
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2.2 Published article 
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2.3 Additional Information 

In this study, the quality evaluation of included studies in the systematic review was conducted 

using a combination of the Appraisal Tool for Cross-Sectional Studies (AXIS tool) and the 

Newcastle-Ottawa Scale (NOS). The selection of these tools was deemed appropriate 

considering the specific objectives and research design of the study. The AXIS tool allows for 

the assessment of the methodological quality and risk of bias in cross-sectional studies, while the 

NOS provides a framework to evaluate the quality of longitudinal studies. By using a 

combination of these tools, a more comprehensive evaluation of the included studies was 

achieved, considering both cross-sectional and longitudinal designs. 

The QUADAS-2 is a tool designed to assess the methodological quality and risk of bias in 

diagnostic accuracy studies. Given that much of the RMT research has examined the ability of 

digital health tools in detecting depression, the QUADAS-2 is a potential option for quality 

assessment in systematic reviews in the field.  

The current review did not apply the QUADAS-2 tool given that the research focus was not 

centred on evaluating the diagnostic accuracy of digital features for depression. Instead, the goal 

was to investigate the relationship between the digital features and depression. As a result, the 

AXIS tool and the NOS were regarded as more closely aligning with the research aims. 

However, future research in this field may consider incorporating the QUADAS-2 tool, 

particularly in studies that explicitly aim to assess the diagnostic accuracy of RMTs for 

depression, for example, studies that examine the sensitivity, specificity, positive and negative 

predictive values, and other measures of diagnostic accuracy. Additionally, systematic reviews 

including research that compares RMTs with established reference standards for mental health 

diagnoses might also benefit from the use of the QUADAS-2 tool. 
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2.4 Supplementary Information 

 

Supplementary Table 1 

Supplementary Table 1 – the devices and models used to measure behaviour. 

Studies Device Model(s) Behaviour Sensors 

28, 32, 36, 38, 39, 

43, 44, 45, 46, 77, 

84, 90, 91, 92, 97 

Actiwatch Mini Mitter 

Co. Inc.  

2, Score, Spectrum, 64 Sleep  Accelerometer, Light 

1, 2, Spectrum, 64 Circadian Rhythm  Accelerometer, Light 

2 Physical Activity  Accelerometer, Light 

87,  Actillume® Actigraph 
 

Sleep Accelerometer, Light 

   
 

Physical Activity  Accelerometer, Light 

34, 83 Actiwatch 4, 

Cambridge Technology 

Ltd  

4 Sleep  Accelerometer, Light 

 4 Circadian Rhythm  Accelerometer, Light 

 4 Physical Activity  Accelerometer, Light 

29 Actiwatch, Philips 

Respironics, USA  

64, 2, L Sleep  Accelerometer, Light 

 64, 2, L Circadian Rhythm  Accelerometer, Light 

 2, L Physical Activity  Accelerometer, Light 

24, 25, 82, 91 GENEActiv, 

Activinsights, UK 

 
Sleep  Accelerometer, Light, 

Temperature 

 
 

Circadian Rhythm  Accelerometer, Light 

 
 

Physical Activity  Accelerometer, Light 

76, 93, 95 Motionlogger, 

Ambulatory 

Monitoring, Ardsley, 

NY.  

Basic Mini, Micro Mini, 

Octagonal Basic. 

Sleep  Accelerometer, Light 

 Circadian Rhythm  Accelerometer, Light 

6 Empatica 

  

E4 Sleep Accelerometer, Light, 

Electrodermal activity, Skin 

temperature, Heart Rate 

E4 Physical Activity Accelerometer, Light, 

Electrodermal activity, Skin 

temperature, Heart Rate 
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41, 85 ActiGraph Link 

accelerometer 

GT9X, GT3x Physical Activity Accelerometer, Light 

81 Garmin 
 

Physical Activity Gyroscope, Accelerometer, 

Compass 

 Tempatilume® 

(Cebrasil, Inc. Brazil) 

 
Circadian Rhythm Accelerometer, Light 

42 
 

Physical Activity Accelerometer, Light 

 
 

Environmental Light, temperature 

94 Pedometer StepCount SC-01 Physical Activity Pedometer 

5, 81 Fitbit 

  

  

Charge HR Sleep  Accelerometer, Light, Heart 

Rate 

Charge HR Location  GPS 

Charge HR,  

unknown model 

Physical Activity Accelerometer, Light, Heart 

Rate 

96 Microsoft Band 2 Physiology Heart Rate 

5, 6, 7, 22, 31, 40, 

47, 49, 50, 51, 52, 

81, 89, 96  

Smartphone Android Sleep Light sensor, microphone, 

screen activity, accelerometer 

Android Circadian Rhythm light sensor, microphone, 

screen activity, accelerometer 

Android + iOS Location GPS signal 

Android + iOS Location GPS + Bluetooth 

Android + iOS Location GPS + Wifi Signal 

Android + iOS Location Screen unlock duration 

Android + iOS Location Screen unlock times 

Android + iOS Physical Activity App usage 

Android + iOS Physical Activity Accelerometer 

Android + iOS Physical Activity GPS 

Android + iOS Physical Activity Pedometer 

Android + iOS Socialisation Combination: GPS + smartphone 

Wifi logs 

Android + iOS Socialisation Call logs 
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Android + iOS Socialisation SMS logs 

Android + iOS Socialisation GPS 

Android + iOS Socialisation Microphone 

Android Environmental Bluetooth 

Android Environmental Humidity 
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Supplementary Figure 1 | Quality Assessment Score Distribution. Figure showing the distribution of scores 

on all eight quality assessment items, including whether authors refer to a published protocol, in order of 

highest to lowest quality. Each row shows how many items were given a score of 2, 1 or 0 points. 

Presence of a protocol was scored either 1 (if present) or 0 (if absent). 

0 1 2 3 4 5 6 7 8

McCall et al., 2015

Yang et al., 2017

Doryab et al., 2014

Li et al., 2018

Robillard et al., 2018

Cho et al., 2016

Caldwell et al., 2019

Burns et al., 2011

Park et al., 2007

Luik et al., 2015

Luik et al., 2013

White et al., 2017

Smagula et al., 2018

Vanderlind et al., 2014

Smagula et al., 2018a

Saeb et al., 2015

Knight  et al., 2018

Kawada et al., 2017

Ghandeharioun et al., 2017

David et al., 2018

Boukhechba et al., 2018

Lu et al., 2018

Byrne et al., 2019

Yue et al., 2018

Wang et al., 2014

Wahle et al., 2016

Tao et al., 2019

Pillai et al., 2014

Jacobson et al., 2019

Yaugher et al., 2015

Wang et al., 2018

Robillard et al., 2016

Slyepchenko et al., 2019

Vallance et al., 2013

Saeb et al., 2016

Pratap et al., 2019

Moukaddam et al., 2019

Mendoza-Vasconez  et al., 2019

Naismith et al., 2011

Ben-zeev et al., 2015

Ávila-Moraes et al., 2013

Robillard et al., 2015

Hori et al., 2016

Stremler et al., 2017

Sano et al., 2018

Robillard et al., 2014

Doane et al., 2015

Robillard et al., 2013

Haeffel et al., 2017

Dillon et al., 2018

Difrancesco et al., 2019

Protocol 2 points 1 point 0 points
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Supplementary Table 2 – raw and percentage quality assessment scores per study. Total score was 

calculated out of 15. 

Field Reference Total Score (   /15) % score 

Medical Difrancesco et al., 2019 15 100.0 

Medical Dillon et al., 2018 13 86.7 

Medical Haeffel et al., 2017 12 80.0 

Medical Sano et al., 2018 12 80.0 

Medical Doane et al., 2015 11 73.3 

Medical Robillard et al., 2014 11 73.3 

Medical Stremler et al., 2017 11 73.3 

Medical Mendoza-Vasconez  et al., 2019 10 66.7 

Medical Moukaddam et al., 2019 10 66.7 

Medical Pratap et al., 2019 10 66.7 

Medical Robillard et al., 2013 10 66.7 

Medical Saeb et al., 2016 10 66.7 

Medical Vallance et al., 2013 10 66.7 

Computer Science Ávila-Moraes et al., 2013 9 60.0 

Medical Ben-zeev et al., 2015 9 60.0 

Computer Science Byrne et al., 2019 9 60.0 

Medical Lu et al., 2018 9 60.0 

Medical Luik et al., 2013 9 60.0 

Medical Luik et al., 2015 9 60.0 

Medical Naismith et al., 2011 9 60.0 

Medical Hori et al., 2016 8 53.3 

Medical Jacobson et al., 2019 8 53.3 

Medical Pillai et al., 2014 8 53.3 

Medical Robillard et al., 2015 8 53.3 

Computer Science Smagula et al., 2018b 8 53.3 

Medical Tao et al., 2019 8 53.3 

Medical Wahle et al., 2016 8 53.3 

Medical Wang et al., 2014 8 53.3 

Medical White et al., 2017 8 53.3 

Medical Yue et al., 2018 8 53.3 

Computer Science Boukhechba et al., 2018 7 46.7 

Medical Burns et al., 2011 7 46.7 

Medical David et al., 2018 7 46.7 

Medical Ghandeharioun et al., 2017 7 46.7 

Medical Kawada et al., 2017 7 46.7 

Medical Knight  et al., 2018 7 46.7 

Medical Li et al., 2018 7 46.7 

Medical McCall et al., 2015 7 46.7 

Computer Science Robillard et al., 2016 7 46.7 

Medical Saeb et al., 2015 7 46.7 

Medical Smagula et al., 2018a 7 46.7 

Medical Vanderlind et al., 2014 7 46.7 

Medical Wang et al., 2018 7 46.7 

Medical Yaugher et al., 2015 7 46.7 

Computer Science Caldwell et al., 2019 6 40.0 

Medical Cho et al., 2016 6 40.0 
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Supplementary Table 3 – Feature descriptions for Sleep features extracted in all included 

studies. 

Low-Level 

Features 

Description Study-level feature examples 

Total Sleep Time The amount of actually sleep time in 

a sleep episode; this time is equal to the total 

sleep episode less the awake time 

Total Sleep Time (TST) 

Total Sleep Duration Per Night 

Awake Duration 

Sleep Quality A combination of factors which relate to how 

much of the time that is intended for sleep is 

actually spent sleeping. 

Intradaily Variability In Sleep 

Wake After Sleep Onset 

Number Of Nocturnal Awakenings 

Minutes After Wakeup 

Sleep Efficiency Sleep efficiency is another measure of sleep 

quality presented independently due to its 

popularity. It is the percentage of time 

spent asleep while in bed. It is calculated by 

dividing the amount of time spent asleep (in 

minutes) by the total amount of time in bed (in 

minutes). 

Sleep Efficiency 

Sleep Stability Features of variability in sleep Sleep Start Time Variability 

Interdaily Stability In Sleep 

Sleep Variability Standard Deviation 

Sleep Onset Variability 

Sleep 

Architecture 

The basic structure of sleep Mean Mid-Sleep Time 

Acrophase Of Sleep 

Mid Sleep On Free Days 

Medical Robillard et al., 2018 6 40.0 

Medical Slyepchenko et al., 2019 6 40.0 

Medical Yang et al., 2017 5 33.3 

Medical Doryab et al., 2014 4 26.7 

Medical Park et al., 2007 4 26.7 



 

54  

  

Mean Mid-Sleep Time 

Sleep Onset 

Latency 

The amount of time it takes you to go from 

being fully awake to sleeping 

Sleep Onset Latency (SOL) 

Sleep Onset Latency (Women) 

Sleep Onset Latency (Men) 

Sleep Onset The time at which sleep onset happens Sleep Onset 

Sleep Offset The time at which the individual awakens. Sleep Offset 

Time In Bed Total amount of time spent in bed Time In Bed 

 

Supplementary Table 4 – Feature descriptions for Physical Activity features extracted in all included 

studies. 

Low-Level 

Features 

Description Study-level feature examples 

Activity Time Time spent engaging in physical activity Summation Of All Active Periods 

  Fraction Of Time In Motion 

  Minutes Per Week Of Physical Activity 

  Average Wrist Activity/Min 

Activity Levels General levels of activity Average 24-Hour Activity 

Gross Motor Activity Per Day 

Standard Deviation Motion 

Average Motion 

Intensity Activity features that differentiate between 

light, moderate and vigorous activity. 

Minutes Of Heart Rate In Fat-Burn Zone 

Time In Moderate-To-Vigorous Physical 

Activity 

Time In Light Physical Activity 

Speed Movement speed Speed Mean 

  Speed Variance 

  Average Moving Speed 

Sedentary Time Total time spent doing no activity Sedentary Minutes 

  Time In Sedentary Behaviours 
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  Stationary Time (Mean) 

Step Count Step count Step Count 

 

Supplementary Table 5 – Feature descriptions for Circadian Rhythm features extracted in all included 

studies. 

Low-Level Features Description Study-level feature examples 

Hour Based Activity 

Levels 

Activity levels at different times of day Motor activity (diurnal) 

daytime activity levels(DALs) (am) 

daytime activity levels(DALs) (pm) 

mean activity during active period (day) 

Intradaily Stability The ratio of the hour-to-hour activity variability to 

the overall activity variability (higher values 

reflect more fragmented rhythms, e.g., due to 

frequent daytime napping or night-time 

awakenings. 

Intradaily stability 

Intradaily variability 

change in intra-daily variability (IV), 

 

Acrophase peak of activity: a measure of the timing of overall 

high values recurring in each cycle, expressed in 

(negative) degrees in relation to a reference time 

set to 0°, with 360° equated to the period; and 

the period is the duration of one cycle 

Acrophase 

MESOR MEAN activity levels: a rhythm-adjusted mean MESOR 

Amplitude difference between peak and troughs of activity: 

difference between most active time and the 

least active time of the day, (higher values 

indicate a greater RAR amplitude) a measure of 

the extent of predictable change within a cycle 

Relative amplitude 

Circadian Rhythmicity The coefficient of determination (or R2; not 

illustrated here), a measure reflecting the 

goodness of fit, 

was used as an indicator of circadian rhythmicity. 

Circadian Rhythmicity 

Transition Probabilities The probability of transitioning from active to rest 

state or vice versa 

Active to Rest - day 

Active to rest - night 
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Rest to Active - night 

Interdaily Stability Ratio of variability within the mean 24-hour 

activity profile to the overall activity variability 

(higher values indicate greater stability of the 

mean 24-hour profile across days) 

Interdaily stability 

Alpha Relative width of the curve at the middle of the 

peak. Higher alpha indicates relatively narrower 

active periods compared to rest periods. 

Alpha 

Period The time in between activity peaks, usually 24 

hours. Shorter periods lead to behaviour 

occurring at an earlier clock time and long periods 

to later timing  

Period 

Beta Indicator of the steepness of the rise and fall of 

the curve, indicative of a faster transition from 

rest to active. 

Beta 

 

 

Supplementary Figure 2 | Circadian Rhythm terms. A graph showing a cosine wave representing 

the circadian curve with the period of 24 h and its terminology.  
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Supplementary Table 6 – Feature descriptions for Sociability features extracted in all included studies. 

Low-Level Features Description Study-level feature examples 

Frequency of Phone 

Interactions 

Frequency of Phone Calls of Text Messages Daily Call count 

SMS count 

Average frequency of calls per day 

Call Duration Call duration Call duration 

Missed Interactions Unreturned calls Unreturned calls 

 Missed interactions 

Speech Duration Length of detected speech Speech duration 

Conversation duration during day 

Change in Conversation duration (slope) 

Socialisation By 

Proximity 

Detected proximity to others by nearby 

Bluetooth devices of speech.  

Location/noise/voice 

Socialisation by proximity and noise 

Conversation 

Frequency 

Number of times conversation was detected 

nearby 

Conversation frequency during day 

Conversation frequency during evening 

SMS Length SMS length SMS length 

Unique Remote 

Interactions 

Total number of unique individuals with 

whom a participant interacted through 

phone calls or SMS messages on a particular 

day 

Interaction diversity 

Time Spent On 

Messages 

Total time spent using messages 

 

Total time spent using messages 

 

 

Supplementary Table 7 – Feature descriptions for Location features extracted in all included studies. 

Low-Level Features Description Study-level feature examples 

Entropy The variability of time the 

participants spend at a certain 

location. High entropy translates to 

Entropy 

Normalised Entropy 
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spending time more uniformly across 

different locations.  

N of Locations The number of locations visited Number of unique locations 

Total standard deviation of location 

Number of clusters 

Home Stay Amount of time spent at the location 

identified as Home 

Homestay 

Location Variance The variability in a participant’s location Location Variance 

Average Moving Speed Average Moving Speed Average Moving Speed 

Time At Location Average amount of time spent in a particular 

location. 

Average staying time per visit across the 

study 

 Cumulative staying time across the study 

 Time at on-campus health facilities(mean) 

Total Distance Total Distance Travelled by a participant Total Distance 

Transition Time The percentage of time during which a 

participant was in a non-stationary state. 

This was calculated by dividing the number 

of GPS location samples in transition states 

by the total number of samples. 

Transition Time 

Mobility Radius The radius of the area within which a person 

moved. 

Mobility Radius 

 

Supplementary Table 8 – Feature descriptions for Phone Use features extracted in all included studies. 

Low-Level Features Description Study-level feature examples 

Unlock Duration The amount of time a person’s phone is 

unlocked and therefore in use. Commonly 

referred as screen-time. 

Total phone usage duration 

Mean phone usage duration at student 

accommodation 

Specific App Use The types of apps used. total time spent using Instagram 

 total time spent using maps 

 total time spent using photo app 
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Unlock Frequency The number of times a phone is unlocked. phone usage frequency 

Combination Of 

Phone Use 

Combination of smartphone use features combination of all smartphone use features 

 

Supplementary Table 9 – Feature descriptions for Physiology features extracted in all included studies. 

Low-Level Features Description Study-level feature examples 

Temperature Temperature recorded from skin. Diurnal Peripheral temperature 

Amplitude of temperature rhythm 

Mean elevated temperature time 

Heart Rate The number of heart beats per minute Heart rate 

Electrodermal Activity Skin conductance Electrodermal activity 

 Difference in number of skin conductance 

level peaks 

 

Supplementary Table 10 – Feature descriptions for Environmental features extracted in all included 

studies. 

Low-Level Features Description Study-level feature examples 

Humidity Environmental humidity Humidity - males 

  Humidity - females 

Light Ambient Light Amplitude of light intensity 

  Acrophase of light 

  Mean elevated light time 
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Supplementary Figure 3 | Sensitivity analysis. Data synthesis for included studies scoring higher 

than 8 on the quality assessment scale. The number of times each feature (a sleep, b physical 

activity, c circadian rhythm, d sociability, and e location) has been reported in all included studies 
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and their association with depression, where these associations are defined as having a below-

threshold p-value (“Significant Association”), above-threshold p-value (“Non-Significant 

Association”), and where statistical methods have been used that do not yield p-values (“Non p-

value”). Only one study looking at Phone Use scored over 8, a multiparametric study with no 

bivariate associations, and was therefore not included above. The graphs also show the number 

of studies assessing each feature. 

 

Supplementary Note 1: Full search strategy 

The following databases were searched: 1) Pubmed, 2) Embase,  PsychInfo via OVID, 3) IEEE 

Xplore, 4) ACM Digital library, 5) Web of science,  

We included terms surrounding the following key concepts: 

1. Depression, depressive disorder 

2. RMTs, sensors, technologies (Portable or wearable technology) 

 

 Keywords Ti/Ab 

1 mood disorder; affective disorder; depression; 

depressive mood symptoms, mental health, 

depress*, Unipolar affective disorder, mental 

disorders 

remote emotional health monitoring 

system, mood,  

2 “Objective Behavioral Features”, objective 

features; sensor data; “smart phone”; wearable 

devices; wearable, smartphone, app, apps, 

accelerometer, pedometer, actigraphy, motor 

activity, Psychomotor activity, Acceleration, 

Heart rate, heart rate and movement sensor, 

“digital biomarker”, digital phenotype 

activity measurement, wrist-worn, 

remote, Psychomotor activity, 

objectively measured activity 

parameters, Electronic monitoring, 

objective measure 

 

1) Pubmed search:  

  Depressive Disorder[Mesh] OR Major Depressive Disorder[Mesh] OR Depression[Mesh] 
OR depressi*[Title/Abstract] OR "affective disorder"[Title/Abstract] OR "mood 
disorder"[Title/Abstract]  
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AND Remote Sensing Technology [MeSH] 
"digital"[Title/Abstract] OR smartphone[Title/Abstract]  OR mobile[Title/Abstract]  OR 
wearable[Title/Abstract] OR “objective measure”[Title/Abstract] OR "sensor data" OR 
"wearable devices" OR "smart phone" OR app OR apps OR “activity measure” OR 
acceleromet* OR pedomet* OR actigraph* OR “psychomotor activity” OR “remote 
monitoring” OR “GPS” OR “global positioning system” OR “mobile sensor” OR “RMT” 
OR “remote measurement technologies” OR mHealth OR “digital biomarker” OR 
“digital phenotype”  

Limit to 2007 

2) OVID: PsychInfo and EMBASE 

exp Major Depression/ 

major depression/ or affective disorder/ or depressive disorder.mp. 

("depressive mood" or "depressed mood" or "depressive symptoms" or "depressed symptoms" or "affective symptoms" or 

"mood disorder" or depression).ti,ab. 

 

(digital or smartphone or mobile or wearable or objective measure).ti,ab.  

("sensor data" or "wearable device" or "smart phone" or smartphone or accelerometer or pedometer or actigraphy or 

"psychomotor activity" or "remote monitoring" or "GPS" or "global positioning system" or "mobile sensor" or "RMT" or "remote 

measurement technologies" or mhealth or "machine learning" or app or apps or "activity measure" or "digital biomarker").mp.  

 

limit to yr="2007 -Current" 

 

 

1 

major depression/ or affective disorder/ or depressive 

disorder.mp. 

262002 

2 ("depressive mood" or "depressed mood" or "depressive symptoms" or "depressed symptoms" or "affective 

symptoms" or "mood disorder" or depression).ti,ab. 

716408 

3 1 or 2 795172 

4 (digital or mobile or wearable or objective measure).ti,ab. 318272 

5 ("sensor data" or "remote sensing technology" or "wearable device" or "smart phone" or smartphone or 

accelerometer or pedometer or actigraphy or "psychomotor activity" or "remote monitoring" or "GPS" or "global 

positioning system" or "mobile sensor" or "RMT" or "remote measurement technologies" or mhealth or "machine 

learning" or app or apps or "activity measure" or "digital biomarker").mp. 

187037 

6 4 or 5 485984 

7 3 and 6 10688 

8 limit 7 to yr="2016 -Current" 4635 
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9 limit 7 to yr="2007 - 2015" 4321 

10 remove duplicates from 9 3526 

11 remove duplicates from 8 3929 

12 10 or 11 7455 

 

 

3) IEEE Xplore:  

 

("remote sensing technology" OR "psychomotor activity" OR "RMT" OR "mhealth" OR "accelerometer" OR 

"pedometer" OR "actigraphy" OR "sensor data" OR "sensing technology" OR "GPS" or "global positioning 

system" OR "mobile sensor" OR "smartphone" OR "mobile" OR "wearable" OR "smart phone" OR "app" 

OR "apps" OR "digital biomarker*" OR "digital phenotype") AND ("depression" OR "depressed mood" OR 

"depressive symptoms" OR "affective disorder" OR "mental health" OR "mood disorder" OR "mood") 

 

Limit to 2007 onwards 

 

4) ACM Digital library,  
  

NOTE: adding “depressive mood” and/or “depressed symptoms” does not improve the search 

"depressive mood" or "depressed mood" or "depressive symptoms" or "depressed symptoms" or "affective symptoms" or "mood 

disorder" or depression or "major depression" or "affective disorder" or "depressive disorder" 

AND 

"remote sensing technology" or "sensor data" or "wearable device" or "smart phone" or "smartphone" accelerometer or 

pedometer or actigraphy or "psychomotor activity" or "remote monitoring" or "GPS" or "global positioning system" or "mobile 

sensor" or "RMT" or "remote measurement technologies" or mhealth  

"filter": {"publicationYear":{ "gte":2007 }}, 

{owners.owner=GUIDE} 

 

5) Web of science,  

# 9 3,689 #8 Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=2007-2019 

 

# 8 4,305 #7 AND #4 Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

 

https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=20&SID=D4oMYHe3Q9xxs5G17k6&search_mode=AdvancedSearch&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=19&SID=D4oMYHe3Q9xxs5G17k6&search_mode=CombineSearches&update_back2search_link_param=yes
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# 7 327,872 #6 OR #5 Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

 

# 6 147,948 TI=(wearable OR mobile) Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

 

# 5 193,432 TS=("remote sensing technology" OR "sensor data" OR "wearable device" OR "smart phone" OR 

smartphone OR accelerometer OR pedometer or actigraphy OR "psychomotor activity" OR "remote 

monitoring" OR "GPS" OR "global positioning system" OR "mobile sensor*" OR "sensing technologies" OR 

"RMT" OR "remote measurement technologies" OR mhealth OR "digital biomarker*" OR "digital 

phenotype*") 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

# 4 542,297 #3 OR #2 OR #1 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

# 3 16,431 TS=("affective disorder" OR "mood disorder") 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

# 2 224,301 TI=(depress* OR "affective disorder" OR mood) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

# 1 492,570 TS=(Depressive Disorder OR Major Depressive Disorder OR Depression) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=1900-2019 

 

 

 

 

  

https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=18&SID=D4oMYHe3Q9xxs5G17k6&search_mode=CombineSearches&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=16&SID=D4oMYHe3Q9xxs5G17k6&search_mode=AdvancedSearch&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=13&SID=D4oMYHe3Q9xxs5G17k6&search_mode=AdvancedSearch&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=9&SID=D4oMYHe3Q9xxs5G17k6&search_mode=CombineSearches&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=8&SID=D4oMYHe3Q9xxs5G17k6&search_mode=AdvancedSearch&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=7&SID=D4oMYHe3Q9xxs5G17k6&search_mode=AdvancedSearch&update_back2search_link_param=yes
https://apps.webofknowledge.com/summary.do?product=WOS&doc=1&qid=6&SID=D4oMYHe3Q9xxs5G17k6&search_mode=AdvancedSearch&update_back2search_link_param=yes
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Supplementary Table 11 – Study quality assessment criteria, item names and scoring criteria. 

 ITEM CRITERIA ITEM DESCRIPTION AND SCORING 

1  Protocol Published?  
[Y, N]  

Is a published protocol mentioned? 1= Yes, 0 = No  

2  
Definition of Outcomes   
(Clinical outcomes and Objective 
Features)  

2. clear and appropriate definition of outcomes (depression and 
objective measures). 1. Unclear or incomplete  0. None reported  

3  Evidence of Selective reporting   
(data measured but not reported)   

2. analysed data matches study objectives and post hoc analyses clearly 
defined as such 1. Some variables measured not mentioned/ reported 
in results. 0. Significant results not defined at the outset nor in line with 
study objectives.  

4  Sample Description and Eligibility 
Definition  

2. Gives well-defined eligibility criteria, and the sources and methods of 
selection of participants. 1. Eligibility criteria incomplete or unclear, or 
clinical-based inclusion of depression defined by self report (and not 
assessed by clinician). 0. No mention of sampling strategy / eligibility  

5  Statistical Control for Confounding 
and/or Multiple Comparisons  

2. clear and appropriate . 1. Unclear or incomplete  0. None reported  

6  Missing data   
(Report and management)  

2. clear and appropriate . 1. Unclear or incomplete  0. None reported  

7  Representativeness  
2. sample representative of population of interest, 1. Potential 
selection/sampling bias, 0. Sample largely different to the populations it 
aims to study.  

8  Justification of sample size  2. clear and appropriate justification of sample size. 1. Unclear or 
incomplete explanation for sample size. 0. None reported  
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Chapter 3 – Clinical Targets and Attitudes Toward 

Implementing Digital Health Tools for Remote 

Measurement in Treatment for Depression: Focus Groups 

with Patients and Clinicians 

3.1 Chapter summary 

The previous chapter summarised the literature on the use of passive sensing to make inferences 

about depression. While this data-based approach is important for identifying novel digital 

markers of depression, we need a complementary top-down paradigm that ensures that 

technology-driven methods and digital markers are acceptable and clinically meaningful to the 

end user. With this in mind, the current chapter describes a qualitative study designed to address 

Aim 2 of this thesis by identifying clinically meaningful digital measures for patients and 

clinicians and identifying barriers to and facilitators of RMT use during psychotherapy.  

 

This chapter is presented as a published article, with the full reference below. The published 

supplementary materials and additional comments can be found in the following section (Section 

3.3). 

 

De Angel, V., Lewis, S., White, K. M., Matcham, F., & Hotopf, M. (2022). Clinical Targets and 

Attitudes Toward Implementing Digital Health Tools for Remote Measurement in 

Treatment for Depression: Focus Groups With Patients and Clinicians. JMIR Mental 

Health, 9(8), e38934. https://doi.org/10.2196/38934 

 

This article has been cited 3 times in the 8 months since it was published and is available online 

from the Journal of Internet Medical Research (JMIR) Mental Health on:  

https://mental.jmir.org/2022/8/e38934  

  

https://doi.org/10.2196/38934
https://mental.jmir.org/2022/8/e38934
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3.2 Published article 
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3.3 Supplementary materials 

Supplementary Note 1: Topic guides for Patients and Clinicians 

 

Focus group topic guide – Patients 

Introduction 

• Researchers to introduce themselves and the project 

• Introduce audio recording equipment, how long the session will last and breaks  

• Explain confidentiality (including use of quotes) and agree ground rules 

• Explain consent procedure: go through information sheet and sign written consent forms 

• Ice breaker: Introduce yourself and say how you travelled in today. 

 

Main discussion 

1. Aim: to understand what is important to you about the changes you experience when you improve in the 

context of undergoing treatment for depression; to be able to identify treatment targets of importance  

o Is measuring changes during treatment important to you? 

o What else is important to you in terms of your (physical and mental) health and well-being? Why?  

▪ Prompts: Physical and mental health; recovery; lifestyle; social relationships 

o What sort of changes do you notice when you start feeling a better while receiving treatment?  

▪ Prompts: things do you notice you do more (or less) of 

o Do you regularly measure your health? How? Do you share this with anyone? 

 

NOTE TO MODERATOR: Explain that project is interested in seeing how wearable and mobile technology can be 

used to predict some of the changes that people experience during treatment that have already been discussed. 

 

2. Aim: to discuss use of wearable and mobile technology and its association with health and well-being; what 

are the barriers and facilitators to this? MODERATOR: Provide examples of wearable technology, e.g. 

heart rate monitor, pedometer to measure steps. 

o Who has used wearable or mobile technology to measure health and well-being? Or knows of 

someone else who has? What was it for? If not, why not? 

▪ Probe: which devices (e.g. smartphones or watches)?; measuring symptoms associated 

with condition? 

▪ Prompt activity monitoring, alerts and reminders etc. 

o How did you feel about using wearable or mobile technology? 

▪ Probe: barriers and facilitators, e.g. what encouraged you to use it? And keep using it? 

What got in the way? 

o How would you feel about using wearable or mobile technology to predict changes in your 

condition? 

▪ Probe: motivators and barriers/concerns 

3. Would you like to add anything else? 

 

Close 

• Explain how data will be used 

• Remind participants about confidentiality 

• Explain the next steps in the RAPID project. 

  



 

80  

  

Focus group topic guide – Clinicians  
  

Introduction 

• Researchers to introduce themselves and the project 

• Introduce audio recording equipment, how long the session will last and breaks  

• Explain confidentiality (including use of quotes) and agree ground rules 

• Explain consent procedure: go through information sheet and sign written consent forms, 

• Remind participants although it is likely some of them will have experienced depression or have 

cared for someone with depression, that they are here in their role as clinicians, and this is the view 

we would be most interested in at this time. 

• Ice breaker: Introduce yourself and say how long you have been doing CBT for people with depression 

for.  

  

 Main discussion  

  

1. Aim: to understand what is important about the changes people with depression experience when they 

improve in the context of undergoing treatment for depression; to be able to identify treatment targets of 

importance. 

o Is measuring changes during treatment important?  
o What else do you feel is important to patients in terms of their (physical and mental) health and 

well-being? Why?   

• Prompts: Physical and mental health; recovery; lifestyle; social relationships  
o What sort of changes do you notice when they start feeling a little bit better while receiving 

treatment?   

• Prompts: things you notice they do more (or less) of  

 NOTE TO MODERATOR: Explain that project is interested in seeing how wearable and mobile technology can be 

used to predict some of the changes that people experience during treatment that have already been discussed.  

  

2. Aim: to discuss use of wearable and mobile technology and its association with health and well-being; what 

are the barriers and facilitators to this? MODERATOR: Provide examples of wearable technology, e.g. 

heart rate monitor, pedometer to measure steps. 
o Who has used wearable or mobile technology to measure health and well-being? Or knows of 

someone else who has? What was it for? If not, why not?  

▪ Probe: which devices (e.g. smartphones or watches)?; measuring symptoms associated 

with condition?  

▪ Prompt activity monitoring, alerts and reminders etc.  
o How did you think people with depression might feel about using wearable or mobile technology 

before and during treatment?  

▪ Probe: barriers and facilitators, e.g. what do you think would encourage them to use it? 

And keep using it? What would get in the way?  
o How do you think they would feel about using wearable or mobile technology before and during 

treatment to predict changes in their condition?  

▪ Probe: motivators and barriers/concerns  
3. Would you like to add anything else?   

  

Close  

• Explain how data will be used  

• Remind participants about confidentiality  

• Explain the next steps in the RAPID project.  
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Supplementary Table 1 Patient and clinician quotes for themes and subthemes. 

 

Theme and subtheme Patient quote Clinician quote 

Technology-related factors 

 Accessibility “my eyesight is getting older and if 

it’s got tiny, tiny print on it and 

then you can’t read it.” 

“Challenges would be for people who, just 

because of socioeconomic issues, don’t really 

have access to certain technology.” 

 Usability 

(complexity and 

convenience) 

“I don’t think- If we have to 

recharge it- remember to do that 

every day.” 

“I think a key thing is making it as simple as 

possible as well as the technology because then 

people are more likely to engage with it” 

 Modularity 

(personalized 

experience/use) 

“If I can tailor it a little bit more, I 

might be more motivated to use it 

on a regular basis because for me, 

it’s important” 

“I think it would be helpful to have a key routine 

number of different items, whether it’s steps, 

whether it’s heart rate or whatever, that are 

standard, and then a few extra ones that could be 

added on as necessary depending on who you’re 

working with, to make it more fitting with 

whatever their presentation is.” 

 Reliability “[making the analogy to blood 

pressure] if such an app is not 

working well, it can bring even 

more damage. Example, if I’d sent 

it without checking to my parents, 

and they were ‘okay so, oh my 

blood pressure is too high, that 

means I need to take the meds’ that 

would kill my parents.” 

“all available apps for health tracking should be 

81ffset81ze81 [...] they should be checked by 

health professionals because if such an app is not 

working well, it can bring even more damage” 

 Discreetness + 

stigma 

“I think an app is better than 

something—You don’t want to flag 

it up to everyone that you’re having 

treatment or something really.” 

“I think it would really help with the stigma of 

being in therapy as well, because yeah if it’s 

attached to a mobile or a watch that most people 

wear, no one’s going to think about it twice. And 

it’s a nice way people can engage in therapy 
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without being worried that people are going to 

find out.” 

Information and data 

 Security “I’ve often thought if I’m on the 

phone giving my bank details, that 

[device] thing could be listening to 

that. I start thinking, ‘Has 

somebody got my bank details?’ 

Because it kind of listens to 

everything you say.” 

 

—a 

 Privacy “I find the idea of something that 

tracks my activity terrifying and 

not something that I’d want to 

willingly sign up to. A world that 

involves more surveillance and 

data use- like that makes me feel 

sick.” 

 

“I think it’s about having a conversation with the 

client at the beginning about boundaries really, 

and once it’s clearer, how the information will 

be shared and can be shared, then you can—

Normally put in those boundaries and then you 

can understand those concerns.” 

 Control over data 

collection+access 

“I’d feel better about it not going 

without my knowledge to doctors” 

“Maybe there’s also an agreement there about 

how often the information will be checked and 

can be checked either by clinicians or the client.” 

 Feedback “[clinicians] should be sharing it 

with us so that we can see that 

actually even though if we don’t 

feel we’re improving, the metrics 

are showing that there is 

improvement. The trajectory is in 

the right direction, even if the blips 

are going up and down, all over the 

place.” 

“to have a way to just, very briefly, summarise 

that data in progress weekly, can actually be 

really nice. And you can dictate when to review 

it, what to tweak, what to change.” 
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 Clinician workload 

+ data management 

— “being able to have a really simple, easy way to 

compare the progress throughout the weeks of 

treatment. So you would obviously be collecting 

a huge amount of data but if there was a way that 

we could somehow get, ‘Okay, you did an 

average of X amount of steps in week one, and 

your average sleep was X amount with waking 

up X amount of times.’” 

“as long as we’ve had adequate training. [...] 

And it’s not just having the training, it’s then 

having the time to think about that afterwards 

and incorporate it into your practice which 

would require a corresponding decrease in 

clinical word.” 

Emotional support 

 Additional channel 

of communication 

— “And I think that might be helpful in facilitating 

discussion. Make it easier for people to talk 

about. And I think that would be the case with 

this type of technology wouldn’t it. It bypasses 

any sort of (worry) that as a patient they’ll have 

in telling you about things. Whether that’s that 

they didn’t do their homework...” 

 Creates community “-an unexpected benefit is my 

family—my children—they will 

ask me how many steps do I still 

need to get, and they will go for a 

walk around the block with me in 

the evening.” 

— 

 Self-autonomy “Sometimes you have to do 

something on your own. You can’t 

just keep on getting monitored.” 

“if there’s constant messages between sessions 

like, ‘Remember to do this. Remember to do 

that.’ If this watch is taken away at the end of 

therapy, they will kind of relapse quite severely I 
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think because they’re not learning to be self-

autonomous.” 

 Therapeutic 

alliance/replace 

human interaction 

“we already feel isolated enough. It 

must never replace human 

interaction because otherwise I 

don’t think any of us would get 

better.” 

— 

Cognitive support 

 Motivation “It might help me keep on track 

and set up good practice for the 

future and maintaining positive—

good health—healthy wellbeing” 

“Or just encourage them—nice messages 

throughout the day which is sometimes what 

people want to do for themselves anyway.” 

 Memory aid “With those smart watches, they’ve 

got another useful setting. I’ve got 

a lot of problems with 

concentration and I don’t control 

time at all. I don’t have a clue how 

much is five minutes and how 

much is one hour because my mind 

is hurting [...] so I kept reminders 

for my medication” 

 

“so much of the homework or the therapy is 

based on scheduling so sometimes you can give 

them reminders or they can do it some way 

through the app.” 

 Goal setting “you could make some really good 

goals. Kind of like, oh if you want 

to do more exercise, I’m gonna 

walk like 3000 steps a day and be 

able to monitor that every day” 

“you can even compare what [patients] have 

planned or what they have actually done” 

Increased self-awareness 

 Tool for 

reflection/identify 

triggers 

“for me, it’s important to see—to 

try and identify the correlation 

between certain things and your 

“for people with anxiety, there’s sometimes 

specific avoidance, not of everything but of 

certain things, and I’m just wondering how, 
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mood. And I don’t think I 

85ffset85ze what my triggers are.” 

when we think about the biological changes that 

occur in the body, how if they had some kind of 

technology on them, they would be able to 

reflect on the changes when they’re in the feared 

situations.” 

 Treatment 

trajectory/ 

prevention 

“if it prompted you and said, ‘It’s 

noticed that in the past when 

you’ve been less active you’ve had 

bad periods—And you are going 

through a less active period—

would you like to try and do some 

activities to increase your mood?’ 

[...] I think for me that would 

because then it would be 

preventative. It would be seeing 

that I’m in a trajectory that’s taking 

me off course, it’s trying to correct 

that trajectory.” 

 

“one thing that I would actually like to see would 

be like, I know you can do this on some 

smartwatches, like Maps. So like when they’re 

first depressed they’re kind of just staying in 

their house, staying in their vicinity. Same with 

panic disorder, they’re not going anywhere. And 

just that therapy just kind of seeing the radius 

kind of expanding would just be really 

fascinating because that’s kind of the goal isn’t 

it?” 

 Positive/negative 

reinforcement 

“I punish myself if I don’t achieve 

or I haven’t done what I’m 

supposed to do so I don’t 

personally keep a record of 

anything.” 

 

 

“you have people who- they do a lot of 

behavioural experiments don’t they, for their 

anxiety and therefore feel they aren’t making 

any progress, where actually, you can see that 

they have been confronting stressful situations 

regularly that might be a motivating thing for 

them.” 

 Rumination/ 

health anxiety 

“I don’t want to keep thinking 

about it and then it makes it worse, 

like I get stressed out and I can’t 

sleep [...] So I don’t want to put too 

much emphasis on worrying about 

it too much.” 

“I’ve had a few patients with panic disorder who 

have, kind of, watch their heart rate go up which 

can trigger a panic attack.” 
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Clinical utility 

 Improve clinical 

experience 

“Do I really have to fill this in? It 

just makes me like really anxious. 

And, I don’t know, they’re trying 

to like push you towards feeling 

worse it seems to me sometimes.” 

“Some people prefer to use their electronic 

diaries anyway to monitor things because it’s not 

for everybody and there is a lot of paper in 

CBT.” 

 Objective 

measurement 

— “Some people come and say, ‘Oh, I’m feeling 

very very anxious.’ We don’t really have a sense 

of how anxious they’re feeling sometimes so I 

think if a watch was showing that their anxiety 

was a 3 over 10 compared to everyone else, that 

might be really useful for you to know as a 

therapist” 

 Outcome definition — “[When someone with depression improves] 

they appear brighter, their answers to questions 

become longer and more detailed. Their eyes are 

a little bit brighter, and the speed of responses 

and stuff can be quicker. But then I think if 

someone has GAD, they’re very much really 

quick to like answer and [...] with GAD it’s very 

like, you’re overexcited quite a lot and stuff 

aren’t you, so you’re very chatty” 

 Perceived 

effectiveness/evide

nce-based advice 

“I think just knowing that I’m 

communicating with a human 

being, would instantly give me a 

lot more trust in the exercise.” 

— 

 Track physical 

health 

“I think it would be really helpful 

[to have a fitness tracker], 

particularly with people with long 

term health conditions” 

“you’d want to capture at the time of- the time 

they get to sleep, how long they sleep for, when 

they wake up. The time of any activity, what that 

activity is and then try and link the heartrate 

information into that.” 

acells where no direct quotes were identified for particular subthemes are left blank. 
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Chapter 4 – Using digital health tools for the Remote 

Assessment of Treatment Prognosis in Depression 

(RAPID): a study protocol for a feasibility study 

4.1 Chapter summary 

This chapter presents the research protocol I designed to address thesis aims 3 and 4. It covers 

the procedures I used to conduct the feasibility mixed-methods study, the findings of which are 

presented in Chapters 5–7. 

The preceding chapters aided in the design and execution of the study by highlighting the key 

passive signals for depression as well as those that were significant to patients and clinicians. 

Stakeholder concerns regarding remote monitoring raised in Chapter 3 guided the exclusion 

criteria and the delivery of study information to make the protocol more acceptable to 

participants. Findings from Chapter 2 also highlighted the importance of reporting standards, 

transparency, and using standardised methods of data collection and feature construction to 

reduce heterogeneity in the field, which I adhere to. 

The current study recruited individuals on the waiting list for psychotherapy within Improving 

Access to Psychological Therapies (IAPT) services and tracked them throughout their treatment. 

Treatment effects on study outcomes are investigated in Chapters 5 and 7, so the structure and 

delivery of treatment within IAPT are relevant to this thesis. I therefore begin this chapter with 

an overview of IAPT services and treatments before presenting the published research protocol 

and supplementary materials as published by the journal, followed by additional unpublished 

material specifying additional study measures. 

 

The full reference to the published article can be found below:  

Chapter 4: De Angel, V., Lewis, S., Munir, S., Matcham, F., Dobson, R., & Hotopf, M. (2022). 

Using digital health tools for the Remote Assessment of Treatment Prognosis in 

Depression (RAPID): A study protocol for a feasibility study. BMJ Open, 12(5), e059258. 

http://dx.doi.org/10.1136/bmjopen-2021-059258. 

 

http://dx.doi.org/10.1136/bmjopen-2021-059258
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This publication has been cited 1 time in the 7 months since publication and is available online 

from the British Medical Journal (BMJ) Open on: 

https://bmjopen.bmj.com/content/bmjopen/12/5/e059258.full.pdf  

4.1 IAPT services 

IAPT, sometimes referred to as talking therapies, is a programme that aims to expand the 

provision of psychological therapies in the general population. IAPT is run by the NHS in 

England and offers evidence-based psychological therapies for people with depression or 

anxiety. These services are free at the point of delivery and can be accessed by people either 

through self-referral or a referral from their primary care physician. As part of their routine 

outcome assessment, IAPT employs standardised questionnaires, such as the Patient Health 

Questionnaire-9 (PHQ-9; Kroenke et al., 2001), for patient monitoring. 

IAPT implements a ‘stepped care’ approach, in which ‘low intensity’ therapies or self-help are 

delivered to the majority of presenting individuals in the first instance, while ‘high intensity’ 

treatments are reserved for more severe or complex cases. 

Low-intensity interventions are typically offered to those with mild-to-moderate severity and are 

generally administered by Psychological Wellbeing Practitioners (PWPs). The available low-

intensity interventions for depression include individual guided self-help based on CBT, 

computerised CBT, behavioural activation, psychoeducational group therapy, and structured 

group physical activity programmes (Clark, 2011). 

High-intensity interventions are generally offered on a weekly, face-to-face basis with a suitably 

trained therapist and are designed to treat moderate to severe cases. The types of interventions 

that may be available include individual or group-based CBT or interpersonal therapy, 

behavioural activation, couple therapy, counselling, and brief psychodynamic therapy. Patients 

initially receiving low-intensity treatments may be stepped up to high-intensity interventions 

should they require more intensive treatment, and vice versa, as appropriate. 

Between April 2020 and March 2022, 90% of referrals accessed IAPT within 6 weeks, 60% of 

those completed a course of treatment and had between 7.5 and 8 sessions on average. Of those 

who completed treatment, approximately 50% of them moved towards recovery. In 2020, the 

year of the COVID-19 pandemic, referrals were down 14% from the previous year (NHS Digital, 

2022).  

https://bmjopen.bmj.com/content/bmjopen/12/5/e059258.full.pdf
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4.3 Published article 
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4.4 Supplementary Material 
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4.5 Unpublished Material 

The section below contains the non-validated questionnaires presented to patients at baseline and 

follow-up that were used for the purposes of gathering contextual and subjective information on 

caffeine intake, sleep, social activities, treatment goal questions, and COVID-related 

information. 
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Caffeine intake 

How many caffeinated drinks did you drink on a typical day in the past week? ___ 

This includes coffee, tea, and energy drinks.   
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 Subjective Sleep Experiences 

Please rate the following statements as they relate to how you slept last night. 

 
 

Completely 
Disagree 

Somewhat 
Disagree 

Neither 
A nor D 

Somewhat 
Agree 

Completely 
Agree 

1 I had an adequate amount of sleep last night.      

2 I feel refreshed after last night’s sleep.      

3 Overall, I slept well last night.      
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 Social Activities Scale 

Below you will find a series of activities, please indicate the number of times you have done each of 

these things during the past 2 weeks by selecting the box that represents you answer. Please reply to all 

questions even though some of these options may not be possible due to social distancing measures. 

 Counts 0 1 2 3 4 5+ 

1 Left your house for work       

2 Seen others outside of your household       

3 Left the house for exercise       

4 Left the house for acquiring basic items (eg. food, medicine)       

5 Communicated with others via phone or video call       

6 Visited with friends at your / their home.       

7 Visited with relatives at your / their home       
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8 Participated in sports or other physical exercise or activity with other(s).       

9 Went to a restaurant / pub / bar / coffee shop for a meal, drink, dessert, 
etc. with other(s). 

      

10 Went on outings (e.g. picnics, parties, movies, plays, sporting events, 
museums, concerts) etc. with other(s). 

      

11 Performed family or personal errands away from home, such as grocery 
shopping, going to the doctor, taking the kids somewhere, etc. with 
other(s). 

      

12 Listened to music or watched television, films, etc. with other(s).       

  

Fo
llo

w
-u

p
 

Treatment goal questions 

In my last session, the main focus of the conversation was on (check all that apply): 

 Physical activity/exercise 

 Sleep 

 My social life 

 Interpersonal problems (with friends, family, co-workers, or other people I know) 

 Negative thoughts 

 Guilt 

 Self-esteem issues 

 Eating habits 

 Physical problems 

 Routine 

 Avoidance 

 Other:  

 

In my last session, we also spoke about the following (check all that apply): 

 Physical activity/exercise 

 Sleep 

 My social life 

 Interpersonal problems (with friends, family, co-workers, or other people I know) 

 Negative thoughts 

 Guilt 

 Self-esteem issues 

 Eating habits 

 Physical problems 

 Routine 

 Avoidance 

 Other:  
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      COVID-related information 
 
  exp1 Have you been tested for coronavirus?  

  exp1a  Have you tested positive for coronavirus?  

  exp2  Have you had symptoms that you suspect might be the result of the coronavirus?  

  exp3  Since March 2020, have you had any of the following symptoms?  
A high temperature (1) 
A new cough (2)  
The sudden inability to smell or taste (3)   
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   Risk        
Are you in one of the groups that the UK government has identified as being at risk of severe illness from     
coronavirus (COVID-19)?   
  
Eg: Aged 70 or older, long-term respiratory disease (such as asthma, COPD, emphysema or bronchitis), chronic 
heart, kidney, liver disease (such as hepatitis or neurological condition, diabetes, weakened immune systems   
 
Isolation status 
 

What is your current isolation status?   
By "self-isolating" we mean staying at home and avoiding contact with people outside the household. If you have 
symptoms, you may also be avoiding contact with people within your household. 
  
a) currently not self-isolating or social distancing.  
  
b) I meet people outside my household but practice social distancing.  
  
c) I am travelling to work (if work is outside the home), but I have cut down on my usual face-to-face activities  
  
d) I have stopped going to work and social events and am working from home. I only leave the home for 
shopping or exercise.  
  
e) I am staying at home, avoiding contact with people outside the household, and don’t go outside for shopping 
or exercise.  
  
f) I am staying at home and avoiding contact with people, even within my household.  
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       Social distancing 

 

  Since social distancing measures imposed by the 
government on 23rd March 2020 my _________________ 
has:  

1. Significantly reduced/worsened  
2. Somewhat reduced/worsened  
3. Stayed about the same  
4. Somewhat increased/improved  
5. Significantly increased/improved  

    
  Sd1  socialising outside of work (face to face or online)  
  Sd2  time spent doing physical activity   

  Sd3  sleep  

  Sd4  time spent on social media  

  Sd5  finances    
  Sd6  Caring responsibilities (increased/decreased)    
  Sd7  Relationships with friends and family    
  Sd8  Living arrangement (improved/worsened)    
  Sd9  Mental health    
  Sd10  Physical health    
  Sd11  Has anything else changed for you? Please let us know:   [Free text]  
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Chapter 5 – The feasibility of implementing remote 

measurement technologies in psychological treatment for 

depression: a mixed-methods study on engagement 

5.1 Chapter summary 

This chapter addressed the third aim of this thesis: to evaluate the feasibility of using RMTs to 

collect behavioural and clinical data in people undergoing therapy for depressive disorders 

through measures of engagement. In fulfilment of this aim, the current chapter presents a study 

describing the patterns of RMT engagement and missing data during psychotherapy through 

measures of attrition and data availability. This is the first of three results chapters resulting from 

the longitudinal, mixed-methods study presented in the previous chapter.  

 

This chapter is presented is a published article, with the full refence below. The published 

supplementary materials can be found in the following section (Section 5.3). 

 

Chapter 5: De Angel, V., Adeleye, F., Zhang, Y., Cummins, N., Munir, S., Lewis, S., Laporta 

Puyal, E., Matcham, F., Sun, S., Folarin, A., Ranjan, Y., Conde, P., Rashid, Z., Dobson, R., 

Hotopf, M. (2023). The feasibility of implementing remote measurement technologies in 

psychological treatment for depression: a mixed-methods study on engagement. JMIR 

Mental Health, 10, e42866. https://doi.org/10.2196/42866. 

 

This publication is available online from the Journal of Internet Medical Research (JMIR) 

Mental Health on: 

https://mental.jmir.org/2023/1/e42866  

  

https://doi/
https://mental.jmir.org/2023/1/e42866
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5.2 Published article 
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5.3 Supplementary Material 

Supplementary Table 1 - Psychological interventions delivered by Improving Access to Psychological 

Therapies (IAPT) for depression and anxiety disorders. Taken from the National Collaborating Centre for 

Mental Health (2018). 

 

  Condition  Psychological therapies  

  

  

Step 2:  

Low intensity 

interventions 

  

Depression  Individual guided self-help based on CBT, 

Computerised CBT,  

Behavioural Activation, Structured group physical 

activity programme. 

Generalised anxiety disorder  Self-help, or Guided self-help, based on CBT, 

Psycho- 

educational groups, Computerised CBT  

Panic disorder Self-help, or Guided self-help, based on CBT, 

Psycho- 

educational groups, Computerised CBT 

Obsessive compulsive 

disorder  

Guided self-help based on CBT  

  

  

Step 3: 

High intensity 

interventions  

Depression  

  

For individuals with mild to 

moderate severity who have 

not responded to initial low-

intensity interventions  

CBT (individual or group) or IPT  

  

Behavioural Activation  

  

Couple therapya  

  

Counselling for depression  

  

Brief psychodynamic therapy  

  

Note: Psychological interventions can be provided 

in combination with antidepressant medication.  

Depression  

Moderate to severe  

CBT (individual) or IPT, each with medication  

 Depression  

Prevention of relapse  

CBT or mindfulness-based cognitive therapyb  

 Generalised anxiety disorder  CBT, Applied relaxation  
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 Panic disorder  CBT  

 PTSD  Trauma-focused CBT, Eye  

Movement Desensitisation and Reprocessingc  

 Social anxiety disorder  CBT specific for social anxiety disorderd  

 OCD  CBT (including exposure and response 

prevention)  

  

a If the relationship is considered to be contributing to the maintenance of the depression, and 

both parties wish to work together in therapy. IAPT recognises two forms of couple therapy and 

supports training courses in each. One closely follows the behavioural couple therapy model. 

The other is a broader approach with a systemic focus.  

b CBT during treatment in the acute episode and/or the addition of mindfulness-based cognitive 

therapy when the episode is largely resolved. Mindfulness is not recommended as a primary 

treatment for an acute depressive episode.  

c If no improvement, an alternative form of trauma-focused psychological treatment or 

augmentation of trauma-focused psychological treatment with a course of pharmacological 

treatment.  

d Based on the Clark and Wells model or the Heimberg model. 
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Supplementary Figure 1 | Associations between the main outcome of attrition, exposure 

variables and covariates. Solid lines represent statistically significant (p< 0.05) associations while 

dotted lines represent no significant associations between the variables. 
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Supplementary Table 2 - Four major themes were developed from the interviews; each panel shows the 

numbered minor themes and subtheme. 

 

 

General Experience of Participating 

1. Protocol-related  

a) relationship with study team, 

b) value contributing to research, 

c) tedious study procedures, 

d) questionnaire frequency, 

 

 

 

 

 

 

 

 

 

 

2. Convenience  

• additional functionality of device 

• cohesion with daily life 

 

 

 

3. Ability to control feedback  

 

 

General Experience of Participating 

1. Protocol-related  

a) “When you have the access, I’ve had to communicating 

with [the study team], it hasn't been difficult […] And 

yeah, uh, just feeling that this is a supportive team as 

well, and that um you're speaking with people and that 

there is compassion there, has been really helpful” 

 

b) “Basically, I am happy to do anything and everything 

that's helpful for um the study, for mental health patients 

and practitioners, and doctors and therapists and anyone 

who is in it to help you know.” 

 

c) “I mean in general I think questionnaires are tedious as I 

said, long questionnaires. I was happy on one hand to 

have them weekly, but on the other hand um I found them 

long.” 

 

“It felt a bit too similar, um, every day. You know, ‘how 

did you sleep?’, ‘Yes, OK’, you know? It's like the same 

sort of questions every day so it's a little bit monotonous I 

think.” 

 

d) “Sometimes I- I had a bit of a back log after for a couple 

of days when I just haven't had a chance [to do every 

questionnaire].” 

 

2. Convenience  

a) “…just to track stuff such as, uh, like my eating, like how 

much water that I intake and like, my sleep patterns. 

 

b) “Sometimes I sort of had days where I just haven't had 

time to do the questionnaires, or I've sort of got distracted 

with something else.” 

 

3. Ability to control feedback  

“Um, maybe not too much information because sometimes 

too much can be a bit of an overload, but some kind of 

information, like over the course of like a fortnight or like a 

month or something like that.”   

“Yeah, I think the problem with choosing what to send and 

stuff is like, I, you don't always know what's relevant.” 

 

Engagement barriers and facilitators 

1. Physical discomfort  

 

Engagement barriers and facilitators  

1. Physical discomfort  
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2. Technology-related  

a) usability of apps 

b) concerns over data accuracy 

c) technical issues 

d) battery drainage 

 

 

 

 

 

 

3. Task-based  

a) questionnaire ambiguity 

b) burden of speech task 

c) enjoyment of gamified tasks 

d) engagement requires cognitive 

resources 

 

“The strap that came with it, it's sort of- it really- I got like 

um, bruises and marks on my hands, my arm from - erm, I 

don't know if I was allergic to it or- or what I don't know, but 

it was, it was quite painful.”   

“They're quite bulky so they're not very comfortable to wear 

at night”. 

 

 

2. Technology-related  

a) “The apps were, like, very accessible, were very easy to 

use.” 

 

b) “I hope me on purpose not wearing [the device] 

sometimes, didn't like to distort the data.” 

 

c) the glitchy app at the beginning, so you know like when I 

was- I was opening like, literally when I was doing 

anything on my phone it would just keep popping open, 

just keep popping open and it was quite annoying 

 

d) “Passive app was a huge power hog. Erm, I don't know if 

there's a memory leak in it or something, but I often found 

I actually had to kill it to get- to stop my phone 

haemorrhaging battery.” 

 

3. Task-based  

a) “I can't remember how they are phrased, but sometimes, I 

didn't know if I was answering correctly.” 

 

b) “The most burdensome, I think it’s doing the speaking 

test just because you need to be in a quiet space. Uh, and 

it sort of feels like the barrier to doing that is a bit higher. 

Obviously when I do it, you know, it just takes me a 

couple of minutes and that's fine. I can just step out of the 

room and do it. But the mental barriers to doing that feel 

bigger.” 

 

c) “The cognitive games that you have to play. You know 

they- they were really interesting, just ended up playing 

them for fun.” 

 

d) “Because when I was doing [the active tasks] I was really 

struggling to focus and it was like, it was like a real 

challenge just to sort of sit still to do it and to really 

focus." 
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Interplay with Mental Health 

1. Mental health affects engagement  

a) added pressure if already anxious 

b) avoided self-assessment when unwell 

c) self-assessment unnecessary when well 

 

 

 

 

 

 

2. Engagement affects mental health 

a) Wearable encourages physical activity 

b) increased insight  

c) promotes working on mental health 

d) encouragement from meeting targets 

e) Guilt if low engagement or no 

improvement  

f) Over-monitoring 

 

 

Interplay with Mental Health 

1. Mental health affects engagement  

a) when I was very anxious, it would just be another thing to 

do. You know, it was just part of my list and my ever-

growing lists, you know, that I felt like I was running after 

each task. 

 

b) “When I did have very very low days. I didn't want to 

open the questionnaires; I didn't want to have to assess 

myself while I'm feeling bad.” 

 

c) “Some weeks I actually found it made it harder because I 

was in such a good mood, I was more likely to go out and 

enjoy myself and I'll forget about my tasks […] or I was 

in too good of a mood to focus on doing anything a bit 

more serious.” 

 

2. Engagement affects mental health 

a) ‘Did it affect my behaviour at all just having it?’, I would 

say yes. As I said, like with the, you know, being able to 

like, see my heart rate and stuff and just even 

encouraging me to maybe do some more exercise.” 

 

b) “I think if I wasn't wearing the Fitbit, I’d definitely be a 

lot less aware of my daily habits. Um, like all of the things 

that kind of result in a person being like good of health, 

physically and mentally, I'd be less aware of those 

things.” 

 

c) “I just think because being in the study has kind of felt 

like you are sort of proactively working on your own 

mental health.” 

 

d) “Obviously, it's also good that when I'm out and about it 

sort of counts how many steps I do, so I've got that target 

to sort of work towards.” 

 

e) “You know, I do feel a bit guilty, the fact that I haven't 

really paid much attention to it in the last sort of month or 

two, which is, you know, it's terrible”  

 

“I didn't feel very well about evaluating my sleep, 

especially because I have insomnia. So just saying every 

day that I haven't had enough sleep and that it wasn't 

good quality was not really a great start to my day.” 
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f) “I think I probably would have got a bit too caught up in 

that if I was being given updates of where I was at with 

my stats.”  

 

“Perhaps a Fitbit could be almost quite negative, but, 

because I think you could maybe get a little bit obsessed 

with it.” 

 

Interplay with treatment 

1. Importance of cohesion with treatment 

schedules  

 

 

 

2. Lack of interest in study after treatment  

 

 

 

 

 

3. Increased burden during treatment  

 

 

 

 

4. Improved perceived effectiveness  

a) increases accountability 

b) helps with homework 

c) helped conversation with therapist 

 

 

Interplay with treatment 

1. Importance of cohesion with treatment schedules 

“When you start to get worse, like it’s just disheartening. And 

then you have to go two - twice through it, one for the 

therapist and one for the study. So that wasn’t great.” 

 

2. Lack of interest in study after treatment 

“I think after treatment, I found it a lot more difficult [to 

participate], I think, also because I was kind of moving on 

from therapy and I don't know if maybe that kind of included 

like, I need to go back and you know, keep looking at my 

mental health for the survey etc. But for some reason I did 

find the post therapy the hardest part to continue with this 

study, I think.” 

 

3. Increased burden during treatment  

“I would say it was probably slightly more difficult to 

participate when I was having the treatment because 

although I felt- although motivating me to do it, I guess kind 

of like you have homework from the CBT and then you sort of 

have extra things to do.” 

 

4. Improved perceived effectiveness  

• “You could have it where like the therapist can see the 

log and they could see like ‘Oh, you did some activity at 

you know 5:30 when you finish work so I can see that you 

went for walk this day or maybe you didn't go this day.’. 

It stops people like me lying. (laughs)” 

 

a)  “My homework once was, because of the lockdown there, 

they suggested, like I, uh, go for walks after work so […] 

for example, you could hypothetically implement that 

(inaudible) Fitbit into that so [therapists] can actually 

see.” 

 

b) “It felt like it's just part of that - a process of evaluation, 

and the data was helpful when I needed to speak to my 

therapist about things.” 
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Supplementary Figure 2 | Quantified interview responses. Bar chart showing the proportion of 

people providing positive, negative, or neutral responses to 12 interview items. 

 

 

 

References: 

National Collaborating Centre for Mental Health. (2018). The improving access to psychological therapies 

manual. UK: NCCMH. https://www.england.nhs.uk/wp-content/uploads/2018/06/the-iapt-

manual-v5.pdf 
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Chapter 6 – Digital biomarkers of depression  

6.1 Chapter Summary 

Studies have typically used aggregated symptom scores as a single measure of depression 

severity, which gives equal weighting to all symptoms. Recent work has suggested that an 

approach geared toward identifying individual symptoms could prove more insightful than total 

scale scores. In this chapter, I present a study that takes a symptoms approach to examining the 

relationship between digital features and depression. The aim was to identify digital features that 

can serve as digital biomarkers for the severity of individual symptoms of depression as 

measured by the Quick Inventory of Depressive Symptomatology-Self-Report (QIDS-SR; Rush 

et al., 2003), as well as sum scores. The amount of smartphone-derived passive data was missing 

to an extent that impeded its use in this analysis; therefore, only passive data from the Fitbit 

device was used.  

Linear mixed-effects models with a participant-specific random intercept were applied to explore 

the bivariate associations between digital features and clinical outcomes. Total depression scores 

were associated with objective measures of sleep, physical activity, heart rate, and speech 

patterns. The same models were then applied to individual QIDS-SR symptoms. Digital features 

were associated with 8 individual symptoms: late-night and early-morning insomnia, 

hypersomnia, decreased appetite, guilt, anhedonia, psychomotor retardation, and fatigue. The 

digital features most likely to pick up on symptom severity were sleep offset, sleep onset and the 

number of “very active” minutes 

Despite the sample size limitations, these results suggest that obtaining proxy measures of 

depressive symptoms through digital tools in people undergoing psychotherapy is feasible, and 

highlights their potential as future clinical targets. They may also have implications for the way 

future studies are conducted in terms of using individual symptoms; RMTs are able to detect 

individual symptoms that are key to subtypes of depression and may therefore help stratification 

efforts. 

This study was done to partially address Aim 4 of my thesis (Section 1.7.2). 
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6.2 Introduction 

Some of the challenges faced by clinicians when treating depression are the wide heterogeneity 

in its presentation and the unique pattern of changes in symptomatology over time (Fried et al., 

2016). Longitudinal symptom measurement is key to the individual characterisation of 

depression and the evaluation of illness severity and progression, which in turn helps inform 

treatment strategy. The main depression symptoms and core items evaluated as part of a clinical 

assessment include physical activity, energy levels, sleep, psychomotor changes, and anhedonia 

(lack of interest or pleasure in previously pleasurable activities) (WHO, 2019). RMTs have 

embedded sensors that detect changes in behaviours associated with such symptoms, thus 

providing a continuous and more objective measure of depression phenomenology that reflects 

its fluctuating nature. As well as improving upon the measurement of known features of 

depression, RMTs are uniquely placed to measure additional features that we are unable to 

capture via subjective patient reports, such as speech patterns (Cummins et al., 2015) and 

circadian cycles (Difrancesco et al., 2019). These new and improved ways of unobtrusively 

tracking longitudinal changes in behaviour through digital health tools, sometimes with greater 

precision than clinician assessments (Bourla et al., 2018), could lead to more personalised 

clinical decision-making, improved diagnostic specificity, and improved treatment selection. 

With a few exceptions (Wang et al., 2018), the vast majority of the literature has looked to either 

predict depression severity or depressive state (classifying depressed vs. non depressed groups) 

by using validated depression scales, such as the QIDS-SR or the PHQ-9, with total sum scores 

as their outcome measure. However, in a heterogeneous condition such as depression, the 

assumption that all patients scoring above a cut-off threshold have similar phenomenology, and 

that sum-scores accurately reflect the severity of this condition, does not hold. A study (Fried & 

Nesse, 2015a) identified 1030 unique symptom profiles in 3703 people presenting with 

depression. This suggests that an approach geared towards identifying individual symptoms 

could prove more insightful than total scale scores. A gap therefore emerges to test the digital 

features derived from sensors against individual symptoms rather than sum scores. Clinically, 

identifying symptoms with higher specificity allows for a more accurate diagnosis and more 

targeted treatments. 

The current study uses similar methods for data collection to the RADAR-MDD study, one of 

the largest studies to date taking a multiparametric approach to RMT research in depression 

(Matcham et al., 2019), to explore associations between digital features and depression and map 
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such features to individual symptoms. The study will focus on individuals with an acute 

diagnosis of depression who are currently using psychological services. Studying a more 

homogeneous (i.e., acutely depressed) group allows us to examine acute symptoms and not 

merely residual symptoms during recovery from later depressive episodes. Placing the study 

firmly within a clinical context provides the opportunity to evaluate the feasibility of using these 

methods in the healthcare system. 

The aim of the current study is to identify digital features, as measured through smartphones and 

wearable devices, that can serve as digital biomarkers for the severity of individual symptoms of 

depression. In order to draw comparisons with previous literature, however, depression will also 

be analysed as sum scores. 

Objectives: 

(1) To identify digital features that are associated with depression severity as measured by 

the sum QIDS-SR scores, and 

(2) to identify digital features that are associated with individual symptoms of depression. 

6.3 Methods 

6.3.1 Design 

Data used in this study was collected from the Remote Assessment for Prognosis in Depression 

(RAPID) study, a fully remote, prospective cohort study investigating the feasibility of using 

remote data collection methods in people with depression. The full protocol can be found in 

Chapter 4, but below is a summary of methods as they pertain to the current chapter, which will 

focus on the cross-sectional associations between clinical outcomes and digital sensor data.  

6.3.2 Sample and setting 

Participants were recruited from IAPT services in South London and Maudsley NHS Foundation 

Trust; a public talking therapy service for adults with mild-to-moderate mental health conditions. 

Potential participants were screened for eligibility either over the phone by a researcher, or 

through an online self-screening tool. Recruitment and data collection occurred between June 

2020 and March 2022. Adults having a current episode of depression as defined by the Mini 
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International Neuropsychiatric Interview (MINI; Sheehan et al., 1998) and Android smartphone 

users who were willing to utilise a Fitbit device met the inclusion criteria. People with health 

anxieties were excluded due to potential worsening with constant behavioural monitoring, a 

diagnosis of bipolar disorder, schizophrenia and schizoaffective disorders, and people working 

night shifts or pregnant due to changing behaviours due to external factors.  

6.3.3 Procedure 

Following informed consent procedures, participants’ socio-demographic characteristics, and 

physical and mental health histories were collected at baseline, after which they were guided 

through the installation and set-up of the technology used in this study. Participants were 

provided with a Fitbit Charge (model 3 or 4), which they were asked to wear throughout the 

study. They downloaded the study apps and received weekly questionnaires to be completed on 

their smartphones or through a computer web browser. Participant follow-up lasted up to 7 

months. 

6.3.4 Data collection 

Data were acquired from a variety of sources: passive measures were taken from (1) Fitbit 

wearable device sensors and (2) smartphone sensors, and active tasks (clinical questionnaires and 

the speech task) were carried out either (3) via online surveys or (4) delivered through 

smartphone apps.  

Digital predictors 

Passive data: Passive measures were collected from participant-owned smartphones and a 

study-provided Fitbit, a wrist-worn device commercialised as a smartwatch. Data from the Fitbit 

device was extracted through the Fitbit Application Programming Interface (API), and the 

features of interest were sleep, physical activity, heart rate, and step count. Participants used their 

own Android smartphones and were asked to download the RADAR passive RMT app, a 

purpose-built app that collects smartphone sensor data (Ranjan et al., 2019). This app runs in the 

background and collects data on the amount and frequency of detected Bluetooth devices, 

accelerometery, GPS signal, and battery level. A full list of extracted features and their 

descriptions can be found in Appendix A. To prevent identification of participants’ exact 

locations, GPS signals were obfuscated by calculating the relative change in location to a 
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reference point. The Fitbit and apps are not recognised medical instruments since they are not 

meant to diagnose or treat medical conditions; RADAR-based apps are designed for research, 

whilst the Fitbit is promoted as a fitness tracker. Despite concerns about the accuracy with which 

the sensors in these devices identify the behaviours of interest, they have been found to reliably 

detect sleep, physical activity, and location. (Adamakis, 2017; Conley et al., 2019; Plasqui et al., 

2013). 

Active measures: A second app, the RADAR active RMT app, delivered speech tasks every 2 

weeks to participants’ smartphones. Participants completed two speech tasks. First, they were 

asked to read out a passage from Aesop’s fable “The North Wind and the Sun” (Aesop, 1999), 

shown to contain phonetically balanced sentences (scripted task). The second task required 

participants to answer a question out loud (unscripted task): “Can you describe something you 

are looking forward to this week?”. Participants were asked to make these recordings in a quiet 

environment via the active app. Speech features such as speaking rate, pitch, articulation, and 

voice breaks were extracted (see Appendix A). 

Clinical outcomes:   

The QIDS-SR (Rush et al., 2003) was delivered weekly via the RADAR active RMT app. The 

QIDS-SR is a self-reported 16-item inventory of depression. Each item is scored on a scale from 

0, indicating the absence of the symptoms, to 3, indicating the high severity of the symptom. 

Find the scale in Appendix B. Participants received notifications on their phones when it was 

time to complete the questionnaire. 

6.3.5 Data processing and missing data handling 

Each completed clinical scale was paired with the digital data gathered up to 7 days prior to the 

response. Data is summarised in daily statistics, and means and standard deviations are 

calculated by week. Only days with at least 12 hours of passive data were included. The lack of 

reporting on missing data thresholds for feature construction in RMT research makes it difficult 

to align our methods with those from previous literature (Currey & Torous, 2022; De Angel et 

al., 2022). I therefore chose a 12-hour threshold to ensure I obtained a broad range of daily 

behaviour change. Data was assumed to be missing at random (MAR; Kiang et al., 2021), and 

where necessary, median imputation was used on missing data, except for variables with more 

than 50% missing data, which were excluded altogether.  
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Feature extraction following RADAR-CNS procedures resulted in a total of 96 features, from 

which I selected 54 unique features for inclusion (see Appendix A for a list of included and 

excluded variables). 31 of those 54 features were derived from the Fitbit, and calculated as 

means and standard deviations, resulting in 62 Fitbit features (31 features x 2 [mean and SD] = 

62). A total of 56 speech features were selected (28 scripted and 28 unscripted features).  

Features were selected based on significant effects found in previous literature and my findings 

from Chapter 2, multicollinearity (see Appendix D for correlation matrices), and the 

interpretability of features. Overall, passive data from smartphone apps was insufficient to 

include in the analysis due to missing data > 80%, so the presented passive data was sourced 

from Fitbit devices only. 

Data availability 

All data and code are available to download at https://github.com/valeriadeangel/RAPIDstudy . 

6.3.7 Statistical Analysis 

Participants completed the QIDS-SR regularly, thereby generating multiple clinical scale records 

each. Since records for each participant are assumed not to be fully independent of each other, I 

applied linear mixed-effects models, which account for the individual effect of participants over 

time. For each feature, a 2-level linear mixed model with a participant-specific random intercept 

was applied to explore the bivariate associations between digital features and clinical outcomes. 

The models were adjusted for age and gender. 

The Benjamini-Hochberg method for multiple comparisons (Benjamini & Hochberg, 1995) was 

applied to the resulting p-values, and the significance level of the adjusted p-value set to .05. 

This strategy of adjusting for multiple testing reduces the likelihood of type 1 error and is an 

effective way to filter for stronger signals of association given the number of tests being run. 

This is a relatively conservative approach, however, which could result in type 2 errors as some 

of the factors that have statistically significant relationships with the outcome will be associated 

with one another. Given that the aim of the study is to explore promising signals, I report on the 

results before and after adjusting for multiple comparisons, and results from all statistical tests 

can be found in Appendix C.  

All linear mixed models were run using the lme4 package for R software version 4.0.1 (R 

Foundation for Statistical Computing). 

https://github.com/valeriadeangel/RAPIDstudy
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6.4 Results 

Sample characteristics 

Out of the 66 enrolled participants, 61 met the missing data threshold and were included in the 

final analysis. Clinical outcome measures were collected from these participants at multiple 

timepoints: 1048 depression records, 626 anxiety records, and 996 functionality records, making 

a combined total of 2670 clinical records. A summary of sample demographics can be found in 

Table 6.1. Significance tests were carried out to determine whether there were any significant 

differences between baseline depression and sociodemographic characteristics. No differences 

were found at a significance level of p < 0.05. The distribution of the QIDS-SR scores is shown 

in Figure 6.1. 

 

Table 6.1 Sample Characteristics of included participants. 

Characteristics N % 

Participants 61 92.4 

QIDSa records 1048 53.7b 

GAD7a 626 64.1c 

WSASa 996 51.0b 

Gender   

Female 40 60.6 

Male 23 34.8 

Other 3 4.5 

Age, median (IQRa) 31 (26 – 38) 

Ethnicity   

Asian / Asian British / Any other Asian background 2 3.0 

Black / African / Caribbean / Black British / Any other 

Black background 

11 16.7 

Middle Eastern 1 1.5 

Mixed/multiple ethnic groups 6 9.1 

White / White British / any other White background 46 69.7 

Education   

Secondary education 8 27.3 

College level, International baccalaureate, or equivalent 18 39.4 

Degree level education / diploma 26 21.2 

Post-graduate degree 14 12.1 
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a Abbreviations: QIDS = Quick Inventory of Depressive Symptomatology, GAD-7 = Generalized Anxiety Disorder – 7, WSAS = 

Work and Social Adjustment Scale, IQR = Interquartile Range 
b Out of 1952 person/weeks 
c GAD7 was measured fortnightly and therefore produced 976 person/weeks 

 

 

Figure 6.1. Histogram showing the score distribution of the QIDS-SR. 

 

Study Aim (1): Digital features associated with total depression 

Linear models with participant-specific random intercepts were used to examine which digital 

features are associated with clinical outcomes. Table 6.2 shows features that remained significant 

after the Benjamini-Hochberg correction. A complete table of all features can be found in 

Appendix C, including unadjusted p-values. 

 In summary, people with higher depression scores have higher mean sleep onset (later onset of 

sleep), larger sleep onset standard deviations, later sleep offset, longer scripted sleep duration, 

lower overall step counts, but a higher step count between midnight and 6 am, and fewer “very 

active” minutes. After adjusting significance values for multiple comparisons, no heart rate 

features were observed as significant. 

Employment   

Employment (paid) 42 63.6 

Employment (unpaid) 4 6.1 

Furlough 3 4.5 

Retired 1 1.5 

Student 4 6.1 

Unemployment 12 18.2 
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Table 6.2. Estimates of the association between total QIDS-SR and digital features. Mixed-linear models with 

participant-specific random intercepts are presented, adjusting for age and gender. Significance levels include the 

Benjamini-Hochberg correction for multiple comparisons (adjusted p-value). 

       

Behaviour Features Estimate 2.5 CI 97.5 CI p-value 
Adjusted 

p-value 

Sleep Sleep onset (M) 0.442 0.266 0.627 <0.001 <0.001 
(Hours) Sleep onset (SD) 0.414 0.199 0.635 <0.001 0.006 

 Sleep offset (M) 0.424 0.253 0.598 <0.001 <0.001 

Steps Total daily steps (M) * -0.113 -0.182 -0.046 0.001 0.028 
(Number of steps) Steps / min (M) -0.130 -0.212 -0.048 0.002 0.028 

 Steps / min (SD) -0.069 -0.112 -0.027 0.002 0.028 

 Total night-time steps (M) * 0.968 0.353 1.575 0.002 0.030 

Physical Activity Vigorous activity (M) / hour -0.026 -0.039 -0.014 <0.001 0.002 
(Minutes) Day-time activity (M) -0.004 -0.007 -0.001 0.003 0.040 

Speech (minutes) Speech duration (scripted) 0.181 0.072 0.294 0.001 0.030 
* The scale for this feature is in 1000s 

CI = Confidence Intervals, M = mean, SD = standard deviation 

 

Study Aim (2): Digital features associated with individual symptoms 

Additional linear models with participant-specific random intercepts were applied to individual 

QIDS-SR items in order to evaluate which digital features were associated with individual 

symptoms (Table 6.3; see Appendix B for the full QIDS-SR scale). Out of the 16 QIDS-SR 

items, eight were significantly associated with features, and one of the three summary items 

(sleep). Compared to other depression symptoms, sleep symptomatology was more likely to be 

picked up by digital tools, especially hypersomnia, with eight associated digital variables. On the 

other hand, only decreased appetite from the weight/appetite section of Table 6.3 had any 

significant features. Guilt, fatigue, and anhedonia symptoms also had a proportionally higher 

number of associated features, with six, six, and five significant associations, respectively. 

The digital features most likely to pick up on symptom severity were sleep offset, sleep onset, 

and the number of “very active” minutes, each loading on to four or more QIDS-SR items. 

Additionally, the symptoms that were more amenable to being detected by passive sensing were 

hypersomnia, guilt, fatigue, and anhedonia. Symptom items with no associated features were low 

mood, any of the weight and appetite items (except for appetite decrease), concentration, suicidal 

ideation, and psychomotor agitation. Hypersomnia was the symptom with the most features 

linked to it; eight variables, including four sleep features, resting heart rate, variability in the 

most active hour, and longer and more paused unscripted speech, showed significance.  
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In general, higher symptom severity was associated with more insomnia and hypersomnia, fewer 

daily steps but more night-time steps, less vigorous activity, and longer and more paused speech 

duration. 

Table 6.3. Associations between individual QIDS-SR items and digital features. Models are adjusted by age and 

gender and corrected for multiple comparisons. Each of the QIDS items (Q1 to Q16) are shown at the top of the 

table, including the three domain scores of sleep, weight and psychomotor agitation (D1 to D3). The full QIDS-SR 

scale can be found in Appendix B. ‘Plus’ signs denote a significant positive association (p <0.05), and ‘minus’ signs 

denote a negative association between depressive symptoms and the digital feature. 

6.5 Discussion 

In this chapter, I sought to evaluate whether digital health tools were able to detect depression 

severity through passive sensing and actively collect speech patterns with the aim of 

 Total Q1 Q2 Q3 Q4 D1 Q5 Q6 Q7 Q8 Q9 D2 Q10 Q11 Q12 Q13 Q14 Q15 Q16 D3 

DIGITAL FEATURE 37 1 0 2 8 3 0 4 0 0 0 0 0 6 0 5 6 2 0 0 

Total sleep time (SD) 1       +                         

REM sleep (SD) 1            +                    

Sleep onset (M) 4 +       +             +  +        

Sleep onset (SD) 2       +    +                    

Sleep offset (M) 5       + +  +          +  +        

Sleep offset (SD) 2     + +                         

Awakening (SD) 1            +                    

SD of hourly HR (M) 1                       –          

Resting HR (M) 1       –                         

Total daily steps (M) 1                          –       

Mean steps / min (M) 1                          –       

SD steps / min (M) 1                          –       

Total night-time steps (M) 1                       +          

Total night-time steps (SD) 1                       +          

Most active hour (M) 2     –                     –     

Most active hour (SD) 1       +                         

Vigorous activity (M) 4         –             –  – –       

Duration (unscripted) 2       +                  +       

Number of pauses 1       +                         

Voice breaks degree 1                          +       

Speaking rate (scripted) 1                           –     

HNR 1                         +        

Shimmer 1                         –        

M = mean, SD = standard deviation, REM = rapid eye movement, HR = heart rate, HNR = harmonic-to-noise ratio, 

Q1 = onset insomnia, Q2 = middle insomnia, Q3 = morning insomnia, Q4 = hypersomnia, D1 = highest sleep symptom score,   
Q5 = depressed mood, 

Q6 = appetite increase, Q7 = appetite decrease, Q8 = weight decrease, Q9 = weight increase, D2 = highest weight/appetite symptom score, 

Q10 = concentration, Q11 = guilt, Q12 = suicidal ideation, Q13 = anhedonia/lack of interest, Q14 = fatigue/lack of energy 
Q15 = psychomotor retardation, Q16 = psychomotor agitation, D3 = highest psychomotor symptom score. 
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characterising the severity of the condition through digital features. As such, I looked at the 

associations between digital features and both total depression scores and individual symptoms 

and found that objective measures of sleep, physical activity, heart rate, and speech patterns were 

significantly associated with depression severity sum scores and individual symptoms such as 

insomnia, hypersomnia, decreased appetite, guilt, anhedonia, and fatigue. Due to insufficient 

data gathered from the passive smartphone app, the results include only passive data from the 

Fitbit wearable device. 

Study Aim (1): Digital features associated with total depression 

Total depression scores were found to be significantly associated with sleep, activity, and speech 

features. Overall, people with higher depression scores go to sleep later and at more varied times 

throughout the week, wake up later, speak slower, take fewer steps overall, but record more steps 

at night, do less vigorous activity, and are less active overall. Our findings are consistent with the 

wider literature and findings from Chapter 2 (De Angel et al., 2022; Rohani et al., 2018). 

Our finding that later chronotypes – having a later sleep onset and offset – and sleep stability 

features are related to low mood has been previously reported (Zhang et al., 2021). Differences 

in timing in sleep-wake cycles across individuals is closely linked to well-being (Kivelä et al., 

2018) and may be related to difficulties with emotion regulation (Watts & Norbury, 2017), 

higher self-blame and reduced positive reappraisal (Van den Berg et al., 2018), as well as 

increased rumination (Antypa et al., 2016). My systematic review findings in Chapter 2 also 

found sleep onset, offset, and stability features to show the highest proportion of significant 

associations with depression compared to other sleep features. The consistency in these findings 

points towards a robust effect of sleep structure on depression. 

Low levels of physical activity, as measured through both physical activity features and step-

count features, were also associated with depression. Several studies have found bidirectional 

links between low mood and low levels of physical activity, either through the effect of 

depression on reduced motivation and volition to take part in physical activity (Machaczek et al., 

2018), or through the effect of low levels of physical activity increasing the risk of depression 

(Schuch et al., 2018). However, Choi et al. (2019), used mendelian randomisation  to assess the  

bidirectionality of the relationship between physical activity and depression and found physical 

activity to be protective of the risk of depression, but evidence of an association in the other 

direction was not found Although the cross-sectional design in this chapter impedes a causal 
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inference between the variables, the findings lend support to the potential benefit of encouraging 

physical activity to improve mental health. 

I also found vigorous physical activity to be negatively associated with four symptoms of 

depression, namely sleep, guilt, anhedonia, and fatigue. This result is supported by a systematic 

review that finds moderate or vigorous physical activity decreased the odds of severity or 

incidence of depression (Dishman et al., 2021). Another systematic review however, found that 

the mental health benefits were more marked at the lower intensity end of the spectrum, with 

little added benefit of more vigorous activity (Pearce et al., 2022). 

Time-based activity features such as daytime vs. night-time activity and the time of the most 

active hour being associated with depression severity show that the timing of the activity may be 

as important as the amount or intensity of it. Despite the complexity of circadian rhythm 

measurement, using time-based step-count measures, we have been able to discriminate between 

depressed and non-depressed individuals (Rykov et al., 2021) and unipolar and bipolar 

depression (Faurholt-Jepsen et al., 2012). Constructing features that differentiate between 

daytime and night-time activity may therefore provide important clinical and research targets. 

Finally, speech duration was found to increase with overall depression severity, a finding that is 

consistent with the previous literature (Albuquerque et al., 2021; Huang et al., 2022). However, a 

study looking at duration in three countries in Europe found these results to be statistically 

significant in the Dutch and British samples but not in the Spanish sample. Further research is 

therefore required to understand whether this effect is dependent on language or cultural 

characteristics (Cummins et al., 2022). 

Study Aim (2): Digital features associated with individual symptoms 

The current work has provided some support for the validity of the use of the Fitbit by 

demonstrating that several digital features were able to detect the symptoms they were 

constructed to measure. For example, subjective sleep onset insomnia was associated with 

objective sleep onset; early morning insomnia with objective sleep offset variability; fatigability 

was associated with reduced step count; and subjective psychomotor slowing was associated 

with a slower speaking rate. This lends support to the notion that wearables may pick up on 

direct behavioural equivalents of subjective reports. 
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After adjusting for age, gender, and multiple testing, 10 digital features were significantly 

associated with overall depression scores. When looking at individual symptoms, however, 13 

additional features appear to be relevant. In addition to speech duration, a number of additional 

speech features, such as a higher number of pauses were associated with hypersomnia and 

decreased shimmer, but an increased harmonic-to-noise ratio was associated with anhedonia. 

Speech fluctuations have been found to be associated with cognitive and psychomotor 

impairments (Cannizzaro et al., 2004); the current findings, however, provide some indication 

that speech features could be associated with psychological symptoms in addition to somatic and 

cognitive ones. 

It could be assumed that digital tools would be less sensitive to detecting associations with non-

somatic symptoms as these affect behaviour in indirect ways and might therefore present a 

higher noise-to-signal ratio than somatic symptoms. Out of the five non-somatic symptoms—

mood, anhedonia, guilt, suicidal ideation, and concentration—two of these were detected by a 

total of seven digital features. If emotional states such as guilt and anhedonia can also be 

assessed through objective measures, this means that digital tools can cover a wider range of 

depressive phenomenology. 

Eight out of the sixteen QIDS-SR items had no significant features: suicidal ideation, mid-

nocturnal awakenings, low mood, appetite increase, weight increase and decrease, concentration, 

and psychomotor agitation. It may be that the sensitivity of digital tools needs improving to 

detect changes in these symptoms. An alternative explanation is that the correction to p-values 

due to multiple testing has led to type II errors, and we are rejecting the alternative hypotheses 

despite real effects between digital features and depressive symptoms. Given that studies have 

generally used the sum-total depression scores rather than taking a symptoms approach, bivariate 

associations between some of these symptoms and passive sensing approaches have been absent 

from the literature. These could be promising leads for future studies to work on. 

6.5.1 Limitations 

This is one of the first studies to take a symptoms approach to digital phenotyping and, to the 

best of our knowledge, the first to apply these methods to a clinical sample in the context of 

treatment, a gap highlighted by previous studies (Fried & Nesse, 2015a; Moshe et al., 2021). 

There were, however, a number of limitations that should be taken into account. It is important to 
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emphasise that our study was exploratory, and further investigation and more studies are needed 

to replicate these results. 

Firstly, there was a relatively small sample size, which limits generalisability and increases the 

risk of type 2 errors. Despite this, our analyses found significant associations between 10 digital 

features and overall depression and 23 digital features and individual symptoms of depression 

even after using corrections for multiple testing. The data are therefore preliminary and require 

replication in larger samples. Second, the degree of acceptable missing data was set to 50% 

following previous literature; yet these are arbitrary thresholds, and it is unclear whether the 

integrity of the data is affected at this or any other level. Third, I calculated means and standard 

deviations of digital features, but it is unclear whether other summary statistics may be more 

appropriate; medians, for example, may be less vulnerable to outliers. A fourth limitation relates 

to Fitbit’s accuracy at truly detecting the behaviours it claims to measure. This means that 

although our inferences may not accurately translate to exact behaviours, the device’s ability to 

measure the ground truth may be less important than the consistency of what it is measuring and 

whether this can be used to detect health status. 

The current study was mainly conducted during the COVID-19 pandemic, where movement 

restrictions were imposed by the government. It is therefore likely that people’s behaviours 

deviated from their norms (Leightley et al., 2021). This may mean that some of the effects, such 

as those found in physical activity, were dampened by such restrictions and that the true effect 

under normal conditions is larger. 

Finally, these results show cross-sectional associations between variables and thus do not 

necessarily represent a causal relationship between digital features and symptoms of depression, 

nor should directionality be inferred. 

6.5.2 Implications 

Despite these limitations, our findings have implications for future research and clinical 

applications of passive sensing in healthcare. In both research and practice, the main implications 

revolve around a multi-dimensional approach to depression as an outcome measure. Digital 

features may be able to detect individual symptoms but not overall scores, and some may have 

opposite directions of association for different symptoms. For example, Minaeva et al., (2020) 

found total depression to be associated with a later ‘most active hour’, whereas our symptom 



 

144  

  

break-down found those with early morning insomnia to have an earlier ‘most active hour’, and 

those with hypersomnia a more varied range. Additionally, our unadjusted results show all three 

insomnia items negatively associated with this feature but there was a positive association with 

hypersomnia. This means that the utility of this feature is found only by taking a specific 

symptoms approach. 

A further research implication is that this study provides a guide for promising signals that 

should be further investigated. It adds to the current body of work identifying objective markers 

of depression phenomenology and can guide future studies towards more promising features and, 

therefore, inform hypotheses and resource allocation. 

Additionally, this study suggests that measuring depression through digital tools in people 

undergoing psychotherapy for depression is feasible and highlights their potential as future 

clinical targets. Clinicians encourage their patients to engage in physical activity, and many 

treatments incorporate sleep hygiene education (NICE, 2022). Digital tools can therefore be used 

to generate objective markers to evaluate improvement in such symptoms. Many of the 

symptoms detected are transdiagnostic in nature; for example, physical activity changes may 

point to overall disability and pain, and sleep disturbances are common throughout mental and 

physical health conditions (Freeman et al., 2020), so they can be used to identify improvement or 

deterioration across mental health conditions or in those with physical health comorbidities. 

In contrast, other symptoms are key to differentiating between conditions or subtypes. The main 

symptoms that differentiate atypical depression from melancholic depression, and have a 

differential treatment response (McGrath, 2008; Stewart et al., 2010), namely, insomnia or 

hypersomnia, fatigue, and appetite changes, can be detected by these devices. Additionally, 

psychomotor retardation using wearable devices has been found to differentiate between 

unipolar and bipolar disorder (Faurholt-Jepsen et al., 2012). Generating digital diagnostic 

biomarkers could inform a more personalised selection of treatment. 

6.6 Conclusion 

Longitudinal symptom measurement is key to individual characterisation of depression and the 

evaluation of illness severity and progression, which in turn helps inform treatment strategy; yet 

most studies have used total depression scores as clinical outcome measures. While a logical first 

step, the assumption that all patients scoring above a cut-off threshold have similar 



 

145  

  

phenomenology does not hold for depression, so an approach towards identifying individual 

symptoms could prove more insightful than total scale scores. We collected digital data from a 

Fitbit wearable device and a smartphone-based speech task and found that objective measures of 

sleep, physical activity, heart rate, and speech patterns were significantly associated with 

depression severity sum scores and individual symptoms such as insomnia, hypersomnia, 

decreased appetite, guilt, anhedonia, and fatigue. This study therefore supports a symptoms-

based approach to RMT research in depression and provides promising signals for future studies 

on personal sensing.  
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Chapter 7 – Digital prognostic markers  

7.1 Chapter summary 

Although understanding which patients will respond to treatment is key to improving outcomes 

in depression, there are currently no objective markers that can do so. Studies using RMTs to 

measure changes in depression associated with psychological treatment could help. In this 

observational study with a 7-month follow-up, digital features were obtained from a Fitbit 

wearable device to detect short-term changes in depression severity as well as long-term changes 

associated with recovery after psychological treatment. 

Regression models were applied to test the odds of recovery and reliable improvement based on 

(1) baseline measures, (2) changes in digital features between baseline and the middle of 

treatment, and (3) changes in digital features between baseline and the end of treatment. 

Fourteen features were found to have significant associations with weekly changes in depression: 

five sleep features, one heart rate feature, two physical activity features, and six speech features. 

Very few features were able to predict recovery or significant improvement after treatment; 

some of these included step count features, speech duration, changes in sleep onset and offset, 

and speech rate and articulation. The limitations of this study, as well as their implications for 

outcome measurement and treatment personalisation, are discussed. 

7.2 Introduction 

Despite years of efforts (Blumer et al., 1982), the question of who will respond to treatment 

remains unanswered; no reliable biomarkers of MDD have been uncovered, and no validated 

tests are available that can match a patient to their most effective treatment. While guidelines for 

evidence-based diagnosis and treatment of depression have been developed (NICE, 2022), the 

lack of accurate and validated markers of treatment outcome restricts their ability to inform 

personalised treatment decisions. Guidelines can therefore only offer broad recommendations 

based on severity and are poorly implemented in clinical settings (Clark, 2011). This means that 

treatment administration in MDD is often an iterative process of trial and error. Having an 

inefficient selection process delays effective treatment from being delivered, which impacts 

overall patient prognosis in subsequent treatments (Rush et al., 2006), and increases costs and 

healthcare burden (McDaid & Park, 2022). 
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RMTs present a novel opportunity to more objectively quantify human behaviour, cognition, and 

physiology and help uncover underlying biological phenotypes associated with depression (Mohr 

et al., 2017) and its course of illness (Matcham et al., 2019). Studies using RMTs have found a 

number of digital features associated with depression, such as sleep stability, sleep offset (the 

time at which people fall asleep), sleep onset (wake-up times), time in bed (Zhang et al., 2021), 

time and intensity of physical activity (Difrancesco et al., 2021), and amount of homestay (Laiou 

et al., 2021). These studies are mostly concerned with validating the ability of digital features to 

detect depression severity (Rohani et al., 2018) or their ability to classify MDD vs. controls 

(Sano et al., 2018). The next step to validation is therefore to investigate longitudinal changes in 

digital features against traditional clinical depression scales throughout the treatment course 

(Coravos et al., 2019).  

Few studies, however, have looked at changes in digital features associated with recovery after 

treatment. Two notable attempts come from Winkler et al. (2014), with actigraphy-measured 

physical activity, and Mundt et al. (2012), who studied speech patterns in depression. Winkler et 

al. (2014) studied activity and circadian rhythmicity in 15 participants and found an increase in 

physical activity to be associated with recovery after electroconvulsive therapy. Mundt et al. 

(2012), in a larger sample of 105 people, found that responders to antidepressants showed 

changes in speech that were larger and/or directionally opposite to those of non-responders. 

However, there is a gap in the literature for studies using RMTs to measure changes in 

depression associated with psychological treatment and to predict treatment outcome.  

In this exploratory study, I tested the ability of digital features obtained from a Fitbit wearable 

device, including sleep, activity, step count, and heart rate, and speech features collected via a 

smartphone microphone, to measure change in depression severity and recovery after 

psychological treatment for depression. This was an observational study with a 7-month follow-

up that took a naturalistic approach by observing patients undergoing psychological treatment. 

Hoping to establish digital prognostic markers of recovery in depression and generate hypotheses 

for future studies, I set out with two aims:  

(1) Identify digital features that are associated with a weekly, within-individual change in depression 

(i.e., identify short-term changes in depression), and   

(2) Explore whether a long-term, longitudinal change in digital features during the course of 

treatment can predict psychological treatment outcome (recovery or significant improvement). 
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7.3 Methods 

7.3.1 Design  

This was a prospective cohort study with data collected from the RAPID study (full procedure 

and measures in Chapter 4). People attending psychological treatment for depression were 

recruited into the study and followed up for 7 months. Digital features were extracted from 

smartphones and wearables throughout this time, and the outcomes of recovery and reliable 

improvement as measured by a change in PHQ–9 scores after treatment were collected as the 

main study outcome measures. Data collection started in May 2020 and ended in March 2022. 

7.3.2 Sample and setting  

The sample was recruited from IAPT services in SLAM NHS Foundation Trust, a publicly 

funded mental health service in the UK. Patients enrolled in the service who agreed to take part 

were screened for eligibility with the following criteria: being an adult with depression as 

measured by the MINI, owning an Android smartphone, and willingness to wear a Fitbit fitness 

tracker on their wrist for the duration of the study. People with health anxieties were excluded, as 

were those with a lifetime diagnosis of bipolar disorder, schizophrenia, or schizoaffective 

disorders as measured by the MINI, pregnant people, or those working night shifts. Health 

anxiety was excluded based on patient and clinician feedback (Chapter 3) and was evaluated 

based on the researchers’ criteria upon discussion with participants. Participant recruitment took 

place between May 2020 and May 2021, with follow-up lasting until March 2022. 

Ethical approval was granted by the Health Research Authority (reference number 20/LO/0091) 

and the London Westminster Research Ethics Committee. 

7.3.3 Procedure  

Participants attended a single remote baseline session with the researchers, where consent 

procedures were carried out and baseline demographics, including age and gender, and clinical 

characteristics were collected. Participants were then helped with installing the smartphone app 

and guided through the use and set-up of the Fitbit device. The study provided each participant 

with a Fitbit Charge (model 3 or 4), which they were required to wear throughout the study. 
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7.3.4 Measures  

Outcome measures: 

Depression in this study was measured using the PHQ-9, a self-reported, validated depression 

scale consisting of nine items rated from 0 “not at all” to 3 “nearly every day”. Total scores 

therefore ranged between 0 to 27. The PHQ-9 was chosen because it is routinely used within 

IAPT and allowed our results to be comparable to nationally used psychological measures in the 

UK. 

The PHQ-9 was delivered fortnightly and collected via the Research Electronic Data Capture 

(REDCap) software (Harris et al., 2009), which sends participants a link to the surveys by email. 

For Study Aim 1, a change in depression was calculated as the difference between PHQ-9 scores 

from the current record and PHQ-9 scores from the previous record, such that a positive value 

signified an increase in weekly depression.  

For Study Aim 2, the PHQ-9 threshold for ‘caseness’ was set at 10, following the PHQ-9 use 

guidelines, where 9 points or less is considered subthreshold or no depression, and a score of 10 

or more is considered a ‘case’ of depression. The scale was shown to have strong reliability 

(Cronbach's alpha = 0.89) and sensitivity and specificity of 88% in a sample taken from primary 

care (Kroenke et al., 2001).  

The thresholds for recovery and improvement were in line with national guidelines for IAPT. 

Treatment response was defined as going from ‘case’ at baseline (a score of 10 or more) to ‘non-

case’ (a score of 9 or less) at the end of treatment. The Reliable Change Index – or reliable 

improvement – was used as an outcome measure for treatment and was defined as a reduction of 

six or more points on the PHQ-9 from baseline to the endpoint of treatment. 

Predictor variables: 

Digital features from a smartphone app and the Fitbit wearable device were used to construct the 

predictor variables. All extracted features and their descriptions can be found in Appendix A. 

Speech features: Every fortnight, participants were required to complete two speech tasks, one 

scripted, another unscripted. The scripted task required participants to read out prewritten text 

(scripted), whereas the unscripted task asked participants to answer a question out loud 

(unscripted). Participants recorded their voice in quiet environments for both tasks using 

the RADAR active RMT app (Ranjan et al., 2019). 
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Wearable sensor data: As reported in the previous chapter, the weekly missing data from 

smartphone app features was too high (80% on average) to be reliably included in the analysis. 

Passive data used in the current study was therefore derived from the Fitbit only; the models 

used were the Charge 3 and Charge 4. Fitbit data was extracted through the Fitbit API, which 

provides raw data on sleep, physical activity, heart rate, and step count. 

7.3.5 Data processing and missing data handling 

Fitbit’s API allows the collection of minute-by-minute data points. These were aggregated on an 

hourly basis following the feature extraction table definitions. A second-order feature extraction 

involved the further aggregation of these features on a daily basis, with the mean and standard 

deviations calculated across the day. Only days with at least 12 hours of passive data were 

included, with at least one data point per hour. 

For each PHQ-9 record, digital features were extracted from the previous 7 days. A week was 

counted as missing if it had less than 3 days of missing data. Only complete PHQ-9 

questionnaire records were included. 

Data was assumed to be missing at random (MAR), and where necessary, median imputation 

was used on missing data. No digital features had > 50% missing data.  

7.3.6 Data Analysis  

To address Study Aim 1, linear mixed-effects models were applied to test the effect of changes 

in weekly speech and Fitbit-measured digital signals on change in depression. Participants 

completed the PHQ9 measures regularly, thereby generating multiple clinical scale records per 

participant. Since records for each participant are not fully independent of each other, linear 

mixed-effects models were chosen, as they take into account that data is clustered within persons 

due to the repeated measures, and reduce the likelihood of Type I errors (Musca et al., 2011). To 

investigate the predictive power of each feature on depression, a 2-level linear mixed model with 

a participant-specific random intercept was built separately for each feature. All models were 

adjusted for baseline age, and gender, which were specified as additional fixed effects. All 

variables were z-standardised and regression estimates and 95% confidence intervals (CI) were 

presented. 

To address our second study aim of identifying longitudinal predictors of treatment outcome, 

logistic regression models were carried out for each of the selected features. I first reduced the 
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number of features selected for analysis in order to further reduce type 1 errors arising from 

multiple comparisons. Feature selection was informed by significant features arising from the 

linear mixed-effects models mentioned in the paragraph above and those from the associations 

with overall depression presented in the previous chapter (Table 6.2).  

I ran separate regression models that captured three different treatment time points: BASE, MID, 

and END. Figure 7.1 depicts the time windows for predictor variable construction for each of the 

models. Baseline models (BASE) take averaged digital features from between 2 weeks prior and 

1 week post the treatment start date. This is therefore a cross-sectional measure. Midpoint values 

are first calculated by taking the PHQ-9 scores 1 week on either side of the date of the middle 

treatment session. If more than one record is present, the mean score is taken. The change in 

digital features from baseline to midpoint values is then calculated (MID), i.e., by subtracting 

baseline values from midpoint values. 

 

Figure 7.1. Predictor variables for study Aim 2 and the timeframe used to calculate them. The top panel displays the 

variables for each model, with the BASE model's predictor variables being the baseline features, the MID model's 

predictor variables being the change in features from baseline to midpoint, and the END model's predictor 

variables being the change in features from baseline to endpoint. The time period during which digital features were 

recorded and, if available, aggregated, is displayed in the bottom panel. Treatment timepoints, such as treatment 

start date or end date, mark time 0 (in the green rectangles), features obtained in the weeks prior and following time 

0 are then averaged to obtain predictor variables.  

 

Similarly, end models (END) calculate the change in digital features from baseline to the 

treatment endpoint. If more than one record exists between 1 week prior and 2 weeks post the 
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date of the final treatment session, these scores are aggregated. Given the frequency of the 

depression scale records, the maximum number of aggregated PHQ-9 scores at each timepoint 

was 2. Scores were aggregated in this manner to obtain a more representative picture of general 

mental state before and after treatment, which would be difficult to capture with a single 

timepoint. 

All variables were z-standardised and odds ratios (OR) and 95% CI were presented for all 

selected features. Benjamini-Hochberg corrections for multiple testing were not applied in this 

study since, given the small sample size, we would only expect associations to be significant for 

very large effect sizes.  

Software  

Speech features were extracted using Python (version 3.7.6); all other features, data cleaning, 

and analyses were conducted using R software version 4.2.1 (R Foundation for Statistical 

Computing). Linear mixed models and logistic regression models were implemented by using 

the ‘lmerTest’ package. 

Data availability  

All data and code are available to download at https://github.com/ValeriaDeAngel/RAPIDstudy.  

7.4 Results 

Of the 66 recruited participants, 59 met the missing data threshold and were included in the 

analysis for Study Aim 1. Given that this is the same sample as in the previous study, sample 

characteristics are provided in Table 1 (Chapter 5). For Study Aim 2, only those who had 

undergone at least 3 treatment sessions were included; this reduced the sample to 52 people. 

Furthermore, endpoint PHQ-9 scores from which to infer recovery or significant improvement 

were obtained from 39 people. This included participants whose IAPT clinical records were 

used, after providing prior written informed consent, to complete missing PHQ-9 scores. 

Table 7.1 shows the summary of sample characteristics of those included in the analysis for 

Study Aim 2, and Figure 7.2 shows the median sample severity of depression throughout 

treatment, with a median PHQ-9 at baseline = 15.2, midpoint = 12.5, and endpoint = 10.9. 

 

https://github.com/ValeriaDeAngel/RAPIDstudy
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Table 7.1 Sample Characteristics for Study Aim 2 of the current study. 

Characteristics N % 

Participants 39 100 

Gender   

Female 25 64.1 

Male 11 28.2 

Other 3 7.7 

    

 Age, median (IQR) 32 (25 – 40) 

Ethnicity   

Asian / Asian British / Any other 

Asian background 

2 5.1 

Black / African / Caribbean / Black 

British / Any other Black 

background 

3 7.7 

Middle Eastern 1 2.6 

Mixed/Multiple ethnic groups 4 10.3 

White / White British / Any other 

White background 

29 74.4 

Education   

Secondary education 4 10.3 

College level, International 

baccalaureate, or equivalent 

9 23.1 

Degree level education / diploma 16 41.0 

Post-graduate Degree 10 25.7 

Employment   

Employment (paid) 28 71.8 

Employment (unpaid) 1 2.6 

Furlough 2 5.1 

Retired 0 0 

Student 3 7.7 

Unemployment 5 12.8 

Clinical Characteristics   

Treatment length, median (IQR) 7.1 (3 - 11) 

Low Treatment intensity 19 50 

High Treatment intensity 19 50 

Delay from enrolment to treatment 

start 

18 (7 - 28) 
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Figure 7.2 boxplots showing the median and interquartile ranges of PHQ-9 scores across the stages of treatment. 

 

STUDY AIM 1: Predicting changes in symptom severity from a change in digital features 

The first aim was to identify digital features that are associated with a within-individual change 

in depression. The analyses showed that, out of the 120 variables that were tested, 14 had a 

significant association with depression. Figure 7.3 depicts forest plots of the significant features 

arising from the analysis (for estimates from all associations, see Appendix E). Positive 

estimates indicate a positive association with depression change, meaning that for every standard 

deviation increase in the digital feature, the estimate standard deviations of the PHQ-9 also 

increased, indicating worsening depression. Negative estimates mean that as the value of the 

feature increases, depression decreases, such that a higher value of that feature is indicative 

reduced depression and therefore improved mental health. 
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Figure 7.3 Forest plots of the association between PHQ-9 scores and each of the digital features. The dots represent 

estimates, and bars represent the 95% confidence intervals from linear mixed-effects models. The current forest plot 

shows the statistically significant features only – full list of features with effects shown in Appendix E. 

 

Those who experienced an increase in depression had an increased total sleep time, a higher 

proportion of light sleep compared to other sleep stages, and low light sleep variance, but a lower 

proportion of deep sleep, and a wider range of awakenings during the week. Overall, an increase 

in depression is therefore linked with spending more time in bed but having more disrupted 

sleep. 

A lower variance in the standard deviation (SD) of the mean hourly heart rate is associated with 

increased depression, such that people who have stable heart rates throughout the day report 

higher depression. 

An increase in overall and vigorous activity were associated with decreased depression levels. 

No step features were found to have significant associations with increased depression; however, 
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the results show a general direction towards decreased steps signifying increased depression, 

with night-time step-count and the later most active hour also pointing towards increased 

depression (Appendix E). 

Increased depression was linked with speech that becomes slower, softer, lower pitched, less 

articulate, and more jittery, and an increase in recording length. 

STUDY AIM 2: Predicting outcome after treatment 

The second aim was to determine whether RMT features could predict recovery, a change from 

‘caseness’ to ‘non-caseness’, or reliable improvement, a reduction in the PHQ-9 of six or more 

points following psychological treatment.  

Following the feature selection procedures described in the data analysis section, 22 features 

were selected for analysis. Standardised ORs and CIs for all features are presented in Figures 

7.4a for associations with recovery and 7.4b for associations with significant improvement. 

Tables with raw data can be found in Appendix F. 

Recovery  

Results from logistic regression models showed that digital data measured at baseline did not 

predict recovery after treatment at a statistically significant level. The change in digital features 

from baseline to midpoint, as shown by the second column labelled “MID”, also did not predict 

recovery. Significant predictors of recovery at endpoint were found in the standard deviation of 

daily steps per minute, sleep onset and offset. An increase in the variability of steps taken per 

minute between treatment baseline and endpoint was associated with higher odds of recovery. 

Going to bed and waking up earlier compared to at the start of treatment were significantly 

associated with recovery. While non-significant, behaviours at baseline previously associated 

with lower depression, such as increased total sleep time, proportion of deep sleep, and many of 

the step count features that signify reduced activity, are shown to have an inverse association 

with recovery (i.e., the odds of recovery are < 1). This direction, however, reverses for the other 

two timepoints, meaning that while fewer steps at baseline may be indicative of recovery, a 

subsequent increase in these behaviours may be associated with better outcomes. A very slight 

but notable reverse pattern is found for a change in daytime activity. 

 



 

157  

  

 

a       b 

Figure 7.4. Forest plots of the associations between digital features and outcome after treatment at three timepoints. 

ORs (represented by the points) and 95% confidence intervals (represented by the horizontal line) are shown for the 

outcomes of (a) recovery, and (b) improvement. The charts are truncated at OR = 5 to improve interpretability. 

Blank rows for unscripted speech features at mid- and endpoints show instances where regression models were not 

carried out due to fewer than 5 recovery events recorded as outcomes for these features. 

BASE = measures taken at treatment baseline, MID = change between baseline and treatment midpoint, END = 

change between baseline and treatment end. HR = heart rate, OR = odds ratios, CI = confidence intervals. 

Recovery  

Results from logistic regression models showed that digital data measured at baseline did not 

predict recovery after treatment at a statistically significant level. The change in digital features 

from baseline to midpoint, as shown by the second column labelled “MID”, also did not predict 

recovery. Significant predictors of recovery at endpoint were found in the standard deviation of 

daily steps per minute, sleep onset and offset. An increase in the variability of steps taken per 

minute between treatment baseline and endpoint was associated with higher odds of recovery. 
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Going to bed and waking up earlier compared to at the start of treatment were significantly 

associated with recovery. While non-significant, behaviours at baseline previously associated 

with lower depression, such as increased total sleep time, proportion of deep sleep, and many of 

the step count features that signify reduced activity, are shown to have an inverse association 

with recovery (i.e., the odds of recovery are < 1). This direction, however, reverses for the other 

two timepoints, meaning that while fewer steps at baseline may be indicative of recovery, a 

subsequent increase in these behaviours may be associated with better outcomes. A very slight 

but notable reverse pattern is found for a change in daytime activity. 

Significant Improvement 

At baseline, a slower speaking rate and articulation rate were associated with subsequent 

significant improvement after treatment. The direction of these associations was reversed at 

subsequent timepoints but lost their statistical significance, such that an increase in speaking and 

articulation rate was more likely to lead to improvement after treatment. Changes in articulation 

rate at midpoint, jitter, and speech task duration were significantly associated with clinical 

improvement, but despite ORs not crossing the threshold of 1, these estimates were not 

statistically significant at the p <0.05 level. The high OR (outside the plot margins), wide 

confidence intervals for articulation rate, and low sample size suggest this significance may be 

driven by a few overall data points being influenced by more extreme scores. A decrease in the 

standard deviation of the mean hourly heart rate throughout treatment predicts improvement, 

such that more stability in heart rates throughout the day is associated with improved outcomes. 

The most notable difference between feature patterns in recovery and significant improvement is 

the change in step count. Recovery is characterised by a low baseline step count followed by an 

increase as people progress through the treatment stages, whereas for significant improvement 

there is a weaker pattern, and the direction is reversed. 

7.5 Discussion 

In this exploratory study, I set out to identify short-term and long-term changes in digital features 

that were associated with a change in depression and outcome following psychological treatment 

(recovery or significant improvement). With these objectives, I aimed to inform future studies 

with larger sample sizes and greater statistical power that can further investigate the use of 

RMTs to measure and predict recovery. 
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Fourteen features were found to have significant associations with weekly changes in depression. 

Five sleep features were seen to vary along with depression severity, including total sleep time, 

the proportion of time spent in light and deep sleep stages, and the variance in awakenings, 

meaning that, as depression severity increased, people spent more time in bed, but their sleep 

was more disrupted, and they spent less time in deep sleep and more time in light sleep. They 

had decreased daytime activity and a more stable heart rate during the day. Their speech was 

also slower, lower, graver, less articulate, and more jittery. 

A longitudinal approach to measuring change in digital features from baseline to midpoint and 

endpoint of psychological treatment saw notable patterns of association. However, and as 

expected with the current sample size, most confidence intervals crossed the statistical 

significance threshold, thereby making it difficult to extract strong inferences. All interpretations 

should therefore be taken with caution.  

Overall, ORs for both recovery and improvement outcomes show similar directions of effect. Of 

note is that, at baseline, behaviours that could be expected to be associated with higher 

depression, such as a lower step count and a reduced proportion of deep sleep, are at this 

timepoint associated with a higher likelihood of recovery. While this seems counterintuitive, it 

could mean that those with "unhealthy" behaviours, which psychological therapies tend to target, 

have a wider margin in which to improve and may therefore be more likely to benefit from 

behavioural treatments. For example, someone with seemingly poor sleep habits, such as later 

sleep onset, who starts treatment with a component of sleep hygiene may be more likely to 

experience an improvement in mood derived from better sleep than someone who begins 

treatment with better sleep habits. Importantly, an improvement in these behaviours, e.g., 

increased step count (except at night) across treatment stages, is more prevalent in those who 

recovered. 

These digital trajectories appear in sleep and speech patterns. Sleep onset and sleep offset 

(bedtime and wake-up times) become earlier for those who recover as therapy progresses, an 

effect that is attenuated with significant improvement. Low speaking and articulation rates at 

baseline with a subsequent increase, except for high jitter, which decreases, are associated with 

improvement. The finding that speech becomes slower, softer, graver, and less articulate in 

depression has been reported in a recent study of 325 English-speakers (Cummins et al., 2022). 

A decrease in recording duration and an increase in speaking rate were also found to 

discriminate between treatment responders and non-responders to antidepressant medication 
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(Mundt et al., 2012). Speech duration may therefore serve as a digital biomarker for recovery 

after treatment. 

Patients with depression have long demonstrated sleep disturbances (Neylan, 1995) and reduced 

physical activity (Farmer et al., 1988), and studies using RMTs to measure such behaviours have 

found similar results to the current study. A study using the RADAR-base platform to evaluate 

sleep in depression in over 300 participants found increases in total sleep time and awakenings to 

be associated with depression severity (Y. Zhang et al., 2021). Contrary to our findings however, 

they found a reduction in light sleep in those with higher depression. Evidence suggests that the 

Fitbit tends to overestimate light sleep (Zambotti et al., 2018), so a discrepancy in sleep stages 

may be related to poor device accuracy. 

The finding in Study Aim 1 of a reduction in overall daily and vigorous physical activity linked 

to depression has also been widely reported, in both the literature on physical activity 

(Difrancesco et al., 2019) and on activity related to circadian rhythmicity (Saeb et al., 2015). 

Overall, the literature agrees that increased physical activity is related to better depression 

outcomes, but it diverges on the importance of vigorous physical activity (Pearce et al., 2022). 

Our findings that decreased vigorous activity is associated with depression are supported by 

other studies on depression using RMTs (Difrancesco et al., 2019). Additionally, one of the first 

longitudinal studies using actigraphy to obtain objective measures associated with treatment 

outcome found that people who responded to depression medication were more active during the 

day than the control group (Todder et al., 2009). 

Contrary to the findings from Aim 1 of this study on short-term changes, and previous literature, 

longitudinal analyses across treatment stages in Study Aim 2 revealed a conflicting effect: a 

decrease in vigorous activity was associated with increased odds of significant improvement. 

One explanation for this may come from the context in which participants were recruited. 

Individuals with better treatment outcomes were recruited on average four weeks earlier than 

those with poorer outcomes. The difference in exercise levels may therefore be attributed to the 

fact that the first half of the sample was recruited as the first lockdown ended in the UK, and 

therefore during a time when outdoor and indoor exercise were more easily accessible, while the 

second half was recruited as winter and the second lockdown began, and therefore in a period of 

reduced physical activity (Wickersham et al., 2021). The possible implications of this 

explanation on a causal inference model of exercise and depression would place vigorous 

physical activity as a marker (or effect) of recovery rather than a causal factor. However, the 

current study design does not allow for testing this hypothesis. 
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Similarly, given that heart rate (HR) increases during periods of activity, the additional finding 

that HR was more stable throughout the day compared to people whose depression decreased 

could be related to engaging in less physical activity. Few studies have investigated univariate 

associations between depression and HR, and even fewer have employed commercially available 

wearable sensors. One of the few studies looking at HR data in depression found that when HR 

features were combined with other variables, they were more predictive of depression than by 

themselves (Wang et al., 2018). Given how closely they are linked to sleep and physical activity, 

both because of how they work together physiologically and because heart rate data is often used 

to build sleep and activity features, this further supports the interpretation that heart rate features 

may be more informative in the context of changes within other variables. 

7.5.1 Limitations and future directions 

Several limitations in this study should be noted. Firstly, the current small sample size meant that 

only large effect sizes would have resulted in statistically significant differences. As an 

exploratory study and part of a larger project evaluating feasibility, it was therefore important to 

show potential signals and directions of effect rather than significance thresholds; especially 

since, given multiple testing, significant results could have arisen by chance. This limitation is 

partially mitigated by understanding that the purpose of the study was to generate hypotheses for 

future studies to apply to larger samples. 

Second, there was a considerable amount of missing data in this study, both from study and 

treatment attrition and from device non-collection. Some of this missing data will be due to 

external circumstances, such as issues with treatment referrals or technical issues, whereas other 

missing data may be related to an individual’s clinical characteristics. In Chapter 5, I noted that 

data availability and attrition were associated with treatment complexity, so it may be the case 

that this study is vulnerable to such a bias. 

As noted in the previous chapter, the accuracy of the device used to measure the behaviour of 

interest is important in making appropriate inferences. As technology improves, so will the 

signal-to-noise ratio; in the meantime, inferences about the exact ground truth should be made 

with care. 

Finally, due to sample size restrictions and as a first step in searching for associations, the 

current study applied bivariate analysis between the predictor and outcome variables. Bivariate 

associations, however, do not take into account the interdependency between the measured 

behaviours: sleep, physical activity, speech, and heart rate, all of which belong to systems in the 
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body that function in conjunction. Future research needs to untangle these associations and 

improve our understanding of the strength and direction of any potential causal 

interrelationships. 

7.5.2 Implications 

The development of an objective, non-invasive, physiologically-based biomarker of depression 

prognosis could provide new avenues for clinical research and the development of treatments. 

Psychiatry currently relies on self-report questionnaires, which only capture a snapshot in time 

and miss the waxing and waning characteristic of depression. Validating RMTs for this use 

could provide an objective, continuous, and low-burden replacement for more rudimentary 

outcome measures such as depression questionnaires. 

By having a continuous measure of illness, health outcome definitions would not be restricted to 

current absolute or relative changes in severity taken at specific points, such as the ones currently 

used worldwide to define response or significant improvement. Instead, trajectories of symptom 

development over time can be taken into account to assess therapy success, allowing for more 

refined interpretations of each patient's response to treatment. 

Additionally, rather than focusing solely on a score below a scale cut-off, RMT can offer a more 

clinically significant way to define improvement by considering changes in the target behaviours 

that are important to the patient. Perhaps a patient wants to feel less tired or get better sleep; in 

this case, a desirable outcome that can be assessed by RMTs may be more meaningful than the 

sum of points on a depression scale denoting severity. 

Furthermore, digital biomarkers that predict treatment outcome or prognosis can be used to 

identify subgroups of patients who may be better suited to particular treatments according to 

their response chances, therefore personalising treatment decisions. For example, it may be that 

later chronotypes are more likely to recover with psychological therapy, in line with our current 

results, whereas the number of pauses in an unscripted task may be a biomarker of response to 

medication, as found by Mundt and colleagues (Mundt et al., 2012). Given the longitudinal and 

multidimensional nature of RMTs, such stratification could be applied not only based on 

treatment outcome, but also on the dynamics of change as measured by digital trajectories of 

behaviours.  
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7.6 Conclusion 

The current study takes a novel approach to using digital health tools by monitoring patients in 

the context of psychological treatment for depression. The findings suggest that RMTs have the 

ability to detect alterations in physiology and behaviour experienced by people with improving 

depression. Short-term digital biomarkers of changes in depression severity and longitudinal 

changes in digital features associated with recovery and/or substantial improvement following 

therapy were identified. However, since these findings are preliminary and constrained by a 

small sample size, they should be viewed as a first attempt at identifying digital phenotypes of 

depression change and recovery in an effort to understand the individual factors contributing to 

treatment outcome in depression. 
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Chapter 8 – Discussion 

8.1 Chapter summary  

The final chapter of the thesis will summarise the findings and compile them into a general 

discussion. I begin by summarising the findings from each chapter and mapping them back to 

my original thesis aims. Then, strengths and limitations are discussed, and finally, the 

implications for future research, clinical use, and implementation are examined. 

8.2 Summary of results 

In this thesis, I sought to assess the feasibility and acceptability of using RMTs to collect 

behavioural and clinical data from people in therapy for depression and establish their potential 

as digital markers of depression and recovery after treatment. I set out four specific aims and 

addressed them through three separate studies: a systematic review of the literature, focus groups 

with patients and clinicians, and a mixed-methods observational cohort study.  

Aim 1: Evaluating the literature on passive sensing 

My first aim was to synthesise the current evidence in RMT research on depression to identify 

candidate digital signals from smartphones and wearable devices that were associated with 

depression (Chapter 2). The review found statistically significant associations between 

depression and digital features from sleep, physical activity, location, and phone use data, 

thereby identifying features with promising signals. This finding helped inform decisions for 

data collection for the cohort study (Chapter 4) and feature selection in the analysis in Chapter 7. 

Importantly, this review found critical methodological shortcomings, such as small sample sizes, 

brief follow-up times, and a high degree of heterogeneity that precluded a quantitative synthesis 

of results. While these issues are to be expected in a growing and emerging field, avoidable and 

more serious issues were found in the quality and standards of reporting recruitment strategies, 

sample characteristics, feature selection, feature construction, and handling of missing data, 

which pose a threat to transparency and reproducibility, and therefore hinder the meaningful 

development of this scientific field. As a result of this finding, a series of recommendations on 

reporting standards were developed, which I adhere to in Chapters 5–7. 
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Aim 2: Acceptability 

The second aim was to explore clinician and patient views on implementing digital health tools 

in psychological services in order to evaluate their overall acceptability and identify clinically 

meaningful targets for RMTs in depression (Chapter 3). A qualitative evaluation of three focus 

groups revealed that behavioural changes reflective of improved depression were viewed as 

either ‘markers’ of improvement—behaviours that signal a change in mood—or as ‘promoters’, 

those behaviours that precede and encourage improved mood. With this, a framework for a 

clinically meaningful causal model of digital phenotyping in depression was presented. 

Six themes emerged surrounding the potential barriers and facilitators of implementing RMTs 

during psychological treatment, including themes around technology access and use, 

management of data, the replacement of and/or complement to human contact, the potential for 

cognitive support, increased self-awareness from self-monitoring, and their perceived clinical 

utility. 

This study informed the design and execution of the subsequent mixed-methods observational 

study by understanding which features were important to include in the analysis and by bearing 

in mind patient concerns over RMT use, such as potential health risks, and issues with 

communication, privacy, and security. 

Aim 3: Feasibility through engagement 

The third goal of the thesis was to assess the feasibility of using RMTs to collect behavioural and 

clinical data from people undergoing therapy for depressive disorders. To accomplish this, a 

mixed-methods study was designed and published prior to data analysis in accordance with our 

transparency guidelines from Chapter 2. The methodology was described in Chapter 4, and 

results on data device and study engagement were presented in Chapter 5. 

Chapter 5 reported that the patterns of user engagement in people undergoing psychotherapy for 

depression varied from one device to another, with the Fitbit providing more data overall but 

experiencing a decline over time. This means that there were some fatigue effects from using a 

passive data collection device. Also, engagement differed during treatment compared to outside 

of it; participants in treatment provided less Fitbit data but higher active data during treatment 

than those on the waiting list. 

The qualitative data obtained from participants helped in the explanation of some of the findings 

by providing context; for example, low engagement with the study protocol could have been 

affected by questionnaire frequency, and the report that therapy workload, and therefore 
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participation burden, increases during treatment could have accounted for lower engagement 

with active data at that stage. 

Aim 4: Digital biomarkers 

The fourth and final aim of the thesis was to evaluate the potential for digital health tools to 

generate digital biomarkers of depression (Chapter 6) and treatment prognosis (Chapter 7). The 

findings present potential biomarkers of depression severity and treatment prognosis and 

highlight the importance of taking a symptoms-based approach rather than a sum score for 

depression. 

The findings from Chapter 6 showed that digital features derived from smartphones and 

wearables are associated with depression severity. People with more severe depression go to 

sleep and wake up later, engage in less vigorous activity, and take fewer steps overall compared 

to those with lower severity. Individual symptoms such as insomnia, hypersomnia, decreased 

appetite, guilt, anhedonia, and fatigue were also picked up by digital features. 

The findings from Chapter 7 showed the potential for digital signals to detect short-term as well 

as long-term changes in depression associated with recovery after psychotherapy. People who 

experience an increase in depression on a weekly basis tend to spend more time in bed, but with 

more disrupted sleep. Their speech is slower, lower, graver, less articulate, and more jittery. 

Recovery was associated with a long-term increase in step count, a decrease in the duration of a 

scripted speech task, and an earlier waketime and bedtime. 

8.3 Strengths  

This work addresses key gaps in the literature relating to the use of digital health tools for the 

monitoring of depression. The following section describes some of the strengths of this work. 

8.3.1 The context of treatment 

A strength of this thesis is that it places the work within the context of psychological therapies to 

answer the questions of how and to what extent digital tools can benefit people in treatment for 

depression. Acceptability and feasibility of RMT use for depression have mostly been studied in 

community-recruited samples, students, and samples with short follow-ups (De Angel et al., 

2022), all severely limiting the generalisability to a clinical context of long-term psychotherapy. 
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If implementation within healthcare is the aim, research on long-term attrition in patterns of 

missing data in the context of psychotherapy is critical. This is especially important given our 

findings that being in treatment affected device engagement and study attrition. Placing the study 

within IAPT services, where patients are treated based on routine clinical decisions regardless of 

study aims, has allowed me to understand how people’s attitudes and use of digital tools range in 

a more ecologically valid context than traditional in-clinic delivery. 

8.3.2 Mixed-methods design 

By adopting a mixed-methods design and using a range of complementary analytical approaches, 

I was able to address different research questions from a variety of angles: the gathering of large 

amounts of published data through the systematic review; obtaining patient and clinician 

experiences using both focus groups and individual interviews permitted the capture of group 

dynamics as well as personal attitudes; and quantitative approaches allowed me to describe the 

extent of device engagement, quantify relationships between digital features and mental state, 

and predict outcomes following treatment. 

At the time of writing, several of these approaches present a novel contribution to knowledge of 

the subject. Adopting a mixed-methods design to evaluate feasibility and acceptability deviates 

from the common approach of evaluating engagement through quantitative device use or testing 

feasibility through only qualitative design. This design provides a deeper understanding of the 

associations between patterns of missing data across the different data collection methods and 

clinical states, with the qualitative work complementing the quantitative analysis by serving an 

explanatory function. Given the importance of missing data when it comes to making 

generalisable inferences (Currey & Torous, 2022), this is an important contribution to improved 

generalisability in the field. 

Considerations of qualitative research: Epistemology and reflexivity 

When interpreting qualitative research findings however my position of epistemology and 

reflexivity need to be considered. The qualitative analysis in Chapter 3 was underpinned by a 

subjectivist epistemological position, that is, a researcher cannot be completely objective (Mills 

et al., 2006). My position is in line with Charmaz, (2014) who contend that a subjectivist 

perspective is necessary in a grounded theory approach, and that the researcher’s interpretation is 

key to the development of data and theory. As the researchers in this study, it is therefore 
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acknowledged that our position, privileges, and perspectives influence how knowledge was 

constructed during the research process. 

This research project was led by me and carried out as part of my PhD. Although I had 

previously conducted research in mental health, I had not carried out any research on the use of 

digital technologies for mental health promotion or management. I did, however, chose this as 

my research subject for my PhD and believe technology can have a positive impact on people’s 

mental health management strategies.  

Given that personal and professional experiences may have an impact on the focus groups and 

data analysis and interpretation, to incorporate more diversity of experiences into the analysis, I 

included two additional researchers who helped code and interpret the transcripts.  One of them 

was a psychology student without professional research experience, while the other was a 

colleague from my department who had no vested interest in the research outcomes but who did 

have experience in the field of digital mental health. Despite sharing the same gender, the three 

of us brought some diversity of personal experiences due to our varying nationalities, ethnicities, 

and ages. 

8.3.3 Patient and Public Involvement 

The design and methods for two of the studies (the qualitative focus groups study and the 

longitudinal mixed-methods study) in this thesis were reviewed by a team of people with lived 

experience of mental health problems and their carers, who advised on research protocols and 

patient-facing documents. The Patient and Public Involvement (PPI) group were involved at the 

design stage and played a valuable role in providing feedback and shaping various aspects of the 

study. Their feedback focused specifically on procedures relevant to prospective participants and 

the accessibility and comprehensibility of the patient-facing materials, such as the participant 

information sheet and the consent form. 

An important aspect addressed by PPI regarding study procedures was the burden of 

participation on potential participants. The PPI group expressed concerns regarding the duration 

of questionnaires and their potential impact on participant engagement. In response to this, I 

ensured that the questionnaires took no longer than 10-15 minutes per week to complete. This 

adjustment aimed to minimise participant burden, improve participant experience, and increase 

their willingness to participate.  
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The PPI group also offered comments on the patient-facing materials, drawing attention to areas 

that needed clarification and simplification to make them easier to read and understand for lay 

audiences. Specifically, they highlighted challenging terminology, and their suggestions resulted 

in changes that made the materials simpler to understand. 

Additionally, the PPI group expressed concerns regarding aspects of device monitoring, such as 

location tracking and microphone usage, noting that these measures could be perceived as 

intrusive and cause discomfort among participants. As a result, the information sheet included 

detailed explanations clearly outlining the nature and extent of the monitoring activities. 

Transparency regarding data collection processes and mentioning the fact that the research team 

did not have instant access to real-time data, may have helped alleviate participant concerns and 

potentially increased their willingness to participate. 

The involvement of the PPI group in this study allowed me to make meaningful changes to the 

conduct and design of the study, which made the information presented more accessible to non-

academics and my study findings potentially more relevant to the individuals these technologies 

aim to benefit.  

8.3.4 Statistical analysis 

While many studies have adopted a multivariate or machine learning approach to predicting 

depression, I have opted for presenting bivariate associations in linear mixed models (Barnett et 

al., 2020). Machine learning methods can be a robust technique in instances of high-dimensional 

data and small sample sizes (Vabalas et al., 2019). However, they have been criticised for their 

lack of interpretability of the prediction models it generates (Rudin, 2019), and posing a 

significant risk for overfitting the data to the model without appropriate external validation 

(Hastie et al., 2001). This means we are left with models that may be robust enough to make 

predictions on their dataset but are difficult to extrapolate to other samples or implement in a 

clinical setting. By presenting bivariate associations of digital features to predict depression, we 

are generating an evidence-base for future feature selection and opting for interpretability in our 

findings.  

8.3.5 Symptoms approach to illness 

Whereas studies tend to take a sum-score approach to depression, I have taken a symptoms 

approach to the evaluation of digital features. The heterogeneity in depression presentations 



 

170  

  

means that a sum score on depression scales does not reflect the underlying phenomenology of 

individuals. In Chapter 6, some of the digital features that were associated with sum-scores were 

not associated with individual symptoms, and vice versa, meaning that some of the significance 

with features is lost when using aggregated depression scores. This is important because research 

has shown that different symptom profiles have been associated with differing treatment 

responses (Fried & Nesse, 2015b). For example, insomnia reduces the likelihood of recovery 

(Pigeon et al., 2008), and symptoms of anhedonia and reduced activity predict a poorer response 

to antidepressants (Uher et al., 2012). Taking this approach is therefore valuable for prognostic 

biomarker identification and a step towards personalised treatment of depression.  

8.3.6 Long follow-up 

As identified in Chapter 2, the majority of RMT research in depression has short follow-up 

times. For Chapters 5 and 7, having a longitudinal study that captured participant data for an 

average of 7 months was highly beneficial. With this approach, I was able to assess the 

feasibility of RMT usage for an extended period of time, allowing me to draw conclusions about 

their engagement in the long term. This is highlighted by the finding that engagement dropped 

below 50% after 4 months, a follow-up time longer than the majority of RMT studies. Chapter 6 

benefited from the long follow-up by having multiple timepoints and therefore obtaining higher 

amounts of data per participant. 

8.3.7 Followed RADAR-CNS methods  

This thesis also benefited from using the RADAR-base platform originally developed as part of 

the RADAR-CNS programme (Ranjan et al., 2018). It used a tried and tested digital health 

platform and replicated processes for feature construction in order to standardise the findings, as 

suggested in my literature review in Chapter 2. By aligning aspects of my methodology with 

RADAR-CNS, I hope to lessen the heterogeneity of methods in the literature and move towards 

standardisation of feature construction. Additionally, my studies have drawn on the co-

production work that RADAR-CNS has carried out, incorporating the views of a patient advisory 

board comprised of people with lived experience of depression into the design of the study, the 

digital platform, the choice of device, and the interpretation of results (Polhemus et al., 2020; 

Simblett et al., 2020). 
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8.3.8 Reproducibility and transparency 

There are several steps I have taken in an attempt to improve the transparency and 

reproducibility of this thesis. Firstly, I published the research protocol before carrying out data 

analysis (Chapter 4). Second, I have created a GitHub repository 

(https://github.com/valeriadeangel/RAPIDstudy), where I share the (anonymised) data and code 

used in each of the analyses. Finally, this thesis has benefited from having four of its chapters 

undergo peer-review prior to being accepted for publication in high-impact journals (Chapters 2 

– 5). This means that I have been able to apply the valuable feedback from experts in the field to 

my current work. 

8.4 Limitations  

Despite the strengths of my approach, some limitations regarding the interpretation of results 

should be noted. 

8.4.1 Inference limitations 

Given that this is an observational study, any significant associations between variables should 

not be taken to indicate that these relationships are causal. Increased physical activity, for 

instance, may lead to improved mood through the release of endorphins (Dinas et al., 2011), or it 

could be a consequence of improved motivation and volition of an improved mood (Machaczek 

et al., 2018). Alternatively, it could be due to a third factor confounding the association between 

them; for example, stress brought about by work or caring responsibilities may increase the risk 

of depression and at the same time reduce the time available to exercise. Indeed, many of these 

behaviours are likely to be heavily intertwined and have bidirectional associations, which were 

beyond the scope of this thesis to investigate further (Alvaro et al., 2013; Azevedo Da Silva et 

al., 2012; Difrancesco et al., 2021). 

Additionally, a combination of regression to the mean and the independent effect of health 

tracking on improving health behaviours could pose a limitation to the inferences made in the 

longitudinal study. The use of the Fitbit enables people to keep track of their behaviour. This 

heightened health awareness brought about by continuous self-monitoring has been shown to 

result in favourable changes to health behaviours, such as increased exercise (Ferguson et al., 

2022). In addition to this, regression to the mean posits that, in phenomena with a cyclic nature, 

https://github.com/valeriadeangel/RAPIDstudy
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obtaining values at the extremes will result in subsequent values that are closer to the mean. In 

other words, a person with severe depression at baseline (an extreme score) will, through the 

natural fluctuation of depression, have a tendency towards reduced severity over time. The 

combination of these two factors provides an alternative explanation for the association between 

improved mood and increased health behaviours. Studies with a control condition would 

overcome this limitation. 

8.4.2 Confidence in behavioural ground truth 

A common limitation in research with RMTs is the accuracy with which they measure the 

behaviours that they claim to measure. For example, in Chapter 6, I found that total sleep time 

and time in bed had a correlation of ≈ 1, meaning that they were practically equivalent features. 

These features, in combination with other information, may be interpreted very differently. 

Having a total sleep time of 8 hours is different from being awake in bed for 8 hours. This 

limitation is compounded by the use of the Fitbit to gather data and generate features. Fitbit uses 

proprietary algorithms to generate the features that are subsequently used in the analysis, with no 

information on how they are calculated. This limitation adds to the noise and raises questions 

about the exact construct being assessed, making it more complicated to be confident in the 

clinical insights derived from sensor data. 

8.4.3 Generalisability 

Being a study that advertised itself as a study on digital health, it is possible volunteers self-

selected for digital literacy, where those with technology aversion declined to participate in the 

focus groups and longitudinal study, thereby depriving our results of a balanced view and a 

representative sample. This may be especially true for the longitudinal study, where people were 

required to own Android smartphones. Android users have been found to have different socio-

demographic characteristics (Pryss et al., 2019; Ubhi et al., 2017) and different passive feature 

usage patterns than iPhone users (Currey & Torous, 2022). However, this was mitigated by the 

fact that passive features were only obtained from the Fitbit wearable devices due to high 

smartphone-based missing data and by the finding that our sample demographics were 

representative of the IAPT population (Chapter 5). Additionally, few studies collect data from 

both operating systems, given the differences in app compatibility, permissions for data 

collection, and data collection sampling strategies between iOS and Android. Nevertheless, our 

findings may have limited generalisability to non-Android users and those with limited digital 
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literacy or who feel uncomfortable with digital tools. Using clinical health records to compare 

included vs. excluded samples could serve to elucidate whether these differences are reflected in 

clinical or sociodemographic characteristics.  

Generalisability in qualitative research 

Generalisability has been a controversial topic in qualitative research, especially for researchers 

more familiar with quantitative methods (Carminati, 2018). Despite being referred to as a 

limitation in the qualitative study in Chapter 3, this type of research method has a distinct aim 

that differs from quantitative research when it comes to generalisability. Rather than seeking to 

generalise findings to a broader population, qualitative research focuses on understanding and 

interpreting the complexities of a specific context or phenomenon (Leung, 2015). In this case, 

the implementation of remote measurement technologies within mental health services. The 

focus is on developing in-depth insights, examining the diversity of experiences, and capturing 

the participants' distinctive viewpoints. Therefore, the idea of transferability – the potential for 

findings to be applied to other contexts or settings – becomes more relevant than generalisability 

(Smith, 2018).  

In qualitative research, context plays a crucial role that must be understood and embraced 

because it shapes and affects the meanings and interpretations that are produced. Context 

provides the backdrop against which qualitative research is conducted and plays a crucial role in 

interpreting the data, but it also promotes reflexivity and allows for the acknowledgement of the 

role of researchers as active participants in the research process. 

8.4.4 Sample size for Aim 4  

For the feasibility purposes of this thesis, the longitudinal study sample had an adequate size. 

However, Chapters 6 and 7 would have benefited from the increased statistical power that a 

larger sample size could provide. Despite this, significant associations were found between 

digital features and depression, meaning that some of these effects are robust enough to appear in 

such sample sizes. Future studies should therefore attempt to replicate current findings on larger 

samples. 
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8.4.5 The COVID-19 pandemic 

Two weeks after obtaining all the required ethical approvals to commence data collection from 

the relevant health and research organisations, the COVID-19 pandemic led to a national 

lockdown. With every passing week, the gravity of the situation became clearer in that there was 

to be a massive adjustment within national healthcare services at every level to cope with the 

pandemic and an imposition of social distancing measures to reduce the spread of the disease. 

Our immediate concern was regarding the viability of the project: would I be able to access and 

enrol participants? Would psychological services continue to operate normally, receive referrals, 

and continue with existing treatments? and would they still be willing to collaborate with a 

research project? Concerns also arose regarding the timeframe and logistics of operating the 

study remotely, including delays in obtaining COVID-related amendments through ethical 

approval, remote enrolment, device and technology set-up for participants, and device delivery. 

Additionally, I was concerned about the way the pandemic would impact the scientific integrity 

and underlying behavioural assumptions operating in the study. I was therefore faced with the 

prospect of changing the focus of this thesis entirely. 

Although the execution and data collection of the study were impacted by the COVID-19 public 

health crisis in a number of ways, the following are three primary areas. First, a proportion of 

data collection happened during periods of time when there were government-imposed 

restrictions on movement and social proximity, which severely disrupted people's daily routines 

and behavioural patterns. Individual responses to government restrictions were likely to differ, 

which may have resulted in clearer signals for features less affected by government restrictions, 

such as sleep and speech features, compared to activity features. 

Second, the pandemic had a considerable impact on mental health worldwide (Pierce et al., 2020; 

Xiong et al., 2020), and it is likely that, given the unique mental health difficulties we faced in 

the wake of the pandemic, the profile of patients referred to psychological treatment, from which 

I derived the study sample, was different from that of patients before or after the pandemic.  

Third, the pandemic has driven the adoption of digital technology in many aspects of life, 

including healthcare. This is likely to have affected patient attitudes towards the use of 

monitoring technology. On the one hand, it may have made people more readily available to take 

up and participate in such studies, including people with lower confidence in their technology 

literacy (Hutchings, 2020). A potential repercussion of this is that I may have been able to recruit 

a more diverse sample. On the other hand, the extensive use of digital communications during 
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the initial stages of the pandemic could have led to technology fatigue (Anh et al., 2022), 

potentially impacting appetite for engaging with digital devices.   

A positive element of the forced move to remote recruitment and conducting of the study could 

be a reduction in attrition, as highlighted by participant accounts in Chapter 5, who found it 

easier to meet researchers remotely rather than having to travel. 

In the end, despite having to face one of the biggest global health and social challenges in recent 

history, I was able to modify the project to adapt to the circumstances, and while some of the 

considerations outlined above remain limitations of the study, it was ultimately successfully 

executed. This speaks to the flexibility and adaptability of digital approaches to health 

measurement.  

8.5 Implications 

8.5.1 Implications for future research 

Reproducibility and transparency 

My findings highlight the need for transparent and reproducible research. While this is true for 

every field of science, the digital health field has particular vulnerabilities due to the relative 

recency of the field, the fast pace at which technology is developed, and the large number of 

predictor variables that digital tools yield. In Chapter 2, I found an underreporting of key aspects 

of study methodology, and in Chapters 5-7 I found little evidence in previous studies from which 

to base my own methodological decisions, like missing data thresholds. These issues are partly 

due to the merging of two disciplines with different reporting standards: medicine and computer 

science.  

Additionally, digital tools generate a large number of predictor variables. It is therefore possible 

that published articles are over-selective of significant variables, and under-selective of those 

that yield no significant associations. Given the finding in Chapter 2 that there was an 

underreporting of variable selection and few pre-registered or pre-published protocols, this may 

therefore be a further potential threat to scientific rigour in the field. 

A lack of transparency in methodological decisions and consistency in feature construction 

hampers comparisons between studies, evaluation of the quality of published work, and the 

design of future studies. Future research is therefore strongly encouraged to follow the 



 

176  

  

recommendations set out in Chapter 2 regarding reporting standards, Doryab et al. (2019)’s 

framework for data processing and feature extraction, and standards of data and code sharing 

(Celi et al., 2019), and the widely encouraged pre-registration of research protocols and 

statistical analyses. 

Data integrity 

In large measure, the value of the digital health field comes from the vast amount of data it 

produces, but one of the drawbacks is that it is also likely to capture a lot of noise, making it 

challenging to parse out a weak signal. Issues with data integrity are therefore key 

considerations. 

Chapters 5 – 7 highlighted the relevance of missing data by demonstrating how engagement 

patterns differed when missing data was examined, and the inability to carry out analysis due to 

lack of data. Low data availability means that the features derived from passive data may lack 

accuracy and could lead to inaccurate interpretations. Future studies are therefore encouraged to 

consider levels of missing data, sources of missing data (e.g., whether it is related to the 

condition, individual differences, or device non-collection), to increase the sample size 

accordingly, and to promote engagement strategies such as personalised text messaging 

(Leightley et al., 2018).  

Future research should also look to establish the limits of an acceptable missing data rate before 

data integrity is compromised. Studies could, for example, carry out simulations on existing data 

by downsampling passive data rates to find the levels at which significant associations are lost 

due to missing data. Currey & Torous (2022) computed the reliability of the construction of 

passive data features depending on the amount of missing data per hour, i.e., the hourly sampling 

rate, and Sun et al., (2022) used this approach to calculate the acceptable number of missing days 

in a week. Although these findings have not yet been subjected to peer review, they provide a 

solid foundation for the direction the research should take. 

Causal relationships 

My findings have implications for future research that aims to establish causal relationships 

between behaviours and depression. Studies have found that associations between self-report and 

objective measures of behaviours such as sleep and physical activity are not always reliable (e.g., 

Dyrstad et al., 2014; Rezaie et al., 2018). To establish causality, well-controlled studies are 

needed with more robust outcome measures than self-report. Our findings on the feasibility and 
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validity of RMTs to obtain objective, multi-dimensional data that is able to detect changes at a 

granular level could replace the use of self-report and assist in making causal inferences between 

these variables. For example, Zhang et al. (2022), were able to predict future depression based 

on location features. Establishing such links will inform early clinical interventions and public 

health campaigns.  

Therapeutic alliance 

Given the importance of the therapeutic relationship in predicting treatment outcomes (Lambert 

& Barley, 2001) and the presence of this factor in our findings as a cause for concern (Chapter 

3), future research should aim to investigate the extent to which the therapeutic alliance is 

affected when using RMTs for depression treatment.  

Much of the work on therapeutic alliance in digital health has been on digital therapeutics, which 

is the use of software such as apps or online platforms to deliver psychological interventions. In 

this context, technology mediates the relationship between the patient and the therapy delivery 

agent. Studies on therapeutic alliance within digital therapeutics have found that people with 

mental illness develop and maintain strong bonds in online and app-delivered therapy (Tremain 

et al., 2020), even in the absence of a therapist (Clarke et al., 2016).  

Despite RMTs not being designed to deliver treatment but rather to provide complementary 

information, my findings indicate that concerns regarding its clinical reliability and the prospect 

that it could replace human-delivered treatment could impact the therapeutic relationship 

between the RMT user and their therapist. Future in-depth qualitative studies could help identify 

the ways in which RMTs can affect existing therapeutic relationships. They could investigate 

ways in which digital tools could help strengthen this relationship and evaluate any generational 

differences in such an effect. 

Co-production 

The current research in digital mental health is mostly data-driven and largely shaped by the 

research community and technology developers, with little input from individuals with mental 

health problems (Hollis et al., 2018). The patient and public involvement in the work for this 

thesis resulted in changes to the design and conduct that likely make any findings more relevant 

to people with depression. 

Publicly funded research should prioritise research questions that matter primarily to patients and 

their families, as their interests may differ from those of researchers. Prioritising user needs in 
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the development of digital technologies in mental health is thought to maximise their benefit, 

reduce risks, and improve acceptability (Bhugra et al., 2017). It is also likely to enhance the 

implementation of RMTs in healthcare (Manta et al., 2020). Suggestions for valuable co-

production – the collaboration between researchers and end-users of research – have stated that 

strategies to involve patients and other relevant stakeholders in research should come early in the 

design stage and be an iterative feedback process (Bucci et al., 2019).  

8.5.2 Clinical Implications  

Digital biomarkers of depression diagnosis 

One of the implications of this thesis is that digital tools can detect changes in digital features 

associated with depression severity. A key implication for identifying digital phenotypes of 

depression is the ability to develop the current understanding of the illness, how it affects people 

and ultimately be able to offer targeted treatments. Findings from Chapters 6 and 7 show that 

sleep features may be a reliable biomarker for depression severity. This type of linking and 

stratifying psychopathology based on biological variables has been found to be feasible; for 

example, hypothalamic-pituitary-adrenal (HPA)-axis function (Lamers et al., 2013) and 

functional neuroimaging (Drysdale et al., 2017) an differentiate between subtypes of depression. 

This stratification is further supported by the Research Domain Criteria (RDoC), a framework 

seeking to describe and link measurable behaviour with psychological and biological systems 

(Woody & Gibb, 2015). Our identified digital biomarkers of depression and outcome after 

treatment could serve as objective biobehavioural markers that the psychiatry field would benefit 

from. 

Digital biomarkers of and treatment prognosis 

Treatment for depression has been criticized for lacking specificity (Cohen & DeRubeis, 2018b) 

but using sensor-derived signals may help select and tailor therapy. Given that a large proportion 

of people do not respond to depression treatment (Cuijpers et al., 2020; NHS Digital, 2018), 

testing whether these digital profiles show a differential response to treatment would help 

clinical decision-making. If digital signals are found to be biomarkers of differential treatment 

response, they could be used to direct people to the treatment they would benefit from the most, 

saving time, resources, and prolonged suffering.  



 

179  

  

Treatment outcomes and targets 

Digital tools may provide alternative treatment outcome measures. RMTs produce a continuous 

stream of data, allowing us to incorporate multidimensional behavioural outcomes into treatment 

endpoints and allow for the evaluation of the trajectory of symptoms over time. This eliminates 

the need for dichotomous thresholds of treatment outcome (recovered vs. not recovered) based 

on self-reported symptom change at intermittent timepoints. 

In addition to a reduction in depressive symptom severity, using RMTs in the healthcare context 

would allow us to monitor other aspects of a patient's recovery. A key goal of treatment is to 

return patients to their pre-disorder level of well-being (Slofstra et al., 2019), including (as 

reported in Chapter 3), having a routine, completing tasks, and becoming socially active. By 

picking up on these behaviours, RMTs can provide more holistic and clinically meaningful 

outcomes that are relevant to patients.  

These digital measures could also be used as treatment targets. RMTs may help clinicians 

monitor and implement targets to improve health behaviours, such as sleep habits, a stable 

routine, or increased social behaviour. Considering the comorbidity of depression with other 

physical health conditions such as cardiovascular disease (Goldston & Baillie, 2008) and 

diabetes (Bădescu et al., 2016), and given that this exacerbates poor outcomes, clinicians may be 

particularly interested in using RMTs to increase physical activity targets (Aguilera et al., 2020; 

Ludwig et al., 2018).  

Monitoring risks 

My findings from Chapter 3 also suggest that remote monitoring may not be universally 

beneficial. People with health anxieties or those prone to demotivation after negative feedback 

may find feedback detrimental to their mental health.  Strategies for reducing the concerns over 

monitoring could include the ability to tailor device feedback to individual needs. Clinical use of 

RMTs should, in all cases, take into consideration the population it is aiming to reach and in 

which cases close monitoring is not recommended. 

8.5.3 Implementation into healthcare 

Studies have estimated that research evidence takes on average 17 years to reach clinical practice 

(Morris et al., 2011; Westfall et al., 2007), but crises like the COVID-19 pandemic have 

demonstrated the speed at which digitalisation can happen and the value it can bring. Several 
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clinicians interviewed in Chapter 3 reported already using digital health tracking in their 

practice, and in 2019, the UK NICE guidelines published an evidence framework for the use of 

digital health technologies in healthcare (NICE, 2019a). While successful implementation 

requires a complex, multi-faceted strategy to integrate new tools into a health system (J. S. 

Marwaha et al., 2022), the scaffold and appetite among key stakeholders are in place (Andrews et 

al., 2021). Below are some of the implementation considerations raised by this thesis, from a 

clinical perspective, obtained through the analysis of qualitative and quantitative work. 

Stakeholder involvement 

Chapter 3 discussed some of the stakeholder concerns that could act as barriers to 

implementation through stakeholder buy-in. While many of these concerns were shared by 

everyone, not all stakeholders raised the same issues. These findings highlight the importance of 

involving a range of stakeholders in the development of implementation guidelines. Despite the 

growing use of co-production, more work is needed for the integration of non-academic views 

into research (Jackson et al., 2020). The NICE Evidence Standards Framework for Digital Health 

Technologies, for example, included 83 people in its consultation process, only one of whom 

was identified as a patient, and none were carers (NICE, 2019b). Healthcare services should 

ensure that a variety of end-user views are included in any attempts to integrate digital devices 

into healthcare. 

Scale-up 

The large amount of missing data and high numbers of people contacted compared to those 

eventually recruited has implications for scale up of technology within healthcare settings 

(Chapter 5). The reduction in Fitbit engagement shows that there were some fatigue effects of 

using a wearable device, and therefore that, despite being widely described in the literature as 

‘unobtrusive’, there is some level of engagement required from participants. In principle, my 

findings showed that wearables would be more appropriate than smartphones for shorter-term 

monitoring (approximately 4 months), as data availability remains above the 50% mark for that 

time. However, given that wearables are more expensive to provide and existing smartphone 

users greatly outnumber wearable users (Laricchia, 2022a; Vailshery, 2021), a successful scale-

up may need to involve strong smartphone engagement techniques.   
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Digital divide 

The finding that engagement can be related to treatment length and intensity highlights the need 

to ensure those with more complex needs are not at risk of digital exclusion. People with more 

severe mental illness already face profound health inequalities (Public Health England, 2018), 

and while increasing the digitalization of mental health will undoubtedly benefit those able to 

engage with digital tools, there is a risk that the current divide will widen for those who are 

unable to do so. 

People with depression face distinct barriers to digital inclusion linked to their mental illness 

(Greer et al., 2019). Lower purchasing power associated with unemployment, for instance, can 

limit access to the necessary devices and infrastructure, while cognitive and motivational deficits 

may hinder device use or the learning process. My findings therefore emphasize the importance 

of addressing issues of acceptability, accessibility, and usability, such as those described in 

Chapter 3, prior to full implementation to prevent a broadening of the digital divide. Once 

implemented, healthcare services should facilitate digital engagement, for example by providing 

technical support or delivering accessible training programs. 

Interoperability 

My findings also underscore the need for interoperability. Data resulting from active and passive 

sensing is complex, and my findings show that clinicians are concerned about increased 

workload as a consequence of integrating additional sources of data into electronic health 

records (EHR) and the complexities of data management and feedback. This concern is broadly 

found in the digital psychiatry field (Shull, 2019; Torous, Andersson, et al., 2019) as well as 

primary care settings (Davis et al., 2014). 

 

For successful implementation, digital data should therefore work towards a seamless integration 

of digital, clinical, and personal information into a single platform, ideally with the existing EHR 

system, and make it easily accessible by patients, future therapists, and relevant people involved 

in the delivery of care. Also, data would need to be transformed into clinically useful 

visualizations that present insights in an easily interpretable format, thereby aiding clinicians in 

their patient management and decision-making. Finally, it would be necessary to equip clinicians 

with the necessary resources and training so they can manage and interpret data in a useful 

manner. 
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8.6 Final remarks 

There is genuine promise in RMTs to bring about radical change to the current understanding of 

disease and treatment and thus benefit individuals and society (Bhugra et al., 2017). The use of 

RMT for depression research inherently connects mental and physical health, and by doing so, 

seeks a more holistic approach to wellbeing. By putting health information back into the hands 

of users, it empowers them to take control of their health and encourages them to make their own 

decisions (Simblett et al., 2020) – a series of digital nudges that guide individuals toward better 

health.  

By attempting to reduce mental illness to small behavioural components, however, there is a risk 

of overemphasizing individual-level determinants of mental health. While it is possible that 

methods that quantify behaviour can estimate the severity of a condition that, by definition, 

influences our behaviour, they do not address well-known social determinants of mental illness, 

such as poverty, inequality, insecurity, and discrimination (Lund et al., 2018).  

RMTs produce heavily individualised data. A reliance on such data for the diagnosis, treatment, 

and management of depression implicitly puts the onus of achieving good health on the 

individual. While it is widely accepted that no real progress can happen without individualised 

approaches to understanding illness (Bickman et al., 2016), this should not distract from the fact 

that there are other socio-political forces at play.  

I hope that this thesis and similar work will, in some way, contribute to the relief of suffering 

brought about by depression and, through a better understanding of the illness, shed light on 

larger systemic issues affecting individual health. 

8.7 Conclusion  

Through the use of three different studies, the results of this thesis demonstrate the feasibility 

and acceptability of using digital health tools, such as smartphones and wearable devices, in the 

remote monitoring of depression. Whereas previous research is based on student and other 

community-based samples with short follow-up times, this thesis has benefited from researching 

RMT use in the context of independent psychological treatment within local services, long 

follow-up, and a mixed-methods design that has provided a deeper understanding of the 

associations between RMT engagement and depression. Additionally, I have been able to 

identify digital features that were linked to with depression severity, individual depression 
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symptoms, short-term depression change, and long-term depression changes associated with 

recovery or reliable improvement after treatment. The findings have important implications for 

data considerations in future research studies, the clinical use of digital biomarkers of depression 

and treatment prognosis, and the implementation of RMTs into healthcare. The advancement of 

digital sensor technologies will continue to revolutionise the way studies are conducted, enhance 

our understanding of the phenomenology of depression, and pave the way for timely treatments 

that are individualised and responsive. Future research in this field must address a variety of 

technical and ethical issues pertaining to the collection, processing, and analysis of data. 
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Appendix A – List of features 

 

Table AA1 shows a list of extracted features and their descriptions.  

RADAR-CNS features are features extracted by the RADAR-CNS teams and provided to me 

with their descriptions. A reduced selection of features were included in the RAPID study 

analyses, with the short names are provided. RADAR extracts passive features as daily 

estimates, whereas the RAPID study aggregates them weekly and calculates means and 

standard deviations across the weekly estimate. For example, RADAR-CNS activity 

FEATURE_001 is the number of sedentary minutes for a particular day, whereas RAPID study 

activity FEATURE_001 will have (1) the mean of the daily estimates of the number of minutes 

labelled “sedentary” across the week, and the (2) standard deviation of the daily estimates of 

the number of minutes labelled “sedentary” across the week. Speech is collected fortnightly so 

does not have daily estimates, RAPID study speech features do not have weekly mean and 

standard deviation values. Pitch and formant features have means and standard deviations of 

the relevant speech recording (this is highlighted with a * in the table).  

 

Data 

stream 

RADAR-CNS 

features 

Description RAPID study 

selected features 

Short name 

Activity     

 activity_day Number of days with available data   

 FEATURE_001 Number of minutes labelled 

"sedentary" along all day 

FEATURE_001_ 

Activity 

Sedentary 

time 

 FEATURE_002 Number of minutes labelled 

"lightly active" along all day 

FEATURE_002_ 

Activity 

Light 

activity 

 FEATURE_003 Number of minutes labelled "fairly 

active" along all day 

FEATURE_003_ 

Activity 

Moderate 

activity 

 FEATURE_004 Number of minutes labelled "very 

active" along all day 

FEATURE_004_ 

Activity 

Vigorous 

activity 

 FEATURE_005 Sum of calories per minute along 

all day (i.e., calories per day) 

  

 FEATURE_006 Mean of calories per minute along 

all day 

FEATURE_006_ 

Activity 

Daily 

calories 

 FEATURE_007 Standard deviation of calories per 

minute along all day 

  

 FEATURE_008 Maximum of calories per minute 

along all day 

  

 FEATURE_009 Number of minutes labelled 

"sedentary", averaged by hour 
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 FEATURE_010 Number of minutes labelled 

"lightly active", averaged by hour 

  

 FEATURE_011 Number of minutes labelled "fairly 

active", averaged by hour 

  

 FEATURE_012 Number of minutes labelled "very 

active", averaged by hour 

  

 FEATURE_013 Number of "active" minutes during 

nighttime (00:00-05:59) 

FEATURE_013_ 

Activity 

Nighttime 

activity 

 FEATURE_014 Number of "active" minutes during 

daytime (06:00-23:59) 

FEATURE_014_ 

Activity 

Daytime 

activity 

 FEATURE_015 Ratio of nighttime active minutes 

no. to daytime active minutes no. 

FEATURE_015_ 

Activity 

Night-to-

day ratio 

 FEATURE_016 No. of "active hours" along all day, 

i.e. hours with at least 30 mins of 

non-sedentary minutes 

  

 FEATURE_017 Maximum of the no. of minutes per 

hour labelled as "active" 

  

 FEATURE_018 Most active hour, i.e. hour at which 

the 17th feature occurred 

FEATURE_018_ 

Activity 

Most active 

hour 

 MISSING_RATE  Percentage of missing hours per 

day 

  

Heart 

Rate 

    

 hr_day Number of days with available data   

 MISSING_RATE Percentage of missing hours per 

day 

  

 FEATURE_001 Mean HR data computed on an 

hour basis across all day 

FEATURE_001_ 

HR 

Daily HR 

 FEATURE_002 Standard deviation of HR data 

computed on an hour basis across 

all day 

FEATURE_002_ 

HR 

Hourly SD 

 FEATURE_003 kewness ofHR data computed on an 

hour basis across all day 

  

 FEATURE_004 Kurtosis of HR data computed on 

an hour basis across all day 

  

 FEATURE_005 Difference between maximum and 

minimum values of hourly mean 

HR during the day. 

  

 FEATURE_006 Hourly mean HR data during the 

night (from 00:00 to 05:59) 

FEATURE_006_ 

HR 

Hourly 

nighttime 

HR  

 FEATURE_007 Maximum mean HR data computed 

on an hour basis across all day 

FEATURE_007_ 

HR 

Max. hourly 

HR 

 FEATURE_008 Minimum mean HR data computed 

on an hour basis across all day 

FEATURE_008_ 

HR 

Min. hourly 

HR 

 FEATURE_009 Difference between maximum and 

minimum values of hourly mean 

HR during the day divided by the 

FEATURE_009_ 

HR 

Range 

hourly HR 



 

 

 

 

mean of hourly mean HR during 

the night 

 FEATURE_010 Standard deviation of mean hourly 

HR data computed across all day 

FEATURE_010_ 

HR 

SD hourly 

HR 

 FEATURE_015 Maximum HR data across all day   

 FEATURE_016 Minimum HR data across all day   

 FEATURE_017 Mean HR data across all day   

 FEATURE_018 Standard deviation of HR data 

across all day 

  

 FEATURE_019 Difference between the maximum 

and minimum HR across all day 

  

 FEATURE_020 Mean HR during sedentary periods, 

identified by activity level = 

sedentary and number of steps = 0 

FEATURE_020_ 

HR 

Resting HR 

Sleep     

 sleep day Number of days with available data   

 total_sleep_time sum of all “non-awake” stages, in 

seconds 

total_sleep_time Total sleep 

time 

 time_in_bed sum of all detected stages 

(including awake stages), in 

seconds; interval between 

  

 light_pct Proportion of total time in bed 

spent in light sleep stage 

light_pct Light sleep 

 deep_pct Proportion of total time in bed 

spent in deep sleep stage 

deep_pct Deep sleep 

 REM_pct Proportion of total time in bed 

spent in REM (rapid eye 

movement) sleep stage 

REM_pct REM sleep 

 awake_pct Proportion of total time in bed 

spent awake 

awake_pct Awake 

 sleep_efficiency Exact onset time (in hours local 

time as decimal number, e.g., 22.5= 

10:30 p.m.) of sleep record, i.e., 

start of first “non-awake” stage 

sleep_onset Sleep onset 

 sleep_onset Exact offset time (in hours local 

time as decimal number, e.g., 7.25 

= 7:15 a.m.) of sleep record, i.e., 

end of last “non-awake” stage 

sleep_offset Sleep offset 

 sleep_offset Percentage of total sleep time to 

time in bed 

sleep_efficiency Sleep 

efficiency 

 awakenings Number of episodes in which the 

participant is awake for more than 5 

minutes 

awakenings Awakenings 

Steps     

 steps_day Number of days with available data   

 FEATURE_001 The total number of walked steps 

within the day 

FEATURE_001_ 

Steps 

Total daily 

steps 

 FEATURE_002 The 25th percentile of daily steps 

distribution 
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 FEATURE_003 The 50th percentile of daily steps 

distribution 

  

 FEATURE_004 The 75th percentile of daily steps 

distribution 

  

 FEATURE_005 Maximum of steps per minute 

along all day 

FEATURE_005_ 

Steps 

Max steps / 

min 

 FEATURE_006 Mean of steps per minute along all 

day 

FEATURE_006_ 

Steps 

Mean steps 

/ min 

 FEATURE_007 Standard deviation of steps per 

minute along all day 

FEATURE_007_ 

Steps 

SD steps / 

min 

 FEATURE_019 Sum of steps per minute during 

nighttime (00:00-05:59) 

FEATURE_019_ 

Steps 

Total night-

time steps  

 FEATURE_020 Mean steps per minute during 

nighttime (00:00-05:59) 

  

 FEATURE_022 Most active hour, i.e. hour at which 

the maximum of the hourly sum of 

steps occurred 

FEATURE_022_ 

Steps 

Most active 

hour 

 FEATURE_024 Hour at which the 25th percentile 

of daily steps distribution occurred 

  

 FEATURE_025 Hour at which the 50th percentile 

of daily steps distribution occurred 

  

 FEATURE_026 Hour at which the 75th percentile 

of daily steps distribution occurred 

  

Speech The below features were taken from both the scripted and the unscripted tasks. Suffixes being 

script_ or unscript_, respectively 

 DURATION Total length of file; i.e., 

pauses/silence and spoken content 

DURATION Recording 

Duration 

 PHONATION_ 

TIME 

Length of spoken content within 

the file 

PHONATION_ 

TIME 

Phonation 

Time 

 PHONATION_ 

RATIO 

Phonation Time divided 

by Recording Duration 

PHONATION_ 

RATIO 

Phonation 

Ratio 

 NUMBER_ 

SYLLABLES 

Number of syllables automatically 

identified within the file 

NUMBER_ 

SYLLABLES 

Number of 

Syllables 

 NUMBER_ 

PAUSES 

Number of pauses automatically 

identified within the file 

NUMBER_ 

PAUSES 

Number of 

Pauses 

 SPEAKING_ 

RATE 

Number of Syllables divided by 

Recording Duration 

SPEAKING_ 

RATE 

Speaking 

Rate 

 ARTICULATION_ 

RATE 

Number of Syllables divided by 

Phonation Time 

ARTICULATION_ 

RATE 

Articulation 

Rate 

 MEAN_LENGTH_ 

RUN 

Number of Syllables divided by the 

Number of Pauses 

MEAN_LENGTH_ 

RUN 

Mean 

Length Run 

 PAUSE_ 

FREQUENCY 

Number of Pauses divided by 

Recording Duration 

PAUSE_ 

FREQUENCY 

Pause Rate 

 AVE_SYLL_DUR Phonation Time divided by the 

Number of Syllables 

AVE_SYLL_DUR Average 

Syllable 

Duration 

 AVE_PAUSE_ 

DUR 

Length of all pauses in file divided 

by the Number of Pauses 

AVE_PAUSE_ 

DUR 

Average 

Pause 

Duration 



 

 

 

 

 PITCH* The auditory perception of tone 

within a speech signal 

PITCH* Pitch 

 INTENSITY Loudness of speech signal 

(measured in dB) 

INTENSITY Intensity 

 HNR The extent to which noise affects 

the harmonic structures in a voice 

signal 

HNR Harmonic 

to Noise 

Ratio 

 JITTER Variations in signal frequency 

caused by irregular vocal fold 

vibration. 

JITTER Jitter 

 SHIMMER Variations in signal frequency and 

amplitude caused by irregular vocal 

fold vibration. 

SHIMMER Shimmer 

 UNVOICED_ 

FRAMES_ 

FRACTION 

Fraction of speech frames produced 

where the vocal folds are not 

vibrating 

UNVOICED_ 

FRAMES_ 

FRACTION 

Fraction 

Unvoiced 

Frames 

 VOICE_BREAKS

_NUMBER 

Sudden abnormal shifts in pitch in a 

voice signal 

VOICE_BREAKS

_NUMBER 

Number of 

Voice 

Breaks 

 VOICE_BREAKS

_DEGREE 

The degree of these abnormal shifts VOICE_BREAKS

_DEGREE 

Degree of 

Voice 

Breaks 

 Speech formants* 

F1 and F2: 

Formants (F1 and F2) are the resonances of the vocal tract. They are 

determined by tongue placement and vocal tract shape. Differences in 

formants convey different speech sounds.   

 F1FREQUENCY A formant frequency (Hz) is the 

centre frequency of a particular 

resonance. Formants are numbered 

in increasing order of formant 

frequency. Mean F1 typically 

varies between 300 to 750 Hz, 

while mean F2 typically varies 

between 900 to 2300 Hz 

F1FREQUENCY F1 

Frequency 

(Mean) 

 F2FREQUENCY  F2FREQUENCY F2 

Frequency 

(Mean) 

 F1BANDWIDTH The formant bandwidth (Hz) is the 

difference in frequency between the 

two points either side of a formant 

frequency where the frequency 

amplitude has dropped by 3 

decibels 

F1BANDWIDTH F1 

Bandwidth 

(Mean) 

     

 F2BANDWIDTH  F2BANDWIDTH F2 

Bandwidth 

(Mean) 
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Appendix B – QIDS -SR-16 
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Appendix C – Associations between QIDS-SR and digital 

features 

 

A table showing the estimates for mixed linear models with participant-specific random intercepts 

showing the association between total QIDS-SR scores and digital features, adjusting for age and 

gender. The tables shows the features that significant showed statistically significant associations 

before adjusting for multiple comparisons (unadjusted p-values).  

  

FEATURES Short name Estimate 2.5 CI 97.5 CI 

Unadj. 

p-value 

Adj.  

p-value 

sleep_onset_mean Sleep onset (M) 0.442 0.266 0.627 0.000 0.000 

sleep_onset_std Sleep onset (SD) 0.414 0.199 0.635 0.000 0.006 

sleep_offset_mean Sleep offset (M) 0.424 0.253 0.598 0.000 0.000 

FEATURE_009_MEAN_HR Range hourly HR (M) -2.280 -4.322 -0.239 0.029 0.147 

FEATURE_010_MEAN_HR SD hourly HR (M) -0.160 -0.282 -0.038 0.010 0.084 

FEATURE_001_MEAN_STEP Total daily steps (M) 0.000 0.000 0.000 0.001 0.028 

FEATURE_005_MEAN_STEP Max steps / min (M) -0.011 -0.020 -0.003 0.006 0.052 

FEATURE_006_MEAN_STEP Mean steps / min (SD) -0.130 -0.212 -0.048 0.002 0.027 

FEATURE_007_MEAN_STEP SD steps / min (M) -0.069 -0.112 -0.027 0.002 0.027 

FEATURE_019_MEAN_STEP Total night-time steps (M) 0.001 0.000 0.002 0.002 0.029 

FEATURE_019_STD_STEP Total night-time steps (SD) 0.001 0.000 0.001 0.018 0.128 

EATURE_004_MEAN_ACTIVITY Vigorous activity (M) -0.026 -0.039 -0.014 0.000 0.002 

FEATURE_004_STD_ACTIVITY Vigorous activity (SD) -0.015 -0.028 -0.002 0.027 0.141 

FEATURE_013_MEAN_ACTIVITY Nighttime activity (M) 0.022 0.004 0.039 0.016 0.123 

FEATURE_014_MEAN_ACTIVITY Daytime activity (M) -0.004 -0.007 -0.001 0.003 0.040 

FEATURE_015_MEAN_ACTIVITY Night-to-day ratio (M) 1.376 0.216 2.543 0.021 0.124 

FEATURE_018_STD_ACTIVITY Most active hour (M) 0.107 0.004 0.212 0.044 0.176 

Script_DURATION Duration (scripted) 0.181 0.072 0.294 0.001 0.029 

script_PHONATION_TIME Phonation Ratio (scripted) 0.150 0.014 0.290 0.034 0.149 



 

 

 

 

script_SPEAKING_RATE Speaking rate (scripted) -0.685 -1.344 -0.049 0.038 0.164 

script_INTENSITY_MEAN Intensity (scripted) -0.092 -0.162 -0.023 0.010 0.082 

script_VOICE_BREAKS 

_NUMBER 

N voice breaks  

(scripted) 0.048 0.004 0.091 0.032 0.152 

script_VOICE_BREAKS 

_DEGREE 

Degree voice breaks  

(scripted) 0.058 0.009 0.105 0.019 0.125 

unscript_DURATION Duration (unscripted) 0.073 0.023 0.125 0.005 0.055 

unscript_PHONATION 

_TIME 

Phonation time  

(unscripted) 0.089 0.016 0.164 0.019 0.120 

unscript_NUMBER 

_SYLLABLES 

N. syllables  

(unscripted) 0.018 0.001 0.036 0.040 0.167 

unscript_NUMBER_PAUSES N. Pauses (unscripted) 0.137 0.015 0.265 0.032 0.147 

unscript_VOICE_BREAKS 

_NUMBER 

N voice breaks  

(unscripted) 0.024 0.001 0.047 0.046 0.177 

unscript_VOICE_BREAKS 

_DEGREE 

Degree voice breaks 

(unscripted) 0.036 0.005 0.068 0.024 0.139 

unscript_F1FREQUENCY 

_MEAN 

Format 1 – frequency (M) 

(unscripted) -0.006 -0.012 -0.001 0.026 0.140 

N. = number, M = mean, SD = standard deviation, CI = confidence intervals 

adj. = adjusted, unadj. = unadjusted     
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Appendix D – Correlation matrices 

 

Figure AD 1. Correlation plot showing cross correlations between the activity features 

  

 



 

 

 

 

Figure AD 2. Correlation plot showing cross correlations between the heart rate features
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Figure AD 3. Correlation plot showing cross correlations between the sleep features. 

 

  



 

 

 

 

Figure AD 4. Correlation plot showing cross correlations between the scripted speech features. 
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Figure AD 5. Correlation plot showing cross correlations between the unscripted speech features. 

 

  



 

 

 

 

Figure AD 6. Correlation plot showing cross correlations between the step features. 
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Appendix E – Severity change from a change in digital 

features 

 

Forest plots for the standardised regression estimates and 95% confidence intervals from linear 

mixed-effects models on the association between short-term change in PHQ-9 scores and change 

in each of the digital features as presented in Chapter 7 (Section 7.4).  
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Appendix F – Associations with outcomes after treatment 

 

Table AF1. Estimates and 95% confidence intervals from linear mixed-effects models on the 

association between reliable improvement and each of the digital features as presented in Chapter 

7 (Section 7.4). Sig. = significance values at p < 0.05. 

 

Outcome: Reliable Improvement 

Stage FEATURE Short name estimate p-value OR 2.5 CI 97.5 CI Sig. 

BASE TOTAL_SLEEP_TIME_MEAN Total sleep time -0.372 0.556 0.689 0.168 1.797  

BASE LIGHT_PCT_MEAN Light sleep (M) 0.667 0.124 1.948 0.901 5.569  

BASE LIGHT_PCT_STD Light sleep (SD) 0.290 0.478 1.337 0.575 3.133  

BASE DEEP_PCT_MEAN Deep sleep (M) -0.358 0.360 0.699 0.297 1.535  

BASE SLEEP_ONSET_MEAN Sleep onset (M) -0.275 0.515 0.759 0.321 1.757  

BASE SLEEP_ONSET_STD Sleep onset (SD) -0.155 0.709 0.857 0.323 1.814  

BASE SLEEP_OFFSET_MEAN Sleep offset (M) -0.113 0.800 0.893 0.360 2.163  

BASE AWAKENINGS_STD Awakenings (SD) -0.012 0.979 0.988 0.287 2.084  

BASE FEATURE_010_STD_HR SD hourly heart rate (SD) -0.450 0.439 0.638 0.155 1.645  

BASE FEATURE_001_MEAN_STEP Total daily steps (M) -0.127 0.754 0.880 0.390 2.012  

BASE FEATURE_006_MEAN_STEP Mean steps / min (M) -0.381 0.444 0.683 0.214 1.571  

BASE FEATURE_007_MEAN_STEP SD steps / min (M) -0.264 0.515 0.768 0.339 1.730  

BASE FEATURE_019_MEAN_STEP Total night-time steps (M) -0.573 0.404 0.564 0.107 1.592  

BASE FEATURE_004_MEAN_ACTIVITY Vigorous activity (M) -0.783 0.185 0.457 0.118 1.245  

BASE FEATURE_014_MEAN_ACTIVITY Daytime activity (M) 0.275 0.505 1.317 0.599 3.148  

BASE scr_DURATION Duration (scr) 1.118 0.151 3.059 0.723 17.199  

BASE scr_PITCH_MEAN Pitch (M) (scr) -0.100 0.841 0.905 0.319 2.434  

BASE unscr_DURATION Duration (unscr) -0.114 0.832 0.892 0.273 2.408  

BASE unscr_SPEAKING_RATE Speaking rate (unscr) -0.617 0.229 0.540 0.163 1.347  
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BASE unscr_ARTICULATION_RATE Articulation rate (unscr) -0.001 0.998 0.999 0.473 2.089  

BASE unscr_INTENSITY_MEAN Intensity (M) (unscr) -0.352 0.443 0.703 0.255 1.662  

BASE unscr_JITTER Jitter (unscr) 0.738 0.224 2.091 0.817 8.718  

MID TOTAL_SLEEP_TIME_MEAN Total sleep time 0.247 0.566 1.281 0.535 3.048  

MID LIGHT_PCT_MEAN Light sleep (M) -0.827 0.115 0.437 0.130 1.083  

MID LIGHT_PCT_STD Light sleep (SD) 0.423 0.286 1.527 0.706 3.674  

MID DEEP_PCT_MEAN Deep sleep (M) 0.373 0.432 1.453 0.617 4.178  

MID SLEEP_ONSET_MEAN Sleep onset (M) -0.104 0.819 0.901 0.307 2.022  

MID SLEEP_ONSET_STD Sleep onset (SD) 0.606 0.203 1.833 0.778 5.055  

MID SLEEP_OFFSET_MEAN Sleep offset (M) -0.522 0.336 0.593 0.161 1.449  

MID AWAKENINGS_STD Awakenings (SD) 0.249 0.558 1.282 0.567 3.119  

MID FEATURE_010_STD_HR SD hourly heart rate (SD) -0.028 0.950 0.973 0.401 2.379  

MID FEATURE_001_MEAN_STEP Total daily steps (M) 0.155 0.710 1.168 0.516 2.768  

MID FEATURE_006_MEAN_STEP Mean steps / min (M) 0.260 0.551 1.297 0.577 3.305  

MID FEATURE_007_MEAN_STEP SD steps / min (M) 0.347 0.451 1.415 0.610 3.826  

MID FEATURE_019_MEAN_STEP Total night-time steps (M) 0.130 0.757 1.138 0.478 2.602  

MID FEATURE_004_MEAN_ACTIVITY Vigorous activity (M) 0.134 0.734 1.144 0.473 2.479  

MID FEATURE_014_MEAN_ACTIVITY Daytime activity (M) -0.277 0.482 0.758 0.337 1.705  

MID scr_DURATION Duration (scr) -1.543 0.280 0.214 0.006 1.866  

MID scr_PITCH_MEAN Pitch (M) (scr) -0.237 0.642 0.789 0.267 2.314  

MID unscr_DURATION Duration (unscr) NA NA NA NA NA  

MID unscr_SPEAKING_RATE Speaking rate (unscr) NA NA NA NA NA  

MID unscr_ARTICULATION_RATE Articulation rate (unscr) NA NA NA NA NA  

MID unscr_INTENSITY_MEAN Intensity (M) (unscr) NA NA NA NA NA  

MID unscr_JITTER Jitter (unscr) NA NA NA NA NA  

END TOTAL_SLEEP_TIME_MEAN Total sleep time 0.473 0.471 1.605 0.598 7.157  

END LIGHT_PCT_MEAN Light sleep (M) -0.200 0.613 0.819 0.346 1.795  
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END LIGHT_PCT_STD Light sleep (SD) -0.420 0.343 0.657 0.258 1.526  

END DEEP_PCT_MEAN Deep sleep (M) 0.389 0.415 1.476 0.628 4.287  

END SLEEP_ONSET_MEAN Sleep onset (M) -1.494 0.055 0.224 0.036 0.815  

END SLEEP_ONSET_STD Sleep onset (SD) -0.089 0.819 0.915 0.411 1.999  

END SLEEP_OFFSET_MEAN Sleep offset (M) -1.092 0.047 0.335 0.093 0.871 * 

END AWAKENINGS_STD Awakenings (SD) -0.064 0.880 0.938 0.425 2.522  

END FEATURE_010_STD_HR SD hourly heart rate (SD) -0.204 0.637 0.815 0.341 1.995  

END FEATURE_001_MEAN_STEP Total daily steps (M) 0.563 0.180 1.756 0.783 4.299  

END FEATURE_006_MEAN_STEP Mean steps / min (M) 1.093 0.116 2.983 0.931 13.993  

END FEATURE_007_MEAN_STEP SD steps / min (M) 1.056 0.049 2.875 1.115 9.592 * 

END FEATURE_019_MEAN_STEP Total night-time steps (M) 0.002 0.996 1.002 0.455 2.583  

END FEATURE_004_MEAN_ACTIVITY Vigorous activity (M) 0.024 0.955 1.024 0.436 2.482  

END FEATURE_014_MEAN_ACTIVITY Daytime activity (M) -0.191 0.676 0.826 0.303 1.916  

END scr_DURATION Duration (scr) -1.300 0.106 0.273 0.037 1.030  

END scr_PITCH_MEAN Pitch (M) (scr) 0.431 0.453 1.539 0.532 5.791  

END unscr_DURATION Duration (unscr) NA NA NA NA NA  

END unscr_SPEAKING_RATE Speaking rate (unscr) NA NA NA NA NA  

END unscr_ARTICULATION_RATE Articulation rate (unscr) NA NA NA NA NA  

END unscr_INTENSITY_MEAN Intensity (M) (unscr) NA NA NA NA NA  

END unscr_JITTER Jitter (unscr) NA NA NA NA NA  

 Sig. = significance at level p < 0.05, OR = odds ratio, CI = confidence intervals, 

M = mean, SD = standard deviation, scr = scripted, unscr = unscripted    
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Table AF2. Estimates and 95% confidence intervals from linear mixed-effects models on the 

association between recovery and each of the digital features as presented in Chapter 7 (Section 

7.4). Sig. = significance values at p < 0.05. 

 

Outcome: Recovery 

Stage FEATURE Short name estimate p-value OR 2.5 CI 97.5 CI Sig. 

BASE TOTAL_SLEEP_TIME_MEAN Total sleep time -0.584 0.558 0.162 1.276 0.274  

BASE LIGHT_PCT_MEAN Light sleep (M) -0.025 0.975 0.448 1.935 0.942  

BASE LIGHT_PCT_STD Light sleep (SD) -0.061 0.941 0.410 1.960 0.873  

BASE DEEP_PCT_MEAN Deep sleep (M) 0.329 1.390 0.681 3.362 0.410  

BASE SLEEP_ONSET_MEAN Sleep onset (M) -0.136 0.873 0.410 1.803 0.712  

BASE SLEEP_ONSET_STD Sleep onset (SD) -0.062 0.940 0.468 1.857 0.853  

BASE SLEEP_OFFSET_MEAN Sleep offset (M) -0.208 0.812 0.368 1.677 0.581  

BASE AWAKENINGS_STD Awakenings (SD) 0.041 1.042 0.489 2.161 0.903  

BASE FEATURE_010_STD_HR SD hourly heart rate (SD) 0.134 1.143 0.542 2.406 0.713  

BASE FEATURE_001_MEAN_STEP Total daily steps (M) 0.153 1.166 0.586 2.369 0.659  

BASE FEATURE_006_MEAN_STEP Mean steps / min (M) 0.203 1.225 0.622 2.787 0.577  

BASE FEATURE_007_MEAN_STEP SD steps / min (M) 0.341 1.407 0.708 3.016 0.343  

BASE FEATURE_019_MEAN_STEP Total night-time steps (M) -0.237 0.789 0.324 1.608 0.540  

BASE FEATURE_004_MEAN_ACTIVITY Vigorous activity (M) -0.111 0.895 0.400 1.863 0.770  

BASE FEATURE_014_MEAN_ACTIVITY Daytime activity (M) 0.441 1.555 0.779 3.478 0.236  

BASE scr_DURATION Duration (scr) 0.563 1.757 0.598 5.827 0.319  

BASE scr_PITCH_MEAN Pitch (M) (scr) -0.133 0.876 0.356 2.226 0.769  

BASE unscr_DURATION Duration (unscr) 0.029 1.029 0.470 2.293 0.941  

BASE unscr_SPEAKING_RATE Speaking rate (unscr) -1.280 0.278 0.073 0.758 0.029 * 

BASE unscr_ARTICULATION_RATE Articulation rate (unscr) -1.047 0.351 0.104 0.901 0.054  

BASE unscr_INTENSITY_MEAN Intensity (M) (unscr) -0.303 0.739 0.312 1.571 0.447  
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BASE unscr_JITTER Jitter (unscr) 0.770 2.159 0.784 7.780 0.192  

MID TOTAL_SLEEP_TIME_MEAN Total sleep time 0.099 1.105 0.535 2.290 0.782  

MID LIGHT_PCT_MEAN Light sleep (M) -0.125 0.882 0.432 1.731 0.715  

MID LIGHT_PCT_STD Light sleep (SD) 0.089 1.093 0.554 2.237 0.794  

MID DEEP_PCT_MEAN Deep sleep (M) -0.193 0.824 0.398 1.655 0.584  

MID SLEEP_ONSET_MEAN Sleep onset (M) -0.040 0.961 0.453 2.034 0.911  

MID SLEEP_ONSET_STD Sleep onset (SD) 0.883 2.418 1.011 9.418 0.105  

MID SLEEP_OFFSET_MEAN Sleep offset (M) -0.136 0.873 0.402 1.735 0.700  

MID AWAKENINGS_STD Awakenings (SD) -0.285 0.752 0.349 1.479 0.422  

MID FEATURE_010_STD_HR SD hourly heart rate (SD) -0.820 0.441 0.154 0.960 0.068  

MID FEATURE_001_MEAN_STEP Total daily steps (M) 0.249 1.283 0.641 2.879 0.500  

MID FEATURE_006_MEAN_STEP Mean steps / min (M) 0.119 1.127 0.569 2.326 0.730  

MID FEATURE_007_MEAN_STEP SD steps / min (M) 0.141 1.151 0.569 2.518 0.700  

MID FEATURE_019_MEAN_STEP Total night-time steps (M) 0.661 1.936 0.929 4.988 0.111  

MID FEATURE_004_MEAN_ACTIVITY Vigorous activity (M) -0.153 0.858 0.389 1.701 0.670  

MID FEATURE_014_MEAN_ACTIVITY Daytime activity (M) -0.265 0.767 0.365 1.527 0.447  

MID scr_DURATION Duration (scr) 0.207 1.230 0.249 6.470 0.785  

MID scr_PITCH_MEAN Pitch (M) (scr) -0.657 0.518 0.112 1.540 0.306  

MID unscr_DURATION Duration (unscr) -2.324 0.098 0.003 0.854 0.081  

MID unscr_SPEAKING_RATE Speaking rate (unscr) 0.909 2.483 0.714 12.242 0.189  

MID unscr_ARTICULATION_RATE Articulation rate (unscr) 2.073 7.949 1.326 303.520 0.101  

MID unscr_INTENSITY_MEAN Intensity (M) (unscr) 0.629 1.875 0.603 8.477 0.318  

MID unscr_JITTER Jitter (unscr) -0.401 0.670 0.172 1.933 0.478  

END TOTAL_SLEEP_TIME_MEAN Total sleep time 0.611 1.842 0.803 6.342 0.252  

END LIGHT_PCT_MEAN Light sleep (M) -0.050 0.951 0.461 1.931 0.886  

END LIGHT_PCT_STD Light sleep (SD) -0.137 0.872 0.422 1.808 0.704  

END DEEP_PCT_MEAN Deep sleep (M) 0.195 1.215 0.603 2.603 0.592  
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END SLEEP_ONSET_MEAN Sleep onset (M) -0.212 0.809 0.385 1.636 0.542  

END SLEEP_ONSET_STD Sleep onset (SD) 0.074 1.077 0.526 2.232 0.833  

END SLEEP_OFFSET_MEAN Sleep offset (M) -0.251 0.778 0.368 1.551 0.475  

END AWAKENINGS_STD Awakenings (SD) -0.053 0.949 0.461 2.000 0.878  

END FEATURE_010_STD_HR SD hourly heart rate (SD) -1.336 0.263 0.065 0.687 0.022 * 

END FEATURE_001_MEAN_STEP Total daily steps (M) -0.145 0.865 0.429 1.696 0.671  

END FEATURE_006_MEAN_STEP Mean steps / min (M) -0.310 0.733 0.288 1.476 0.438  

END FEATURE_007_MEAN_STEP SD steps / min (M) -0.222 0.801 0.395 1.558 0.516  

END FEATURE_019_MEAN_STEP Total night-time steps (M) -0.003 0.997 0.492 2.009 0.992  

END FEATURE_004_MEAN_ACTIVITY Vigorous activity (M) -0.824 0.439 0.169 0.929 0.051  

END FEATURE_014_MEAN_ACTIVITY Daytime activity (M) -0.576 0.562 0.242 1.141 0.131  

END scr_DURATION Duration (scr) 0.007 1.008 0.373 2.584 0.987  

END scr_PITCH_MEAN Pitch (M) (scr) 0.231 1.260 0.463 3.681 0.647  

END unscr_DURATION Duration (unscr) -4.587 0.010 0.000 0.360 0.128  

END unscr_SPEAKING_RATE Speaking rate (unscr) 0.011 1.011 0.330 3.089 0.984  

END unscr_ARTICULATION_RATE Articulation rate (unscr) 0.533 1.704 0.571 7.667 0.376  

END unscr_INTENSITY_MEAN Intensity (M) (unscr) 0.196 1.216 0.410 4.148 0.723  

END unscr_JITTER Jitter (unscr) -2.251 0.105 0.002 0.852 0.150  

Sig. = significance at level p < 0.05, OR = odds ratio, CI = confidence intervals, 

M = mean, SD = standard deviation, scr = scripted, unscr = unscripted 


