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Abstract 
In the world of pervasive mobile technology, it is inevitable that novel technological solutions 

have been leveraged to understand symptoms of bipolar disorder (BD). Increasingly, these 

technologies use a combination of passive and active sensing techniques. BD is a complex 

condition where the sense of self is consistently in “flux”. There are questions of how much this 

sense of self is currently reflected in self-tracking technology for BD. Upon investigating this, we 

found that user involvement in self-tracking technology is variable, where high-level 

involvement is seldom seen in the literature. Furthermore, this technology is being developed 

without reference to clinical guidelines, best practice principles and with a lack of high-quality 

research evidence. Using a combination of participatory design methods from healthcare and 

human-computer interaction, the overall aim of this doctoral research is to bring the user’s 

personal and lived experience of BD to the forefront in order to design and assess a mobile self-

tracking tool which uses passive and active sensing techniques to understand early warning signs 

(EWS) in BD – a clinically validated framework in understanding relapse. The research was 

organised into three work packages: Concept Generation and Ideation, Prototype Design and 

Deployment and Evaluation. In the first work package, the everyday practices of self-tracking 

were explored in two user-led workshops (n=18 users). The findings revealed a high degree of 

complexity and individual variability in self-tracking where over 50 methods of tracking were 

described. In the next phase, the findings were built upon using follow up interviews (n=10) to 

guide the redesign of a self-tracking tool to be closely aligned to users’ needs and preferences. 

During the Evaluation phase, the final prototype was enrolled for a 6-month beta test in a real-

world context with eight users. The findings revealed that the tool was useful in understanding 

EWS from both a subjective (i.e., user led) and statistical viewpoint. Frequencies in the passive 

data were connected to EWS via the active data, however, there were inconsistencies in how 

users interpreted the data compared to our statistical analysis − proving that “no one size fits 

all” in technology for BD. Overall, the tool was demonstrated good usability and acceptability 

from users, with constructive suggestions for improvement. 
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Chapter 1: Introduction 
Chapter summary  

▪ Bipolar disorder (BD) is a complex and serious mental health condition. The 

process of self-tracking has been proven to be helpful in bipolar disorder, and it 

makes experiences comparable provides insights in mood changes over time. 

▪ With the advent of pervasive technology, novel technological solutions have been 

leveraged to promote self-tracking, often using a combination of active and 

passive tracking to tackle the inherent challenges of self-tracking in this condition.  

▪ There are overarching gaps and limitations within current literature in the domain 

of self-tracking and BD in relation to user involvement, design, clinical and 

development guidelines as well as questions as to what constitutes best practice 

in this intersection between healthcare and technology.  

▪ The current works aims to contribute towards the literature for self-tracking 

technology using a combination of passive and active sensing methods to provide 

insight into relapse of BD, focusing on early warning signs which have clinical 

validity in prevention.  

▪ The overall aim of this doctoral work is to bring user’s personal and lived 

experience of BD to the forefront in order to design and assess to assess a mobile 

self-tracking tool which uses passive and active sensing techniques to understand 

EWS for relapse for those with BD. 

1.1. Background and motivation 

 

Bipolar disorder is a complex, cyclical and serious mental health condition which is 

recognised as being in the top 20 causes of disability worldwide (Ferrari et al., 2016). 

People with BD experience extreme mood shifts between depression and mania. 

Depression is characterised by feeling low and lethargic, whereas mania is defined by 

feeling very high and overactive (Overview - Bipolar Disorder, 2021). Long-term 

monitoring of BD, particularly by self-tracking behaviours and symptoms is central to 

managing this condition, and the foundation of proven psychological therapy for BD such 
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as psychoeducation (Kendall et al., 2014; Morriss et al., 2016). The process of self-tracking 

has shown to have dramatic effects for people with BD, making experience relatable and 

comparable, and providing insights into mood changes over time. In her book, Emily 

Martin describes some of the underlying mechanisms of self-tracking practices. She states 

that many people are encouraged to keep a "mood chart" and the process of filling one 

out, a small act of discipline, can have dramatic effects for people, as by assigning a mood 

a name or number can make experiences comparable and understand changes over time 

(E. Martin, 2009). Early Warning Signs (EWS) often referred to as “relapse signatures” are 

a set of 63 unique symptoms and signs that arise 2-4 weeks before relapse to either mania 

or depression have been proven useful to self-track. Understanding EWS by self-tracking 

has proven clinical validity such as improve time to episode, decrease percentage of 

hospitalisation and improve functioning (Lobban et al., 2011).  

Unfortunately, the very nature of BD poses issues in self-tracking. Previous research 

suggests that personal insight for people living with this condition is often dependent on 

emotional state and most impacted during mania when self-assessment is often 

erroneous (Goodwin & Jamison, 2007). The lifelong nature of this condition coupled with 

extreme mood changes make self-tracking problematic, as subjective recall is difficult 

during affective episodes where insight is likely to be limited. The difficultly with manual 

tracking has been acknowledged in the literature and opened a pathway to more 

automated self-tracking approaches. These approaches have the potential to passively 

monitor behaviour, detect changes in mood and to provide feedback about EWS 

(Murnane et al., 2016), with minimal input from the user. Research suggests that 

individuals are open to technology that automatically collects data in the background and 

many have used wearables to track factors such as sleep, activity and heart rate in order 

to support the understanding how these behaviours impact their mood (Matthews, 

Murnane, & Snyder, 2017a).  

In the advent of pervasive mobile technology, it is inevitable that novel technological 

solutions have been leveraged to understand symptoms of BD. Increasingly, these 

technologies use a combination of active and passive sensing techniques to understand 
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the condition. The active aspect of these technologies still relies on self-input of data 

about mood and wellbeing. However, passive sensing techniques objectively and 

automatically collect daily data to reflect behavioural activities. There is a growing body 

of research in smartphone sensing methods such as capturing the number of text 

messages (Beiwinkel et al., 2016; Faurholt-Jepsen et al., 2015; Puiatti et al., 2011), phone 

calls (Faurholt-Jepsen et al., 2015; Gruenerbl et al., 2014), emails  (Puiatti et al., 2011), 

GPS data (Gruenerbl et al., 2014; Osmani et al., 2015a), voice features (Gideon et al., 2016; 

Karam et al., 2014a; Maxhuni et al., 2016; Muaremi et al., 2014; Vanello et al., 2012), 

accelerometer data (Bardram et al., n.d.-a; Garcia-Ceja et al., 2018; Vanello et al., 2012), 

and app usage (Alvarez-lozano et al., 2014a) and exploring their utility for promoting self-

tracking in BD, particularly in understanding severity of symptoms. In this way, objective 

behavioural data can be collected automatically, in the background, without the need for 

user input minimising the level of obtrusiveness and user burden (Faurholt-Jepsen et al., 

2018).  

However, there are questions whether the innovative developments in this field are being 

mindful of the holistic experience of the user living with this condition. The very nature of 

the condition means that users are living with essentially two contrasting psychiatric 

conditions, and their sense of self is consistently in “flux”. The experiences of the 

condition are fraught with created experiences of confusion, contradiction and self-doubt 

which impinges on the ability to establish continuity in their sense of self (Inder et al., 

2008). The lives of those are unfortunately characterized by disruption and discontinuity 

and by definitions of the self that are external and based on their illness. The complex 

nature of the self must be understood when considering self-tracking technology. When 

examining the current literature for self-tracking technology, a number of overarching 

gaps and limitations were found which will be addressed in this research:  

A) Currently the sense of self is not understood as users are not being involved in the 

design and evaluation of self-tracking technology for BD, despite recommendations of 

involvement (Majid et al., 2021; Sanches et al., 2019). This may explain why individual 
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variability of illness expereince was concluded as not being considered in a recent 

review of current self-tracking technology for BD (Ortiz et al, 2021) 

This was also reflected in another large review of the past decade on HCI and affective 

health (including BD) which found that out of 76 studies involved, only 16 studies 

reported clinical evaluations which was descried as those users who use mental health 

services or who meet the formal criteria for a specific mental health problem (Sanches 

et al., 2019). This finding specifically to BD was recently replicated in a recent review 

by Majid et al (2021) who found variable user involvement in the design of self-

tracking technology for BD, often falling towards the lower end of the spectrum of 

involvement.  

B) There is an apparent issues when it comes to the design of self-tracking technology. 

The current app marketplace is fraught with unmet needs as indicated by the number 

of user wish lists requests, a lack of adherence to clinical guidelines and best practice 

principles (Nicholas et al., 2017a), lack of supporting feasibility and efficacy studies 

and in some cases misleading and harmful content (Lagan et al., 2020) 

C) When exploring best practice principles of self-tracking technology, which essentially 

sits at the intersection of healthcare and technology, there are suggestions that 

methods of user involvements should be drawn from these distinct yet overlapping 

disciplines (Majid et al., 2021; Sanches et al., 2019). For example patient and public 

involvement (PPI) is a method of involvement in healthcare, whereas in technology 

there is an established vocabulary of involvement as seen in the field of human-

computer interaction (HCI) (Baumer, 2015). The hybridisation of these methods is 

described as useful in the complex exploration of users’ needs, preferences and 

individual variability (Majid et al, 2021) 

This research aims to tackle the aforementioned limitations to design and develop a self-

tracking tool for BD which using a combination of active and passive techniques to 

understand EWS – a proven clinical framework to understand relapse in BD (Lobban et al., 

2011). By being a proven clinical framework, this responds to limitation B in relation to 

the lack of clinical guidelines currently seen in BD mobile apps (Nicholas et al, 2017a). As 
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to response to limitation A, the design and evaluation of this tool will closely involve users 

who have lived experience of BD. To respond to limitation C, the research will combine 

participatory methods seen in HCI and PPI to involve and empower users in these 

processes, and to ensure the technology reflects user’s needs, preferences and individual 

variability. The self-tracking tool will be enrolled for field testing with users with lived 

experience of BD to explore usability and acceptability of this tool in a real-world context. 

The gathering of research data from field testing responds to limitation B in relation to 

lack of feasibility and efficacy studies (Lagan et al., 2020). The research process will be 

closely designed to integrate the 7 best practice recommendations for the design and 

evaluation of self-tracking technology for BD as outlined by Majid et al (2021) and outlined 

in Table 1. 
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Table 1 Best practice recommendations for the design and evaluation of self-tracking technology for BD (Majid et al, 
2021) 

 

As user involvement is a key topic investigated in this doctoral work, the process of this 

research will be organised according to the user-centred design process which is typically 

outlined as an iterative process through various phases of design such as concept 

generation and ideation, prototype design and deployment, evaluation and deployment. 

The process of which is outlined in Figure 2. UCD is not a research methodology but a 

framework that can contribute to the research which allows us to explore the design 

space, generate requirements, identify design challenges and tensions, and allow us to 

understand the potential use and usefulness of new types of systems. As these are the 

main premise of the thesis, the chapters of this doctoral work will be organised according 

1. Involve users in all stages of design and evaluation, including concept generation 
and ideation, prototype design and deployment, and evaluation stages with the 
goal of creating user empathy and empowerment. This process should have an 
adequate number of users to welcome diversity in thought. Equal 
representation is also a crucial consideration that needs to be considered when 
recruiting users. 

2. Ensure early involvement as this will be cost-effective in the long run (avoid 
redesign and problems with use and implementation in the later stages). 

3. Combine principles of PPI and HCI to not only have users to assist in designing 
technology but also in designing and running research (eg, users cofacilitating 
design workshops) and use end-to-end user involvement. 

4. For academic and industry sectors to establish better mechanisms to access 
target user groups with lived experience of mental health issues, for example, 
by building relationships with existing patient-directed organizations such as 
charities and patient-led community groups. 

5. Increase awareness of HCI and design communities in PPI principles and 
practices and increase awareness of PPI community in HCI and design methods 
or skills. 

6. Encourage use and mixing of formal scientific or design methods with informal 
experiential and empathic practices to capture richness in understanding the 
dynamic requirements of technology users, which are cognizant of use in 
context. 

7. Keep the user informed at all stages of the process, including final outcomes, 
future use, and next steps, which are often forgotten about 
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to this framework and associated aims and objectives will be outlined in the subsequent 

section. 

 

Figure 1 User-centred design process from McCurdie et al (2012) 

The findings of this research aim to promote the understanding of one’s own individual 

signs of BD through close monitoring of one’s moods, activities, warning signs and 

behavioural patterns which has been described as a key aspect of staying well (Johansson 

& Werbart, 2020). The key contributions of this thesis are in relation to bringing users 

perspectives to the forefront as the research will be the first of its kind in applying a 

hybridised methodology of HCI and PPI to explore self-tracking in BD, considering best 

practice principles. As applying this hybridised methodology of HCI and PPI is novel and 
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complex, a personal reflexive account of the researchers personal expereince will be 

another key finding of this research.  

1.2. Research aims, objectives and questions. 

The overall aim of this doctoral work is to bring user’s personal and lived experience of 

BD to the forefront in order to design and assess to assess a mobile self-tracking tool 

which uses passive and active sensing techniques to understand EWS for relapse for those 

with BD. The research process of this doctoral work will be organised according to the 

user-centred design framework outlined in Figure 1 as this framework can contribute 

towards the research by enabling us to explore a design space, generate requirements, 

identify design challenges, and better understand the potential use and usefulness of this 

tool. The chapters of the thesis will be organised according to the different phases of the 

design specifically Concept Generation and Ideation, Prototype Design and Deployment 

and Evaluation   

1.2.1. Concept Generation and Ideation 

1.2.1.1. Aims and Objectives:   

To combine principles of HCI and PPI to explore real-life self-tracking practices for those 

with lived experience of BD and relate this to the design of self-tracking technology. 

Specifically, the reasons, methods and challenges of self-tracking will be explored, as well 

as opportunities for technology.  

1.2.1.2. Research Questions: 

RQ1: What are the reasons and methods for self-tracking in those with BD? 

RQ2: What are the challenges and opportunities for self-tracking technology for BD? 

RQ3: How does using this hybridised approach of HCI and PPI impact the findings of this 

research? 

The findings from these research questions aim to inform the design of mobile self-

tracking apps for BD in general.  
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1.2.2. Prototype Design and Development  

1.2.2.1. Aims and Objective: 

The findings from the Concept Generation and Ideation section aim to provide an overall 

view on the experience of self-tracking in BD. The current section will build on these 

findings to explore how they can be used to design of a mobile self-tracking application 

for BD. This section will aim to develop a working prototype which will be subject to alpha 

testing with a small group of target users to explore usability and functionality.  

1.2.2.2. Research Questions: 

RQ4: How do the findings from the Concept Generation and Ideation phase impact the 

design of the mobile self-tracking application for BD? 

RQ5: How can the mobile self-tracking application be used to explore EWS for those 

with BD? 

RQ6: What is the general user experience of using the prototype? 

RQ7: What, if any, changes are required the working prototype before deployment in 

the evaluation phase? 

The findings from these research questions aim to inform the design of the specific app 

investigated. 

1.2.3. Evaluation  

1.2.3.1. Aims and Objectives 

The Prototype Design and Deployment stage aimed to direct the findings on the 

experience of self-tracking in BD from the Concept Generation and Ideation phase to 

guide the design of a novel self-tracking tool in BD. The Evaluation stage aims to develop 

and enrol a working prototype for a 6-month period of beta testing with those with BD to 

explore usability and acceptability. To explore how much of the data collected from 

prototype relates to EWS, which will be explored primarily using qualitative 

methodologies.  
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1.2.3.2. Research Questions: 

RQ8: How much of the data collected by the sensing system (both passive and active 

data) relates to EWS? 

RQ9: Is this type of technology usable, feasible and acceptable for people living with this 

condition?  

RQ10: What are the researchers experience of applying the overall methodology 

employed in research thus far? 

The findings from these research questions (RQ8 and RQ9) aim to inform the design of 

the specific app investigated. The findings from these research questions (RQ10) aim to 

inform the design of mobile self-tracking apps for BD in general.  

Due to the novel and complex nature of the hybridized methodology employed 

throughout this study, there will be reflexive account of the researchers’ personal 

experience of this process throughout the course of this doctoral work.  

1.3. Outputs of the current work 

The findings of this work aim to contribute to the following gaps in the literature which 

have been identified via the exploration of the following specified research questions.  

1. Understanding the role of individual variability for self-tracking technology in BD 

generally and how this impacts the design and deployment of such technology RQ1, RQ2, 

2. Provide a best practice example of the involvement of users in the design and 

deployment of technology for BD, with the aim of empowering users to be the experts 

in defining how they manage their own condition RQ3 

3. Providing rigorously collected research data to contribute towards the knowledge 

base of the impact of self-tracking technology in BD management, particularly by 

integrating the EWS which has high clinical validity.  RQ1, RQ2, RQ5 
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1.4. Contributions and connections with research disciplines  

 

The primary contributions of this research are towards bringing the users perspectives to 

the forefront when designing and evaluating self-tracking tech for BD.  We attempt to 

describe best practice towards how to involve users, specifically those suffering with 

severe mental health issues such as BD, in the design and research in relation to mental 

health technology. We aim to follow best practice principles for the design, evaluation 

and research of the self-tracking tool, and provide the first case example of combining 

involvement approaches seen in the healthcare sector well as methods seen in human-

computer interaction to design and assess a novel self-tracking tool for BD. Specifically, 

we will reflect on how the close involvement of target users not only in the design of 

technology but also the design of the research impacts our findings, and how this 

compares against similar literature in this domain. The personal reflexive account of 

applying this methodology from the researcher’s perspective aims to guide future 

researchers navigating in this complex space of health and HCI.  

The contribution of this work aims to span across psychiatry, psychology and computer 

science. By assessing a novel self-tracking tool which uses a combination of active and 

passive sensing technology to specifically understand EWS, we hope to further contribute 

towards the research findings in relation to self-tracking, passive sensing and the EWS 

respective to the health and HCI domain.  

By leveraging proven clinical frameworks (such as the EWS checklist) and then testing this 

within the context of technology in a longitudinal field trial we aim to contribute findings 

in the medical and psychiatric field towards the acceptability and usability of this tool. 

Connections with communities 

This research was closely worked upon with respective charity and patient lead 

organisations such as Bipolar Lift CiC (Nottingham), Bipolar UK (UK Based) and MindTech 

Patient and Public Involvement Team (Nottingham). The consistent effort of these 

organisations ensures that the perspectives and priorities of those living with BD were 
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integrated into the condition, problem and tools we are seeking to explore and improve 

as a result of this research. The work was closely developed in conjunction with these 

organisations who assisted in research design, user recruitment and development of 

findings to ensure that this research has real user benefit.  

1.5. Paper and conferences  

Below are the papers and conference talk that arose as part of the doctoral thesis  

1.5.1. Papers  

1. Majid, S., Morriss, R., Figueredo, G., & Reeves, S. (2022, June). Exploring self-

tracking practices for those with lived experience of bipolar disorder: Learning 

from combined principles of Patient and Public Involvement and HCI. In Designing 

Interactive Systems Conference (pp. 1907-1920). 

 

2. Polhemus, A., Novak, J., Majid, S., Simblett, S., Morris, D., Bruce, S., ... & Wykes, T. 

(2022). Data Visualization for Chronic Neurological and Mental Health Condition 

Self-management: Systematic Review of User Perspectives. JMIR mental 

health, 9(4), e25249. 

 

3. Majid, S., Reeves, S., Figueredo, G., Brown, S., Lang, A., Moore, M., & Morriss, R. 

(2021). The Extent of User Involvement in the Design of Self-tracking Technology 

for Bipolar Disorder: Literature Review. JMIR Mental Health, 8(12), e27991. 

 

4. Majid S (September 2020) Designing for the User, With the User: Self-tracking 

Technology for Bipolar Disorder. Doctoral Consortium EAI Pervasive Health 2020 - 

14th EAI International Conference on Pervasive Computing Technologies for 

Healthcare (Atlanta, USA) 

 

1.5.2. Conferences  

1. Majid, S (October 2019) The Extent of User Involvement in the Design of Self-

Tracking Technology for Bipolar Disorder: Literature Review. Mixed Reality Lab 



 

 

13 Majid, S. (2023) 

 

Talk at the Department of Computer Science, University of Nottingham 

(Nottingham, UK) 

 

2. Majid, S (September 2020) Integrating the use of sensing technology to detect 

early warning signs for bipolar disorder. Industry Day Talk at the Department of 

Computer Science, University of Nottingham (Nottingham, UK) 

 

 

3. Majid, S (January 2022) Integrating the use of sensing technology to detect early 

warning signs for bipolar disorder. Delivered to the Psychiatry Team at 

Nottinghamshire Healthcare NHS Foundation Trust  

 

 

4. Majid, S (April 2022) Combining principles of human-computer interaction (HCI) 

and patient and public involvement (PPI) to understand patient lived experience: 

a case study in self-tracking technology for bipolar disorder. Full talk at UX 

Healthcare Europe 2022 (London, UK) 

1.6. Overview of the thesis 

1.6.1. Chapter 2: Related work 

The related work section consists of a literature review of bipolar disorder, self-tracking, 

current self-tracking technology and discusses the gaps and opportunities that led to the 

current research.  

1.6.2. Chapter 3: Methodology  

The methodology chapter outlines the process of hybridising HCI and PPI methods and 

organised according to the different phases of this design research doctoral study. This 

chapter describes the self-tracking mobile application to be used in the study.  

1.6.3. Chapter 4: Concept Generation and Ideation  

This chapter explores the everyday practices of self-tracking for those with BD in a study 

which closely follows the best practice principles of design and research of mental health 
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technology as outlined by (Majid et al., 2021). This chapter consists of the findings of a 

series of workshops that were conducted in a UK with n=18 users. Specifically, the 

workshops explored the reasons, methods and challenges for self-tracking as well as 

opportunities for future technology.  

1.6.4. Chapter 5: Prototype Design and Deployment 

This chapter explores the findings from the Concept Generation and Ideation phase and 

convert these into tangible design changes for the technology that will be deployed in this 

study, so that it is tailored for users in the context of BD. It outlines the findings of the 

alpha testing phase which was conducted with n=2 users with lived experience of BD 

where issues around functionality and usability were explored. The final prototype is also 

described. 

1.6.5. Chapter 6: Evaluation 

This chapter presents the process as well as the findings of the 6-month longitudinal field-

testing phase of the research where a working prototype was used in a real-world context 

with a group of n=6 users. This chapter reports on the quantitative and qualitative findings 

of the research and reports on usability, accuracy and validity of the novel digital self-

tracking tool, as its relationship with uncovering EWS for mania and depression.  

1.6.6. Chapter 7: Discussion 

This chapter reports on the key contributions of this doctoral work towards self-tracking 

technology, bipolar disorder and the methodologies of involvement of the user. This 

chapter also reports on the implications of applying this methodology in personal 

reflexive account.  
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Chapter 2: Related Work 

Chapter summary  

▪ There is some, albeit limited, proven utility of self-tracking technology in 

understanding relapse in BD. However, this is fraught with a lack of emphasis on 

the individual variability in the experience of this condition.  

▪ A method to explore individual variability and gain insight into users’ needs and 

preferences are user-centred design approaches, as recommended in the 

literature. 

▪ Our literature review demonstrates that currently the adoption of these 

approaches is highly variable, with a significant proportion of studies reporting 

no-user involvement in the development and design of technology. 

Demonstrating that currently, individual variability is not being consistently 

explored for. 

▪ It was concluded that technology should be tailored according to users’ needs and 

preferences, in order to maximize the potential that technology has in order to 

improve the lives of those living with this condition.  

2.1 The growing concern of severe mental illness 

 

The impact of severe mental illness (SMI) is universal and significant, affecting the ability 

to function socially, academically, and occupationally. Such disorders include depression, 

bipolar disorder, schizophrenia and other psychoses, dementia and developmental 

disorders including autism (Evans et al., 2007).  It can also affect their physical health 

where the presence of conditions such as obesity, metabolic syndrome, diabetes mellitus, 

symptoms of cardiovascular disease, and respiratory disease all exceed that of the general 

population by at least two times for those with SMI, and HIV prevalence may be increased 

by as much as eight times (Scott & Happell, 2011). This high rise of chronic disease may 

largely be responsible for the increased risk of premature mortality that can be seen in 

this population. A recent report by the Office of Health Improvements and Disparity in the 

UK (2022) found that in England overall individuals with SMI are statistically significantly 
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more likely to die prematurely (before the age of 75) compared to individuals who do not 

have SMI (Office of Health and Improvement Disparities, 2022). Additionally, individuals 

with severe mental illness may also experience stigma and discrimination, which can 

further complicate their lives. In a study by Morgan et al., 2018 individuals with severe 

mental illness experience significant discrimination and stigma in various areas of their 

lives, including employment, education, and healthcare. Research into treatment and 

management of severe mental illness is highly important as it can help individuals to 

manage symptoms, improve their functioning and lead fulfilling lives.  

In this research, there is a specific focus on BD. The global impact of BD is significant, as it 

is a prevalent mental health condition that affects people of all ages, races, and 

socioeconomic backgrounds. According to the World Health Organization (WHO), BD 

affects around 60 million people worldwide, and is a leading cause of disability worldwide 

(Colombo et al., 2012). The condition has a significant impact on a person's quality of life, 

and can lead to a range of social and economic consequences, including loss of 

productivity, increased healthcare costs, and increased risk of suicide (Ketter, 2010). The 

carers of those with BD who provide emotional and practical support are also impacted 

by BD, as it has been reported that some carers experience higher levels of depression, 

anxiety and increased mental health service usage (Steele et al., 2009). In terms of the 

economic impact, bipolar disorder is a major contributor to the global burden of disease, 

as it is associated with decreased productivity, increased absenteeism, and a higher risk 

of disability. In the UK specifically, the population-level economic burden was estimated 

at £5.1 billion in 2010-2011 and £6.43 billion at 2018-2019 where the majority of 

economic burden result from productivity losses and informal care (Simon et al., 2021). 

Despite the prevalence and impact of bipolar disorder, access to appropriate treatment 

and care remains limited in many parts of the world, particularly in low- and middle-

income countries (Demissie et al., 2018) where as few as 10% receive care over their 

lifetime (Fekadu et al., 2015; Kebede et al., 2006). This highlights the need for increased 

awareness, funding, and research to improve the diagnosis, treatment and overall 

management of bipolar disorder. 
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2.2 Bipolar Disorder: an overview  

 

The concept of bipolar disorder, also known as manic-depressive illness, has been 

recognised for centuries. The ancient Greeks and Romans described symptoms of manic 

and depressive states. Specifically, these two extremes of mood were first systematically 

described by Hippocrates (460-337 BCE) (Mason et al., 2016). His work on this topic was 

based on both contemporary explorations of Pythagoras, Alcmaeon and Empedocles of 

Crotana and his own clinical observations of his mood (Angst & Marneros, 2001). He 

assumed the brain as the organ of mental functions, mental disturbances and mental 

disorders. To illustrate, in his famous work ‘On the Sacred Disease’ (Hippocrates) he 

wrote: 

“The people ought to know that the brain is the sole origin of pleasures and joys, laughter 

and jests, sadness and worry as well as dysphoria and crying. Through the brain we can 

think, see, hear and differentiate between feeling ashamed, good, bad, happy … Through 

the brain we become insane, enraged, we develop anxiety and fears, which can come in 

the night or during the day, we suffer from sleeplessness, we make mistakes and have 

unfounded worries, we lose the ability to recognise reality, we become apathetic and we 

cannot participate in social life … We suffer all those mentioned above through the brain 

when it is ill …” 

Early classification of the disease was first put forth by Karl Kahlbaum in 1874 (Kahlbaum, 

1874) and later build upon in the 19th century by German psychiatrist Emil Kraepelin to 

characterise dysfunction of mood and bring together mania, depression and all psychotic 

states into what was termed “dementia praecox” and “manic-depressive insanity”, now 

known as schizophrenia and bipolar disorder respectively (Angst, 2002) – the process of 

which was of critical importance to development of psychiatry. In 1952, the American 

Psychiatric Association's Diagnostic and Statistical Manual of Mental Disorders (DSM-I) 

first attempted to categorise and standardise mental illness and classified bipolar disorder 

as a psychotic disorder (DSM-1, 1952). Two versions later in 1980 where the DSM-2 was 

released, there was a characterisation of illness with a specific classification criteria and 
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shapes the modern definition of bipolar disorder, which is termed as such (Angst, 2002).In 

the latest version of the manual (DSM-5), bipolar disorder is divided into several subtypes, 

including bipolar I disorder, bipolar II disorder, cyclothymic disorder, and other specified 

and unspecified bipolar and related disorders (A. P. Association, 2013). The classification 

of these subtypes of bipolar disorder are explored in the next section. Research on bipolar 

disorder has advanced significantly in recent years, and new treatments have become 

available. However, much remains unknown about the causes of the condition and how 

best to treat it. Studies on the genetic, neural, and environmental factors are ongoing to 

better understand the disorder. 

 

2.3 The bipolar spectrum: symptoms and presentation  

 

Bipolar disorder is understood on a spectrum with marked and severe mood disturbances 

to milder mood variations. The Diagnosis and Statistics Manual-5 (DSM-5 A. P. 

Association, 2013) defines mania and depression as follows: 

Mania 

Mania is a distinct period of abnormally and persistently elevated, expansive, or irritable 

mood, energy, or activity. During this period, three (or more) of the following symptoms 

have been present to a significant degree: 

• Inflated self-esteem or grandiosity 

• Decreased need for sleep (e.g., feels rested after only 3 hours of sleep) 

• More talkative than usual or pressure to keep talking 

• Flight of ideas or subjective experience that thoughts are racing 

• Distractibility (i.e., attention too easily drawn to unimportant or irrelevant 

external stimuli) 

• Increase in goal-directed activity (either socially, at work or school, or sexually) or 

psychomotor agitation 
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• Excessive involvement in pleasurable activities that have a high potential for 

painful consequences (e.g., engaging in unrestrained buying sprees, sexual 

indiscretions, or foolish business investments) 

Depression 

Depression is a period of at least two weeks during which there is either depressed mood 

or loss of interest or pleasure, and at least four other symptoms that reflect a change in 

functioning, such as problems with sleep, eating, energy, concentration, or self-worth. 

The following symptoms must also be present: 

• Depressed mood most of the day, nearly every day, as indicated by either 

subjective report (e.g., feels sad, empty, hopeless) or observation made by others 

(e.g., appears tearful). In children and adolescents, can be irritable mood 

• Markedly diminished interest or pleasure in nearly all activities nearly every day 

(as indicated by either subjective account or observation) 

• Significant weight loss when not dieting or weight gain or decrease or increase in 

appetite nearly every day. 

• Insomnia or hypersomnia nearly every day 

• Psychomotor agitation or retardation nearly every day (observable by others, not 

merely subjective feelings of restlessness or being slowed down) 

• Fatigue or loss of energy nearly every day 

• Feelings of worthlessness or excessive or inappropriate guilt nearly every day (not 

merely self-reproach or guilt about being sick) 

• Diminished ability to think or concentrate, or indecisiveness, nearly every day 

(either by subjective account or as observed by others) 

• Recurrent thoughts of death, recurrent suicidal ideation without a specific plan, or 

a suicide attempt or a specific plan for committing suicide 

It's worth noting that for a diagnosis of bipolar disorder, a person must have had at least 

one manic or hypomanic episode and may also have had one or more major depressive 

episodes. 
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In DSM-V, there is a distinction drawn between bipolar 1 disorder (BD1), in which a person 

experiences a full manic episode and bipolar 2 disorder (BD2), in which a person 

experiences depression episodes with less severe manic symptoms, known has 

hypomanic episodes. The third type of classification is cyclothymic disorder which is 

characterised as recurrent hypomanic episodes and subclinical episodes of depression. 

The fourth classification is otherwise specified and unspecified bipolar and related 

disorders: These subtypes are used for individuals who do not meet the criteria for bipolar 

I, II, or cyclothymic disorder, but still have symptoms consistent with the disorder. As BD1 

and BD2 will be the focus on this study, the full diagnostic criteria according to DSM-5 is 

outlined in Table 2.  

Bipolar I Disorder (BD1) 

During the mood disturbance and increased energy or activity, ≥3 (or 4 if irritable mood only) 

of the following: 

• Inflated self-esteem or grandiosity 

• Decreased need for sleep 

• Pressured speech 

• Racing thoughts or flight of ideas 

• Distractibility 

• Increased goal-directed activity 

• Excess pleasurable or risky activity 

Marked impairment not due to a substance or medical condition. In addition, these symptoms: 

• Do not meet criteria for a mixed episode 

• Cause functional impairment, necessitate hospitalisation, or there are psychotic 

features 

• Are not related to substance misuse 

• Are not due to a general medical condition 

• Are not caused by somatic antidepressant therapy 

Criteria for mixed episode: 
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• Criteria are met both for a manic episode and for a major depressive episode during at 

least a 1-week period 

• Causes functional impairment, necessitates hospitalization, or there are psychotic 

features 

• Symptoms are not due to substance misuse, a general medical condition, or somatic 

antidepressant therapy 

Bipolar II disorder (BD2) 

During the hypomanic episode, ≥3 (or 4 if irritable mood only) of the following: 

• Inflated self-esteem or grandiosity 

• Decreased need for sleep 

• Pressured speech 

• Racing thoughts or flight of ideas 

• Distractibility 

• Increased goal-directed activity 

• Excess pleasurable or risky activity 

During the major depressive episode, ≥5 of the following symptoms are present during the 

same 2-week period, and represent a change from previous functioning. At least one of the 

symptoms is either depressed mood or loss of interest or pleasure 

• Depressed mood most of the day, nearly every day 

• Markedly diminished interest or pleasure, nearly every day 

• Significant weight loss when not dieting or weight gain, or decrease or increase in 

appetite, nearly every day 

• Insomnia or hypersomnia, nearly every day 

• Psychomotor agitation or retardation, nearly every day 

• Fatigue or loss of energy, nearly every day 

• Feelings of worthlessness or excessive or inappropriate guilt (which may be delusional), 

nearly every day 

• Diminished ability to think or concentrate, or indecisiveness, nearly every day 

• Recurrent thoughts of death (not just fear of dying), recurrent suicidal ideation with or 

without a specific plan. 
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In addition, these depressive symptoms: 

• Cause functional impairment (e.g., social, occupational) 

• Are not better explained by substance misuse, medication side effects, or other 

psychiatric or somatic medical conditions. 

Table 2: DSM - V diagnostic criteria for BD 

Though mania and hypomania are characterised as the defining symptoms of bipolar 

disorder, it has been found that depressive symptoms are more common than manic 

symptoms throughout the course of the illness. In a 12-year prospective longitudinal 

study, in which n=146 with BD1 completed weekly mood ratings, it was found that 

depressive symptoms were three times more likely than manic symptoms (Judd et al., 

2003). This was found to be significantly higher in those with BD2, where users experience 

depressive symptoms 50% of the time (Judd & Akiskal, 2003). On average, it was found 

that patients spend 33% of the time depressed and a large proportion (60%) had four or 

more mood episodes in a year (Post et al., 2003). In more severe forms of mania, people 

can experience racing thoughts which can render incoherent and is also characterised by 

increased activity, productivity and creativity. These are usually described as being 

pleasurable symptoms towards the early stages of mania, especially after large periods of 

depressive symptoms. However, after a period when the episodes progress this can turn 

into feelings of severe distractibility, restlessness, and difficulty concentrating. There 

might also be an increase in risk-taking behaviour during period of mania, with behaviours 

such as shoplifting, increased spending, risky-sexual behaviours and motor accidents 

(Blanco et al., 2008); (Griswold & Pessar, 2000). Nearly half of BD patients have a lifetime 

history of psychotic symptoms (Keck et al., 2003). Among these, the following symptoms 

may occur: hearing thoughts spoken aloud; hearing voices referring to himself/herself, 

made in the third person; auditory hallucinations in the form of a commentary, etc 

(Dell’Osso et al., 2017). From a clinical perspective, the presence of psychotic symptoms 

in BD has been associated with a higher severity of illness and increased morbidity in the 

long-term (Coryell et al., 2001). 



 

 

23 Majid, S. (2023) 

 

Individuals can also experience mixed affective episodes, where the symptoms of 

depression and mania or hypomania are presented at same time, which has significant 

impact on functioning (Table 1). In DSM-V, for a mixed episode to occur an individual must 

present with a manic or hypomanic episode with a proportion of depressive symptoms (3 

out of 6) at the same time of mania or hypomanic episode. Alternatively, a major 

depressive episode must be present with a proportion of manic or hypomanic symptoms 

(3 out of 7). There is large variation in how people experience episodes where some 

experience discrete episodes which occur rarely (e.g., no more than one episode per 

year,) a subset of individual also experience “rapid cycling” in which individuals experience 

at least 4 episodes within a 12 month period. Ultra-rapid and ultra-ultra rapid cycling has 

also been identified in the population where mood variation can occur from week-to-

week or even within the course of a day. In most people, the periods of rapid cycling 

resolved within 2 years so this is not a long-term pattern over a course of a lifetime 

(National Institute of Health Research, 2014).  

In conclusion, BD is a complex condition which is classified into subtypes with the major 

classifications being BD1 and BD2 which are characterised by the severity of manic and 

depressive symptomology, with the former characterised having more severe manic 

symptoms and the latter having more severe depressive symptoms. BD1 and BD2 are the 

focus on this research as there are the major diagnostic criteria for BD, with characteristics 

of symptom presence that have the potential to be sensed by active and passive sensing. 

Minimising future mood episodes is the key objective for individuals living, and the 

essence of management of this condition and underpins the large body of research in this 

topic – including this research. Not only does this impact functioning and quality of life 

but also it has been found that multiple episodes cause neurological damage in the brain, 

related to progressive functional deficits (Deicken et al,2003). 

2.4 Incidence and prevalence  

 

The incidence and prevalence of BD vary depending on various factors, including age, 

gender, race, and socioeconomic status. Incidence refers to the number of new cases of 
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a particular condition that occur within a specific time period. Prevalence, on the other 

hand, refers to the total number of cases of a condition that are present in a population 

at a given point in time (Ford, 2020). 

BD is the fourth most common mental health problem worldwide after depression, 

anxiety and schizophrenia (Vos et al, 2015), and also recognised as one of the 10 most 

debilitating conditions worldwide. This disorder affects 45 million people worldwide 

(James et al., 2018) within community based epidemiological studies reporting a lifetime 

prevalence rate in European studies varying from 0.1%-2.4% (James et al., 2018) (Carta et 

al., 2012). A recent study conducted in 2021 with a large sample of n=36187 explored the 

prevalence of BD in the UK and found that prevalence doubled from 0.150% in 2001 to 

0.357% in 2018. The pooled lifetime prevalence of BD1 was 1.06% and for BD2 it was 

1.57%, meaning the prevalence of BD2 is higher over the course of a lifetime (Clemente 

et al., 2015). 

In terms of gender, BD1 is more frequent amongst women compared to men and this is 

thought to be related to postnatal onset of bipolar disorder (Dell’Osso et al., 2017). 

Likewise BD2 is more common amongst women who usually tend to have a predominance 

of depression (López Zurbano et al., 2015). The Aesop Study (Fearon et al., 2006), 

examined the incidence of BD in people in three cities in the UK and reported a higher 

incidence in black and minority ethics groups, compared to a white population and this 

finding has been consistent with other UK-based studies (Lloyd et al., 2005). The age of 

onset of BD is early, with the first episode of BD occurring before the age of 30 years, 

however there is a smaller peak between the ages of 45-54 years for both BD1 and BD2. 

The highest peak of onset occurs between the ages of 15 and 19 years according to large 

cohort studies in the US and the Netherlands respectively (Kroon et al., 2013); 

(Merikangas et al., 2007). Furthermore, there is on average an 8-year delay between the 

first recollection of a mood episode to receiving a BD diagnosis (Mantere et al., 2004). 

BD is also associated with a higher risk of comorbidity, which is the presence of other 

conditions alongside the primary condition. These comorbid conditions can include 
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anxiety disorders, substance abuse, and eating disorders. In a more recent study it was 

found that BD2  patients were significantly more likely (odds ratios ranging from 1.4 to 

2.1) to have comorbid psychiatric conditions (anxiety disorders, ADHD, eating disorders, 

personality disorders) than BD1 after adjusting for gender and age, the only exception 

being substance use disorders (Karanti et al., 2020). 

2.5 Treatment and management of bipolar disorder  

2.5.1 Pharmacological treatment  
 

Treatment and management of bipolar disorder typically involves a combination of 

medication, therapy, and lifestyle changes. The specific treatment plan will depend on the 

individual's symptoms and needs. Medication is the primary treatment for bipolar 

disorder and the most prescribed medications are mood stabilizers, such as lithium and 

valproate. These medications are effective in preventing manic episodes and reducing the 

severity of symptoms. Antipsychotic medications, such as quetiapine and olanzapine, may 

also be used to manage manic or mixed episodes. Antidepressants are not recommended 

as first-line treatment for bipolar disorder, as they can trigger manic or hypomanic 

episodes, but they can be used in combination with mood stabilizers to treat depressive 

episodes. 

Lithium medication has the strongest evidence for long-term relapse prevention (Geddes 

& Miklowitz, 2013). The metal, was introduced by John Cade in 1949 (Cade, 1949), has 

been in clinical use for over 50 years and the evidence base for its efficiency comes from 

randomised controlled trials, where lithium was compared to a placebo drug. A meta-

analysis of 5 placebo-controlled lithium randomised controlled trials (n=770) showed that 

lithium reduces the risk of manic relapses by 38% and depressive relapses by 28% (Geddes 

et al., 2004). Lithium is also one of two known anti-suicidal treatments which has shown 

a reduction in the risk of suicide by 50%  (Cipriani et al., 2005). However, the benefits of 

lithium are restricted by its adverse effects which include polyuria, polydipsia, tremor, 

weight gain, cognitive impairment, sexual dysfunction and skin lesions (e.g. acne, 

psoriasis). Other risks involve hypothyroidism, increased blood calcium and slightly 
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increased risk of renal failure (British National Formulary (BNF) 2020) . Other epilepsy 

drugs are also used as mood stabilisers in the treatment of BD including lamotrigine and 

sodium valproate (Bowden, 1998). A recent systematic review in 2021 indeed found that 

valproate was more effective than placebo in preventing new BD episodes and not 

significantly different than lithium (Yee et al., 2021). There is also consistent evidence of 

the effect of lamotrigine in the treatment of specifically depressed symptoms of BD, 

where the overall effect was modest but significant over placebo (Geddes et al., 2009).  

For manic or hypomanic episodes, the National Institute for Health and Care Excellence 

(NICE) recommends anti-psychotic medication including haloperidol, olanzapine, 

quetiapine and risperidone (National Institute of Health and Care Excellence, 2014). 

Antipsychotic treatments are also increasingly used as a maintenance treatment, either 

as a single therapy or adjunct. Their pharmacological properties, efficacy and tolerability 

in bipolar disorder are varied. This is particularly the case for prevention of depressive 

episodes, where their clinical effects appear less pronounced (Jauhar & Young, 2019). 

They also have undesirable side effects to mood stabilisers include weight gain and 

sedation (Ertugrul & Meltzer, 2003). 

2.5.2 Psychological treatment  

 

Treatment guidelines for BD suggest that the most effective management of BD includes 

the integration of psychopharmacological treatment, with adjunct, targeted psychological 

treatment. Evidence-based models of psychotherapy include cognitive-behavioural 

therapy, family-focused therapy, interpersonal social rhythm therapy, group 

psychoeducation and systemic care management. Though these evidence based models 

are substantially different in terms of methods, assumptions and structure (Miklowitz et 

al., 2008), they have common objectives.  

Common objectives for psychological treatment for BD include (Geddes & Miklowitz, 

2013): 
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• Improve the ability to identify and intervene early with warning signs of recurrences 

via self-awareness 

• Increase acceptance of condition and drug adherence  

• Enhance ability to cope with environmental stressors associated with symptoms 

• Psychological treatments also aim to stabilise sleep and wake rhythms and other 

daily routines 

• Re-engage with social, familial and occupational roles 

• Enhance family relationships and communication  

• Reduce drug or alcohol misuse 

Improving skills around self-awareness in order to recognise and respond to early warning 

signs is a large underpinning for psychotherapy for BD, typically delivered in the form of 

psychoeducation. In a recent review in 2021, it was shown that psychoeducation as an 

adjunct to pharmacological treatment leads to a reduction of new episodes, length of 

hospital stay and adherence to drug therapy proving the positive nature of self-awareness 

in management of BD (Rabelo et al., 2021).   

In summary, treatment and management of bipolar disorder typically involves a 

combination of medication, therapy, and lifestyle changes. Medication is the primary 

treatment, and proven psychological therapy, such as psychoeducation, can help 

individuals with bipolar disorder learn to identify and manage their symptoms and 

improve their ability to function. The essence of psychoeducation is to improve self-

awareness of their condition, so that patients can identify signs of relapse and act 

accordingly. This research focuses on this concept of self-awareness, particularly on the 

role of technology in cultivating this via self-tracking. 
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2.6 The role of self-tracking in BD  

 

Self-tracking is core component in cultivating self-awareness in BD, which is the aim of 

proven psychological modalities for the treatment of BD. Self-tracking, also known as self-

monitoring, is a process of collecting and analysing data about one's own health and 

behaviour. This can include tracking symptoms, medication adherence, sleep patterns, 

and other relevant information. In the context of bipolar disorder, self-tracking can play 

an important role in managing the condition by providing individuals with more insight 

into their symptoms and how they may be affected by different factors (Matthews, 

Murnane, & Snyder, 2017a). 

In her book, Emily Martin (Martin, 2009) describes some of the underlying mechanisms of 

self-tracking, stating that many people are encouraged to keep a “mood chart”. Martin 

argues that the process of doing so can have dramatic effects for people by making 

experiences comparable, and to thus understand changes over time. Relatedly, 

understanding the factors that are being tracked and their relationship to self-

management is also important. Research suggests that individuals with BD look towards 

life events or life stress as a factor to track however there is a lack of a relationship 

between tracking this and mood episode initiation (Johnson & Roberts, 1995).  As the 

individual has more frequent bipolar episodes, the relationship between a life event or 

stress and a relapse into mania and depression tends to become weaker  (Hlastala et al., 

2000). The main issue is that monitoring stress or life events may be useful but many 

episodes are not preceded by life events or stress so it would be incomplete. Particularly 

useful in capturing when self-tracking is clinical EWS. EWS arise prior to full scale episodes, 

and EWS interventions aid individuals to detect these, allowing action to be taken to 

prevent a full episode (Lobban et al., 2011). The evidence suggest that a minimum of three 

of four early signs can be used but more than six are likely to be necessary for an effective 

intervention (Morriss, 2004). EWS are particular to the individual but—from a clinical 

view—are reliably similar from episode to episode in the same person. In a Cochrane 

systematic review in 2010, it was found that time to first recurrence of any type (RE, 
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hazards ratio 0.57, 95% CI 0.39 to 0.82), time to manic/hypomanic episode, time to 

depressive episode, and percentage of people hospitalized, and functioning favoured the 

group who received an EWS intervention compared to control. Depressive nor hypomanic 

symptoms differed  between intervention and control groups. Furthermore, more recent 

evidence suggests that tracking EWS show positive results in detecting transitions to 

mood episodes (Bos et al., 2021).  

In 2011, Lobban et al. developed a EWS checklist which describe  a set of 63 unique 

symptoms and signs that may arise approximately 2-4 weeks before a full manic or 

depressive episode and are listed in checklist form (Lobban et al., 2011). Prior to this, 

identification of EWS required a clinical interview where most EWS were idiosyncratic. 

The checklist was developed to aid in this process and resulted in patients recognizing a 

greater number of EWS, increasing the median number from one to sixteen for depression 

and to eleven for mania; thereby increasing the chances of recognizing relapse. The most 

identified early signs for depression were low motivation, low energy, feeling 

tired/listless; most endorsed for mania were feeling energetic/very active, more talkative, 

and feeling emotionally high.  

Self-tracking EWS have proven utility in the management of BD, as indicated by the 

research (Lobban et al., 2011; Morriss, 2004; Morriss et al., 2007), as well as using the 

EWS checklist which proves a useful aid in recognizing EWS which moves beyond 

individual recall to a systematic understanding of these relapse signatures (Lobban et al., 

2011). Given its clinical validity, EWS prove to be a useful mechanism to self-track in order 

to aid better self-management of BD. There is limited research on how individuals with 

BD currently self-track. A core study by Murnane et al. (Murnane et al., 2016) explored 

self-monitoring practices, attitudes and needs of individuals with BD using a survey with 

552 users. They found that individuals reported that they primarily self-tracked items such 

as mood, sleep, finances, exercise and social interactions using modalities such as social 

feedback, mentally, technology and paper to aid in the process. Over 63% of respondents 

reported that tracking via any method had impacted their approach to maintaining their 

health, 11% reported no impact and 26% were unsure of the impact on their health. When 
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looking at the benefits of self-tracking, in line with the aims and objectives of EWS 

interventions and psychological interventions in general, it was found that self-tracking 

made health management easier, promoting self-awareness and supported interactions 

with healthcare providers. Matthews et al. (Matthews, Murnane, & Snyder, 2017a)  takes 

this one step further and used user interviews (n=10) to explore how and why users 

engage in self-tracking, asking how the experience of BD influences self-tracking practices 

and what role technology plays in supporting this. It was found that users used a 

combination of methods to self-track, with the goal of maintaining “normalcy and self-

stabilisation”. It was also found that individuals seek to identify negative patterns early 

on to anticipate mood episodes, performing their own personal analytics to make 

connections between their collected data between behaviours, symptoms and warning 

signs. Again, echoing the core elements of psychoeducation. 

Both studies also report on several considerable challenges that individuals face in their 

attempts to self-tracking. Users experience considerable challenges in self-tracking as 

their sense of self and emotional state is in “flux, uncertain and unreliable”. In relation to 

tracking factors, users described there is a need for methods (such as technology) to 

sufficiently capture BD-specific behaviours (such as EWS) at the level of granularity 

needed for BD management due to the nature of the illness (e.g., reporting multiple 

moods in one day). The very nature of BD poses issues as self-tracking becomes inherently 

difficult during mania or depressive episode where they simply feel too ill to engage in 

self-tracking. Furthermore, fluctuating mood states in turn can cause “confusion, 

contraction and self-doubt” (Inder et al., 2008) which in turn can impact the reliability of 

self-assessments. In addition, research indicates that personal insight is dependent on 

emotional state in BD, which is more error prone during periods of mania (Goodwin & 

Jamison, 2007). In the study by Murnane et al (Murnane et al., 2016), there was a specific 

call for increased passive, automatic self-tracking methods which reduce the burden that 

users can experience during such times, and supports the continuous collection of data.  

In conclusion, self-tracking can play an important role in the management of bipolar 

disorder by providing individuals with more insight into their symptoms and how they 
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may be affected by different factors. Particularly useful in tracking are EWS, which have 

proven clinical utility in improving the management of BD. As well as using checklists 

which can aid individuals to recognize more EWS, when compared to relying solely on 

subjective recall. Despite the known benefit of self-tracking, little research has been done 

in understanding the processes and mechanism of self-tracking in BD. Two core studies 

report on this and describe the subjective experiences of self-tracking to promoting self-

management, especially understanding the connection between behaviour, symptoms 

and early warning signs (Murnane et al., 2016; Matthews, Murnane, & Snyder, 2017a). 

However, the very nature of BD poses issues around self-tracking as the sense of self is 

consistently in “flux” where mood variations can create erroneous self-report, especially 

during stares of mania. There is call for more automated, passive methods of self-

monitoring which account for these challenges and create an avenue for the continuous 

collection of data.  

2.6.1 Self-tracking technology for BD  

 

Given the evolution of pervasive mobile technology, it is inevitable that novel approaches 

have been leveraged to aid individuals with bipolar disorder to monitor their symptoms 

and manage their condition. This includes wearable devices, such as smartwatches or 

fitness trackers, that track physical activity, sleep patterns, and heart rate, as well as 

mobile apps that allow individuals to track mood, medication adherence, and other 

aspects of their condition. Additionally, some self-tracking tools can be integrated with 

telehealth platforms, allowing individuals to share their data with their healthcare 

providers in real-time (Batra et al., 2017). 

 

More generally, smartphone apps focused on mental health are increasing in number 

(Anthes, 2016). There are approximately 10,000 mental health and wellness apps 

available for download for mental health diagnosis, treatment, and support. Self-

monitoring apps are predominant, was found that most applications for serious mental 

illnesses fall into this category (Batra et al., 2017). It is increasingly common for such 
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technology to use a combination of active and passive sensing methods to aid in self-

management. Active sensing refers to self-report measures in the form of mood 

monitoring, validated symptomology questionnaires, diary entries etc where the users are 

asked to share such information at specified time intervals.  Whereas passive, automatic 

sensing methods have the potential to monitor behaviour, detect changes in mood and 

to provide feedback about EWS without the need for users input. Research suggests that 

individuals are attracted to technology that automatically collects data in the background, 

as described by Murnane et al (Murnane et al., 2016) as this method responds to the 

challenges that individuals experience during the course of active sensing, where the 

nature of BD poses significant issues in self-report.  

A recent systematic review by Ortiz et al (Ortiz et al., 2021) highlights the following types 

of passive mobile data collection which are being leveraged to promote self-tracking and 

prevent relapse in bipolar disorder: such as sleep duration and efficiency; number of steps 

walked; number of drinks per day; speech features; number and duration of calls; number 

of texts sent; number of characters in a text; number of social interactions per day; 

number of times screen was on; location (GPS); light exposure; battery use; typing 

kinetics; metadata. Active measures were described as the following: reported quality or 

changes in sleep; mood; anxiety, stress; energy, activity levels; early warning signs of 

relapse; irritability; speed of thoughts, impulsive thoughts or actions; adherence to 

medications; cognitive problems. Validated self-report measures have also been 

leveraged such as: ASRS: Altman Self-Rating Mania Scale (E. G. Altman et al., 1997), HDRS: 

Hamilton Depression Rating Scale (Hamilton, 1960), PHQ: Patient Health Questionnaire 

(Kroenke et al, 2001), QIDS: Quick Inventory of Depressive Symptomatology (Rush et al., 

2003) and YMRS: Young Mania Rating Scale (Young et al, 2000). Table 3 summarises the 

current mobile technology that has been leveraged for self-management of BD as adapted 

from Ortiz et al, 2021. 
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Table 3 Review of current technology for self-tracking using active and passive data adapted from Ortiz et al, 2021 
(Ortiz et al., 2021) 
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The quantitative aspects of the studies report on the associations between the active 

(self-report) and passive (automatically collected data) as well as report on the predictive 

quality of the combination of data on clinical change or episode onset. For the former, 

quantitative data is usually presented in the form of correlation coefficients between the 

data sources, which measures the strength of a linear relationship between them. In 

absence of this, coefficients are taken from any available regression or multilevel models, 

which indicate the degree to which the passive data explain the changes in the active data. 

For prediction of clinical changes or episode onset, performance metrics are taken from 

machine learning models trained to the passive data to predict clinical changes or onset 

of relapse. The study found four commonly reported metrics, which are outlined below: 

• Sensitivity: measures the model's capability to predict the symptom presence 

• Specificity: measures the model's capability to predict symptom absence 

• Accuracy: measures the proportion of correct predictions from the total number 

of predictions) 

• Area under the curve (AUC): which measures the model's ability to distinguish 

between the presence and absence of clinical symptom 

 

When looking at the impact of these technologies in promoting self-management in BD, 

the results largely vary and it was summarised that predicting mood episodes for this 

condition remains a difficult challenge (Ortiz et al., 2021). Looking at this is more detail, it 

was revealed that studies to date were largely heterogenous, which measured different 

variables using different methods with small sample sizes and brief length of follow up. 

From a statistical perspective, the predictive models had higher AUC when it comes to 

predicting manic or hypomanic episodes. Certain passive features, such as keyboard 

accelerometer displacement was a predictor or both manic and depressive symptoms 

whereas distance travelled as a negative predictor (indicating the probability a person is 

not having an episode) of mania.  

 



 

 

36 Majid, S. (2023) 

 

It was noted that BD is a heterogenous condition where the individual experience of the 

condition varies from person to person and that future studies should consider this, 

especially in the context of statistical analysis. Individual variability was simply not 

considered, even though it acts as a strong potential predictor for relapse. To bring this 

into the context of previous section of this research, one should consider EWS and how 

heterogenous they can be. They are 63 items that an individual can choose from, which 

act as “relapse signature”. These signatures are particular to the individual, they largely 

vary from person to person (Lobban et al., 2011) indicating the complex nature of 

understanding relapse in individuals. It opens up the question of essentially how much of 

individual variability is accounted for in the whole ecosystem of this type of technology 

for BD? Is individual variability being accounted for in the design, research or 

implementation of this type of technology? Are we truly understanding the everyday 

experiences of this condition and tailoring technology accordingly? The answers to these 

questions will be explored in the next section of this thesis.  

2.6.2 Tensions within self-tracking technology for BD 
 

As indicated in the review by Ortiz et al (Ortiz et al., 2021), individual variability is not 

considered within current self-tracking technology for BD. It was concluded that 

technology should be designed for the tailored monitoring of symptoms of BD. The 

current section of this thesis explores this further to truly understand the role of individual 

variability in the design of self-tracking technology. To do this, one must simply focus on 

the user of the technology, the patient, and understand the holistic experience of using 

this type of technology. As a first step, Nicholas et al (Nicholas et al., 2017a) explored 

consumer perspective of the current marketplace for mobile apps for BD. The findings 

from this study echo the overarching argument from Ortiz et al (Ortiz et al., 2021) that the 

individual experience of BD is not being considered. Firstly, they found that a large 

percentage of users’ needs being met, which was indicated by the proportion of reviews 

which contained user wish lists. This opens up the question as to whether users are 

involved in the design prior to the enrolment of such technology. Secondly, it was 
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reported that apps are being developed independently of research data, and without 

reference to clinical guidelines. When exploring this in relation to the above, we found 

that only a few of the technologies mentioned in the study had reference to EWS, not only 

being a clinical framework within proven utility (Lobban et al., 2011) but also a framework 

which accounts for the individual variability present when understanding the complex 

nature of relapse. Developing technology in this way carries significant risk. Without 

understanding the individual experiences of BD, nor following good clinical practice, we 

fall into a realm where technology may create more harm than good. For example, how 

much is current technology accounting for the individual challenges that someone may 

face when undertaking self-tracking activity. In the key paper by Matthews et al 

(Matthews, Murnane, & Snyder, 2017a), it was found that too much tracking can be 

counterproductive for some, which was similarly echoed by Murnane et al (Murnane et 

al., 2016) who described the downward spiral that the overuse of technology can lead to. 

Murnane et al (2016) took this one step further to describe that there must be caution 

exercised on the emotional and behavioural patterns that self-tracking technology can 

present, and how they can be triggers for some individuals. For example, telling one 

individual about a social “off” week may result in positive behavioural change, or it may 

fuel rumination, depression and anxiety in another. The summary is that in the advent of 

this issues in the landscape of developing technology for BD,  these highly important 

individual differences are not being accounted for, undermining the potential power of 

technology in improving the lives of those with BD.  

The next question is how do we as researchers and/or designers account for this individual 

variability in the experiences of BD in technology? The first step is to look at how we are 

developing this technology. Murray et al (Murray et al., 2016) have argued that to 

establish and optimise the use health interventions, principles of user-centred design 

(UCD) are required. The application of participatory approaches, such as user-centred 

design principles and activities (ISO 9241-210:2010) are becoming standardised more 

increasingly, an example being by the National Health Service (NHS) in the UK; but also, 

internationally in private and public health and the industries who provide them, such as 
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medical technology and pharmacological companies. Given that UCD is a commonly 

adopted approach, we first need to explain how it is described to understand this in 

relation to other approaches of user involvement adopted. The principle is outlined below 

and further illustrated in Figure 1.  

1. The design is based upon an implicit and explicit understanding of users, tasks, 

environments and interactions in context   

2. Users are involved throughout design and development 

3. The design is driven and refined by user-centred evaluation  

4. The process is iterative  

5. The design addresses the whole user experience  

6. The design team includes multidisciplinary skills and perspective 
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Figure 1:  User-centred design process (adapted from McCurdie et al., 2012 

To measure the level of individual variability being accounted for, a first step is to look at 

the landscape of user involvement approaches in the design and evaluation of self-

monitoring applications for BD.  This is investigated via three specific questions a) are 

users being involved in the design and evaluation of technology?  b) if so, how is this 

happening? and lastly c) what are the best practice ‘ingredients’ regarding the design of 

mental health technology? The next stage on this thesis explores these questions in the 

form of a literature review.  
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2.7 User involvement in the design and evaluation of self-monitoring applications for 

bipolar disorder: literature review 

 

2.7.1 Introduction  

 

This section explores the landscape of user involvement approaches in the design and 

evaluation of self-monitoring applications for BD.  This is investigated via three specific 

questions a) are users being involved in the design and evaluation of technology?  b) if so, 

how is this happening? and lastly c) what are the best practice ‘ingredients’ regarding the 

design of mental health technology?  

In regards to question a), Goodwin et al. (Goodwin et al., 2016) states that there is a lack 

of parity of user involvement in the design of physical and mental health applications, 

where for mental health, users are involved less frequently when compared to physical 

health. A recent review (Sanches et al., 2019) examined the last decade of studies in 

affective health (including bipolar disorder) and human-computer interaction (HCI). User-

involvement was considered, and it was identified that more ethically sensitive design 

practices, including the voices of people living with affective disorders need to be 

integrated. Out of the n=139 publications included in this study, only n=16 of the studies 

reviewed reported “clinical evaluations” described as involving service users of mental 

health services, or who meet the formal criteria for a specific mental health problem. This 

lack of user involvement is reflected in the quality of mental health apps for BD, as 

Nicholas et al (Nicholas et al., 2017b)  established that a significant proportion of apps 

contained wish list requests, indicating that users’ needs are not being met by current app 

design. 

Understanding how a serious mental health condition like BD has an impact on daily 

experiences is important and helpful when designing technology in order to create a 

meaningful technological experience that account for individual variability. A study which 

looked into the pathology of bipolar disorder (Matthews et al, 2015) described the 

following unique design considerations for mobile technology which have been reported 
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in the literature: 1) the side-effects of medication (such as Lithium) on a user’s ability to 

read on-screen text 2) the impact of medication non-adherence in BD and how this may 

impact engagement  3) sensitivity to reward-based stimuli in BD and how this can be used 

for novel interventions and 4) the association of increased creativity in BD and the 

suggestion that such a user group could contribute greatly compared to other users in 

involvement orientated type design. In terms of creativity, there are inherent 

neurobiological similarities between individuals with mood disorders and those engaged 

in creative pursuits, supporting the concept of temperament contributing to heightened 

creativity in people with bipolar disorders (Santosa et al, 2007) 

In regard to question b) it is important to understand that user involvement in the design 

of such technology involves an intersection between healthcare and technology 

development, both of which traditionally have different approaches when involving the 

user, though there are exceptions to the rule. Patient and public involvement (PPI) 

dominates as  concept for ‘involvement and engagement’ within healthcare studies 

(Jennings et al., 2018)  and improvement. Whereas UCD dominates within HCI or service 

design more broadly and integrates participatory approaches to achieve involvement and 

engagement of end users. Both of these approaches look to provide a voice to patient end 

users within applied development projects. It is important to consider these approaches 

and how they are applied, paying particular attention to where they overlap and where 

the tensions lie, some of which is outlined in Figure 2.  This is especially important when 

looking into the future towards best practice, as per question c). 

2.7.2 Current research 

 

There is a growing body of research on the design of mental health technology with user 

input, but little has been done to compare approaches of user involvement to understand 

best practice. This literature review specifically focuses on understanding the current 

landscape of user involvement in the design of self-tracking technology. Specifically, we 

aim to understand what practices are being used and to what extent they are involving 

the user. We acknowledge that there can be multiple stakeholders, users in and “users” 
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of mental health technology but as self-reflection and awareness are the main aim of self-

tracking systems, in this instance we define “users” as those who have a diagnosis of 

bipolar disorder who are the primary user of this technology. To explore these practices, 

we review available literature for self-tracking technology for bipolar disorder and make 

an overall assessment of the level of user-involvement in design. The findings from this 

review are used to form best practice “ingredients” for design of mental health 

technology. This combines the already existing practices of PPI and HCI in order to evolve 

from the generic guidelines of user-centred design and to ones that are tailored towards 

mental health technology.  

 

2.7.3 Background  

Healthcare based design approaches 

 

PPI is described as the involvement of patients, carers and the public as “active partners” 

in the design, delivery and dissemination of research to ensure its relevance and 

usefulness. In other words, “research is carried out ‘with’ or ‘by’ members of the public 

rather than ‘to’, ‘about’ or ‘for’ them” (National Institute of Health Research, 2012). Unlike 

the design of mental health technology, guidelines exist on best practices for PPI 

involvement and measuring its effectiveness. In terms of practices, there is a continuum 

of PPI involvement, which has close links to Arnstein’s Ladder of Citizen Engagement 

(Arnstein, 1969). Involvement occurs at different levels and each level has a 

corresponding level of effort, commitment and potential impact or outcome. This ladder 

stretches from tokenism to being full embedded, where patients are the more dominant 

voice, delivering and managing the research themselves. The lower ends of this ladder 

consist of researchers asking for users’ views, which are then used to refine key study 

documents, such as recruitment materials or to inform research decision making but does 

not go so far as to involve the PPI representatives as partners in research activities.  In line 

with best practices, PPI users should be remunerated for time and effort on projects, 

though this is variable depending on the research and stage of project (Jennings et al., 
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2018). PPI organisers, often PPI users themselves, can also be listed as co-authors on 

published works. In terms of effectiveness, a systematic review of PPI in health and social 

research identified the following as benefits of PPI involvement: enhanced quality and 

appropriateness of research, development of user-focused research objectives, user-

relevant research questions, user-friendly information, questionnaires and interview 

schedules, appropriate recruitment strategies for studies, consumer-focused 

interpretation of data and enhanced implementation and dissemination of study results 

(Jennings et al., 2018).  

PPI processes are often used in health technology assessment studies (Abelson et al., 

2016), where the most commonly used approach involves patients and/ or members of 

the public directly participating on committees on the agency involved in technology 

assessment, which involves the systematic evaluation of the properties, effects and/or 

impacts of health technology.   PPI is also being increasingly used in mental health 

technology development in recent years  (Liverpool et al., 2019; Hall et al., 2019), with 

some more citizen focussed approaches. PPI is a more passive ex(ercise held at timed 

points in the research rather than continuing involvement with direct interaction with 

technology on an ongoing basis when compared to more technology-based approaches 

in HCI which are more iterative and cyclical, as described below.  

Human-Computer Interaction design approaches 
 

Technology-based approaches in the discipline of Human-Computer Interaction have 

developed a “powerful vocabulary” (Baumer, 2015) when it comes to involving the user 

in design evolving from user-centred design (UCD) to more participatory democratic 

forms, considerations of non-use, design fictions, critical engagements and various other 

approaches. In particular, Orlowski (2016) (Orlowski et al., 2016) touched on two specific 

methods when designing mental health technologies with users, which were utilised in 

two case studies. First is Participatory Design (Spinuzzi, 2005), a Scandinavian-born 

practice which is characterised by a 3-stage iterative design process aimed an 

understanding user’s implicit knowledge: (1) exploration of work (2) discovery processes 
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(3) prototyping. Each stage is organised and carried out with users. Another method 

mentioned by Orlowski (2016) (Orlowski et al., 2016) stemming from UCD is Design 

Thinking (M. Altman et al., 2018). Developing empathy for users is at the heart of Design 

Thinking as well as working in collaborative multidisciplinary teams and using “action-

orientated rapid prototyping” of solutions. Like Participatory Design, Design Thinking is an 

iterative process which includes several rounds of “need-finding”, “ideation” and 

“implementation”. The interesting part of this cycle is the “need-finding”, which is focused 

on developing empathy for the users and asking questions, such as “who are we trying to 

help and what are the social, political and economic contexts?”.  When comparing these 

approaches in HCI to healthcare-based approaches, such as PPI, participatory design is 

often referred to as “co-design”, similar to medium-level involvement as described in PPI.  

Design thinking takes this one step further by focusing on the development of empathy 

and achieving that parity in voice which is often described being absent in PPI. Both 

approaches are also iterative, which is needed in the development of technology, rather 

than the linear process in PPI. Also, by being technology-based approaches, there is 

already acknowledgement of the various tensions, such as cost and regulation and how 

to embed these into the process of development which are detailed in relevant 

regulations (ISO 9241-210:2010 and ISO/IEF 62366). 

2.7.4 Methods 

2.7.4.1 Study Design  

Search strategy  

 

For this review, we used two methods of search. The papers included arose from the hits 

of searches from an ongoing systematic review that doctoral student SM was working on 

which was looking into user preferences for self-monitoring technologies for central 

nervous system disorders which includes bipolar disorder as a central nervous system 

disease. This systematic review is registered on the international prospective register of 

systematic reviews (PROSPERO 2019; CRD42019139319) and used the following search 

terms: ehealth OR mhealth OR 'digital health' OR telehealth OR telemonitoring) AND 

('remote patient monitoring' OR 'remote monitoring technology' OR application OR 
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wearable OR app OR device) AND ('central nervous system' OR psychiat* OR neurolog* 

OR neurodegen* OR 'mental health' OR chronic) AND (prefer* OR evaluation OR feedback 

OR usability OR design OR visual*) AND patient AND (data or symptom OR UI OR “user 

interface”) AND (disease OR disorder OR condition)) on the following databases: 

Association of Computing Machinery, PubMed, EMBASE, IEEE Explore and Web of Science 

and the Cochrane Library for papers published in the English language between 2007 and 

2019. During abstract search, those papers related to bipolar disorder and self-monitoring 

technology form part of the current review. A further check of the literature was done on 

Google Scholar to review for missing papers using the following search for papers 

published in the English language between 2007 and 2019: (bipolar AND app*) 

Inclusion criteria  

The following paper inclusion criteria was used: 

a) Sample of users with bipolar disorder 

b) Feature novel self-monitoring technology  

Information extraction 

 

Papers were screened and information was extracted and forms part of Table 4: number 

of users with BD, description of self-monitoring technology, description of user-

involvement methods, model of user-involvement and further description of model of 

user-involvement. This information was assessed according to criteria of involvement, as 

described below, the results of which are also outlined in the table.   

2.7.4.2 Assessment criteria for user-involvement  

 

The assessment criteria of user-involvement are based on the best-practice model of user-

involvement which describes that users should be involved in the concept generation and 

ideation stage, prototype design and deployment stage and evaluation stage, with 

mechanisms for iteration as described earlier in (Figure 1). To also embed PPI processes, 

we explained the empowerment of decision making and/or creating empathy as part of 
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high user-involvement as this was described as being high on the PPI continuum of 

involvement (Jennings et al., 2018). The criteria are further detailed in Table 4.  

 

No user-involvement mentioned a No mentioned of user involvement in 

design and evaluation 

Low user-involvement a Users were only involved in one stage of 

design and evaluation with or without 

iteration 

Medium user-involvement a Users were involved in more than one 

stage of design and evaluation with 

iteration 

High user-involvement a Users were involved in the concept 

generation and ideation stage, prototype 

design and deployment stage and 

evaluation stage with iteration, likely to 

have explicit mention of empowering 

decision making and/or creating empathy 

Table 4 Criteria for assessing user involvement in selected papers 

a The categories used here have been developed specifically for this paper are different to 

the degrees of involvement in designing and running a research study as used in PPI 

practices 

2.7.4.3 Expert panel review  

 

The expert panel consisted of an individual with 7+ years of lived experience of bipolar 

disorder and expertise in PPI, Professor of Psychiatry, Assistant Professor of Human-

Computer Interaction, Assistant Professor in Human Factors, Research Fellow in 

Involvement and Implementation, Senior Research Data Scientist and doctoral student 

SM. Included papers and criteria of assessment were subject to discussion with the expert 
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panel via bi-monthly online meetings with doctoral student SM over a period of a year. As 

the inclusion criteria for the study was only two-fold, there were no disagreements over 

included papers. There were also no disagreements over the criteria of involvement as 

the papers fell distinctly into these based on extracted information, which is limited by 

what was reported in the studies. Information extracted from the papers was reviewed 

and findings were discussed at meetings in order to make inferences over what 

constitutes best practice in this context  which was based on each individual members 

subjective opinion of what constitutes best practice based on the experience in this field.  

2.7.5 Results 

 

The results from the literature search are presented in Table 5 including number of users, 

description of remote monitoring technology (RMT), assessment criteria for user-

involvement, further description of methods employed and model of user involvement. 

Overall, n=3 studies fell into the category of no user-involvement mentioned, n=3 fell into 

the category of low user-involvement, n=4 fell into the category of medium user-

involvement and n=2 in high user-involvement.  

2.7.5.1 Expert panel review 

 

For question C, which is what are the best practice ‘ingredients’ regarding the design of 

mental health technology, the findings of this paper have been discussed within a group 

of individuals who offer academic and clinical expertise in this area as well as an individual 

with lived experience of bipolar disorder who also has a good level of experience and 

participation in PPI. The discussions revolved around the findings from this review, as well 

as recommendations for the future based on the subjective experience of each panel 

member. Based on these discussions, the following recommendations were put forward: 

1) Involve users in all stages of design and evaluation including concept generation and ideation, 

prototype design and deployment and evaluation stages with a goal to create user empathy and/or 

empowerment. This process should have an adequate number of users in order to welcome 

diversity in thought. Equal representation is also a crucial consideration that needs to be taken into 

account when recruiting users. 
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2) Ensure early involvement as this will be cost-effective in the long run (avoid re-design and problems 

with use and implementation in the later stages) 

3) Combine principles of PPI and HCI to not only have users to assist in designing technology but also 

in designing and running research (e.g., users co-facilitating design workshops). Utilising end-to-

end user involvement. 

4) For academic and industry sectors to establish better mechanisms to access target user groups 

with lived experience of mental health issues for example by building relationships with existing 

patient directed organisations such as charities, patient-led community groups etc.  

5) Increase awareness of HCI and design communities in PPI principles and practices and increase 

awareness of PPI community in HCI and design methods/ skills 

6) Encourage use and mixing of formal scientific/ design methods with informal experiential and 

empathic practices to capture richness in understanding dynamic requirements of technology 

users which are cognizant of use in context 

7) Keep the user informed at all stages of the process, including final outcomes, future use, next steps 

etc which is often forgotten about 
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Study reference N of Users BD- specific? 
Description of self-

monitoring 
technology 

Assessment 
criteria for user-

involvement 

Further description of 
methods employed 

Model of user-
involvement 

Further description of user-
involvement model 

No user-involvement mentioned (n=3) 

(Palmius et al., 
2017) 

N= 22  

Combination of True 
Colours Monitoring 

system and 
customised app that 
records geographical 

location 

No mention of 
user-involvement 

in design and 
evaluation 

   

(Tsanas et al., 
2016a) 

N= 48 

No – borderline 
personality 

disorder also 
included 

Mood Zoom (MZ) 
smartphone 

questionnaire 

No mention of 
user-involvement 

in design and 
evaluation 

   

(Schärer et al., 
2015) 

 
N=118 Yes 

Personal Life-Chart 
App: electronic diary-

based smartphone 
application 

No mention of 
user-involvement 

in design 
   

Low user-involvement (n=3) 

(Niendam et al., 
2018) 

 
N= 76a 

No – Psychosis 
also included 

Ginger.io: 
smartphone based 

mental health 
tracking application 

Users involved in 
evaluation stage 

o Users completed non-
standardised measures for 
satisfaction and perceived 
impact on clinical care 

 

None mentioned  

(Fortuna et al., 
2018) 

N = 1 

No – other 
serious mental 
illnesses also 

included 

PeerTECH: self- 
management 
smartphone 
application 

Users involved in 
evaluation stage 

o Feasibility and 
acceptability of PeerTECH 
was established by user 
capacity to use the app 
and complete self-
management tasks 

 

None mentioned 

 
 
 
 
 

(Bush et al., 2015) 
 

N = 18 a 

No - other 
serious mental 
illnesses also 

included 

Virtual Hope Box: 
smartphone 
application 

Users involved in 
evaluation stage 

o Questionnaires were 
administered to a clinical 
population for ease of set 
up, usage, helpfulness, 
benefits and whether they 
would recommend the 
app, employing a 
combination of Likert-type 

Agile 
development 

process 

Performed agile development 
due to minimal risk involved. 

Performed iterative and 
incremental usability tests of 

developing features and 
components using a small 

group of target users 



 

 

50 Majid, S. (2023) 

 

rating scales and open-
ended questions. 

o Feedback was used to 
modify the design of the 
Virtual Hope Box 

 

Medium user-involvement (n=4) 

(Schuurmans et al., 
2016) 

N/A – this is a 
protocol 

No – other 
severe mood 

disorders 

eCare@Home (ECH): 
tablet-based self-
monitoring tool 

Users involved 
prototype design 

and evaluation 
stage with 
iteration 

Prototype design and 
deployment stage: 
o Three rounds of interviews 

with 8 users where 
interactive demo materials 
and screenshots were 
provided as stimuli and 
feedback was used to 
iterate design 

Evaluation stage: 
o Credibility and Expectancy 

Questionnaire (CEQ), 
System Usability Scale 
(SUS), Client Satisfaction 
Questionnaire (CSQ-8) 
administered to measure 
system usability, user 
experiences and client 
satisfaction. 

Co-creation 
approach 

Aim of the approach was to 
create a product that would be 

usable for the specific target 
population and move away 

from traditional rigid ‘waterfall’ 
methods which only have a 

single round of assessment or 
iteration. This approach 

impacted the tool by 
uncovering usability 

requirements which were 
implemented 

(Abdullah et al., 
2016b; Matthews 

et al., 2016) 
 

N= 7 Yes 

MoodRhythm: 
smartphone 

application that can 
track social rhythms 

Users involved in 
protype design 
and evaluation 

stage with 
iteration 

Prototype design and 
deployment stage: 
o Users used the app and 

shared feedback, design 
insights and suggestions 
for improvement at least 
once a week. Wireframes 
were sent back to users 
which incorporated this 
feedback where further 
feedback was given 

Evaluation stage: 
o Post study usability scale 

using System Usability 
Scale (SUS) 

Participatory 
design process 

During the design process, 
users used the MoodRhythm 

app in their daily lives and 
shared their feedback, design 
insights, and suggestions for 

improvements to the app. This 
process allowed users to 

provide feedback on an ongoing 
basis during the design process 

and helped to identify and 
address concerns that users 

might have about these 
technologies, ensuring the app 

was effective for daily use. 
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(Bardram et al., 
n.d.-b) (Alvarez-

lozano et al., 
2014b) (Osmani et 

al., 2015b,  
Faurholt-Jepsen et 

al, 2016) 
 

N= 42 (all 
papers 

combined) 
Yes 

MONARCA system: 
combination of 

passive and active 
self- monitoring 

smartphone 
application 

Users involved in 
prototype 

development and 
evaluation stage 

with iteration 

Prototype design and 
deployment stage 
o Three-hour workshops 

were held for design and 
iterative prototyping 
where feedback was 
incorporated into design 

Evaluation stage: 
o System Usability Scale was 

administered in a field 
trial. A non-standardised 
questionnaire for 
usefulness and perceived 
usefulness was also 
developed and 
administered 

 

Patient-Clinician 
Designer 

Framework (PCD) 
using principles of 

user-centred 
design 

Through this design process, 
users were involved in making 

decisions about system features 
using collaborative design 

workshops. The design of the 
MONARCA system employs a 

mobile phone application as the 
main component 

(Hidalgo-Mazzei et 
al., 2016, 2018) 

(Hidalgo-Mazzei et 
al., 2017) 

 

N = 303 (all 
papers 

combined) 
Yes 

OpenSIMPLE: 
smartphone-based 

psychoeducaton 
programme 

Users involved in 
prototype 

development and 
evaluation stages 

with iteration 

Prototype design and 
deployment stage: 
o Users were involved in 

focus groups, interviews 
and surveys with research 
teams. Unclear how 
findings were used to 
iterate the prototype 

Evaluation stage 
o Engagement was 

calculated based on 
weekly percentage of 
completed tasks. Usability 
was calculated using the 
System Usability Scale 
(SUS) and satisfaction and 
perceived helpfulness 
Likert scales. 

User centred 
design 

Using the user centred design 
approach, suggestions were 

incorporated based on 
feedback from the users during 
the feasibility study as well as 

modifications to adapt the 
platform for an open study. 

Several features were added to 
OpenSIMPLE based using this 

approach 

High user-involvement (n=2) 



 

 

52 Majid, S. (2023) 

 

(Buitenweg et al., 
2019) 

N = 59 a 

No – other 
serious mental 
illnesses also 

included 

QoL ME: smartphone 
based, personalised 
quality of life (QoL) 

assessment app 

Users were 
involved in 

concept 
generation and 
ideation stage, 

prototype design 
and deployment 

stage and 
evaluation stage 

with iteration 
with a goal to 

empower patient 
decision making 

Concept generation and 
ideation stage 
o 10 users were to share 

their experiences with 
smart devices, apps and 
quality of life 
questionnaires and to 
ideate about QoL ME in a 
focus group 

Prototype design and 
deployment 
o Paper sketches 

(wireframes) were 
presented and were 
gradually refined, 
expanded and made 
function where a first 
protype was developed. 25 
users were involved in this 
stage 

Evaluation stage: 
o Prototype was subjected 

to usability testing and 
systematically assessed 
using the System Usability 
Scale (SUS) with a total of 
25 users. 

o Goal to empower patient 
decision making 

o No information was found 
in relation to this 

 

Co-creation 
approach 

The QoL-ME was co creatively 
developed in an iterative 

development process with 
groups of people with severe 

mental health The process 
consisted of 6 iterations divided 
over 3 stages: (1) brainstorming 
stage, (2) design stage, and (3) 

usability stage. The 
development process was 
described as fitting in the 

framework of participatory 
design. Feedback was used to 
make several changes to QoL 

ME 
 

(Bauer et al., 2017) N=25 a 

No – also 
included post-

traumatic 
stress disorder 

Spirit App: 
smartphone self-

monitoring 
application that 

allows patients to 
undertake modules 

and complete 
questionnaires for 

mental health 
assessment 

Users were 
involved in 

concept 
generation and 
ideation stage, 

prototype design 
and deployment 

stage and 
evaluation stage 

with iteration 
with a goal to 

Concept generation and 
ideation stage: 
o One focus group was run 

with users to propose the 
SPIRIT app and a second 
focus group was ran to 
refine SPIRIT app concept 

Prototype design and 
deployment stage: 
o Focus groups were run 

with user to elicit feedback 
on storyboard and 

Human-centred 
design process, 

participatory 
design process 
and Principle of 

Digital 
Development 

Target users and domain 
experts were engaged in a 

participatory design process 
throughout development via 

focus groups and usability 
testing with national consumer 
advocacy groups and providers 
and patients in rural clinics. The 

process also adhered to the 
Principles of Digital 

Development which includes: 
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Table 5 Results table for literature search 

empower patient 
decision making 

prototype and prototypes 
was refined based on 
feedback 

Evaluation stage: 
o Developed a usability 

testing framework which 
was conducted with 5 
users where feedback was 
incorporated into the app 

o Goal to empower patient 
decision making and/or 
creating empathy 

o The study had an advisory 
group called CAB which 
consisted of eight 
“consumers” and 
“consumer advocates” 
who met monthly to advise 
the SPIRIT scientific team 
on all aspects of trial 
design and conduct, which 
was resulted in changes to 
the app and study. 

 

1. Design with the user 
2. Understand the 

existing ecosystem 
3. Design for scale 
4. Build for 

sustainability 
5. Be data driven 
6. Use open standards, 

open data, open 
source, and open 
innovation 

7. Reuse and improve 
8. Address privacy and 

security 
9. Be collaborative 
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2.7.6 Discussion 

2.7.6.1 Principal Results 

 

This research presents the current landscape regarding user led design and evaluation 

of self-monitoring applications for bipolar disorder. This was investigated via three 

specific questions a) are users being involved in the design and evaluation of 

technology?  b) if so, how is this happening? and lastly c) what are the best practice 

‘ingredients’ regarding the design of mental health technology? 

 

For question a) in total 19 papers were included in this review, which resulted in the 

evaluation of 13 novel smartphone applications for self-monitoring for bipolar 

disorder. In total, six of these papers have been grouped together as they have been 

published in respect to the same smartphone application, which is highlighted in the 

results table. In regard to question a), the results from this review indicate that users 

are being involved in design and evaluation, but this is highly variable in terms of level 

of involvement.  In total, 3 self-monitoring applications (n=4 papers) were classified as 

having no mention of user involvement in design, 3 self-monitoring applications (n=3 

papers) were classified as having low user-involvement, a further 4 self-monitoring 

applications (n=9 papers) were classified as having medium user involvement and 2 

self-monitoring applications (n=3 papers) were classified as high user involvement, 

which was the lowest frequency of user-involvement category in this review.   

 

In respect to question b), there is variability in the models of user involvement in 

design and evaluation where the following have been described: agile development 

process, co-creation approach, participatory design, patient-clinician designer 

framework, user and human-centred design and principles of digital development. The 

key characteristics of these models are described in Table 6. A standout method 

mentioned was “agile development process” which is a software development process 

aimed at producing outcomes fast in relation to market constraints and the ability to 

accommodate changes during the software development cycle (Cao et al., 2009). It’s 
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use case in mental health technology is sparse  and there are questions as to how a 

model aimed at quickly meeting market constraints considers the users voice and 

needs during the process of designing mental technology, which sheds light on why it 

was ranked low in terms of involvement as it only considered users in the evaluation 

stage. Finally, this large amount of variability sheds further light on the need for quality 

guidelines in the reporting of user-involved development of mental health 

technologies.  

Model of user-

involvement 

Key characteristics  

Agile development 

process 

An iterative approach to project management which is aimed at product 

fast outcomes in relation to market constraints and the ability to 

accommodate changes during the software development cycle 

Co-creation approach A process which is aimed at creating with users/stakeholders to ensure 

results meet their needs and are usable 

Patient-clinician 

designer framework 

A process which uses the key principles of user-centred design to be 

applied in the context of mental health. A framework which aims to 

involve patients and clinicians in the process of design through 

collaborative design workshops and iterative prototyping 

Human-centred 

design 

A process which is based on designing based on characteristics and 

intricacies of human psychology and perception which is considered to 

carry out a deeper analysis that user-centred design 

Principles of digital 

development  

A process which focuses on the following nine principles during digital 

development:  

1. Design with the user  

2. Understand the ecosystem  

3. Design for scale  

4. Build for sustainability   

5. Be data driven  

6. Use open data, open standards, open source and open innovation  

7. Reuse and improve  

8. Address privacy and security  

9. Be collaborative 

Table 6 Key characteristics of user-involvement 
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The descriptive section of the table, which describes how models of involvement were 

implemented as outlined in selected papers, also uncovers pertinent findings to 

question b). It was found that those papers that were classed as high user involvement 

displayed increased level of detail on how they implemented their chosen user 

involvement model. Additionally, those papers that were classed as high user 

involvement not only described their methods as mainly participatory design, but also 

described a combination of methods such as co-creation, participatory design and 

human-centred design. This highlights some early suggestions that it is the 

combination of methods which could be the driving force of ideal user-involvement 

which underpins points 5 and 6 of our recommendations of best practice as outlined 

in the results section. These points describe that there should be a mixing of methods 

to capture the unique and dynamic requirements of mental health technology users 

and that there should be an increased awareness of these methods in both the HCI 

and PPI design communities.  

Focus groups were the method of choice during concept generation and ideation 

stages. For prototype design and deployment stage, the following methods were 

shown to have been employed: focus groups and workshops, sharing of wireframes 

and interviews. For evaluation stages, there was a combination of the use of 

standardised and unstandardized questionnaires to measure factors such as usability, 

satisfaction and usefulness of the smartphone application. For a few studies, 

completing tasks using the application was also a method used for evaluation. Only 

one study which met the high user involvement criteria had explicit reference to 

empower patient decision and/or creating empathy by having a patient advisory 

board, whose role was to advise the scientific team of all aspects of the study and 

smartphone application. Some studies (Abdullah et al., 2016a;Matthews et al., 2016)  

had particularly low user numbers (ranging from 1-7 users) and there are questions as 

to whether such small samples can adequately capture users’ needs/wants and 

whether this constitutes a user-focused approach. The aims of these methods are to 

represent diversity in this voice and capture both an implicit and explicit 

understanding of users, tasks, environments and interactions so that technology can 

be designed better, and it can be argued that such small samples cannot provide the  
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clinical, and industrial settings need to work collaboratively to establish mechanisms 

to enable technology development and the contribution of appropriate users to be 

accessible, inclusive, and representative. 

From a more systemic perspective, this intersection between PPI and HCI may shed 

more light on the variability of user involvement both in this study and more generally. 

Both approaches combined describe the umbrella of the types of user involvement 

methods described in this review. However, both approaches individually have 

tensions that need to be considered, which are likely to impact the application of these 

methods. PPI approaches have limitations in that they are currently not versed in 

considering design within the tensions of cost and regulation, as PPI processes are 

often the result of existing government funding for research, rather than commercial 

and industrial funding, which is more typical of technology development. Tensions 

arise because of the differences in time management and resource allocation 

depending on the funding source, and there are questions regarding the adaptability 

of PPI practices for this. These practices tend to be focused on the clinical context and 

clinical task and are not versed in considering more subjective, hard-to-measure, and 

tacit aspects when designing technology such as user experience and everyday life 

practices, which are facets removed from direct clinical care. PPI approaches tend to 

traditionally linear, static approaches that do not evolve or iterate owing to new 

information, which is not suitable when designing technology where iteration is a 

requirement. This is because the origins of PPI do not stem from design or scientific 

disciplines, such as HCI, where the elicitation of need-finding is not just limited to the 

anticipated as it is in PPI but also unanticipated or implicit in nature [40]. For example, 

when reviewing user preferences on data visualization for remote monitoring 

technology, BD was touched upon, and it was found that the state of readiness and 

state of health as well as data literacy and familiarity with technology are all factors 

when considering user engagement with remote monitoring technology (Polhemus et 

al., 2020). The consideration of factors, such as state of readiness may not be readily 

captured by PPI. 

 



 

 

58 Majid, S. (2023) 

 

For HCI approaches, unlike PPI processes, there is a lack of use of these formal 

methods in the context of mental health service and technology design. Therefore, 

there is little evidence of their effectiveness (Orlowski et al., 2016). PPI processes 

based on and in health care provision and improvement work are often conducted by 

professionals who have a skillset targeted toward working and engaging with those 

with mental health issues, whereas this cannot be said in the field of HCI where the 

training background is largely different with little or no experience in mental health. It 

is unclear whether this is a benefit of technology-based approaches as it has the 

potential, if planned and implemented well, to remove the power dynamics and 

hierarchy by not having a clinician taking lead which can sometimes negatively impact 

meaningful PPI contributions. Alternatively, it may be that if not designed with 

empathy and in conjunction with the advice from clinical persons or those with lived 

experience, HCI approaches could be a hindrance and a barrier to disclosure and 

engagement if the nonclinical professionals do not have the skillset to meaningfully 

engage those with mental health issues. This research highlights the need to upskill 

both communities to be better equipped, and future research should aim to explore 

this. Conclusively, user-focused approaches can provide a framework for PPI to embed 

participatory activities within the iterative, fast-paced development process of mental 

health technology development. Likewise, PPI has developed core standards around 

establishing an equal relationship between users and researchers, which can lend 

itself well in HCI approaches where this is not necessarily present. 

2.7.6.2 Limitations of the review  

 

The limitations in this paper may also contribute towards the lack of user-involvement 

mentioned in this paper. This paper reflects the current practices of user-involvement 

to the extent to which authors made this explicitly available in the chosen literature. 

It could be the case that not all authors disclosed the process of design in the paper 

for a variety of reasons. First of all, with strict word limits in the case of often complex 

papers in the field of mental health technology, authors may have decided to focus on 

other parts of the technology such as results and omit design and development of the 

technology. Likewise, the process of design could be described in other papers which 

may not have been picked up in this review. We did not contact authors to check if 
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there was additional literature on user design nor interview authors about user design 

in the development of technology, but such practices might produce a more 

comprehensive review of user design practices in the future. It is also worth noting as 

a limitation that only research-led app development projects were assessed and there 

may be innovations in commercial and non-profit developments that have not been 

considered in this paper as only published literature was considered. Lastly, there may 

be limitations around the recommendations of best practice provided by the group of 

experts and future studies should consider more structured tools such as the Delphi 

method.     

2.7.6.3 Conclusions 
 

In conclusion, the current research provides evidence that despite recommendations 

on the involvement of user in the process of mental health technology design and 

evaluation, in this case specifically for bipolar disorder, there is large variability on 

whether the user is involved, how they are involved and the extent to which there is 

authentic empowerment of the voice of the user. This lack of user involvement in the 

development of technology  echoes the findings from Ortiz et al (Ortiz et al., 2021) in 

which individual variability of experience of BD is not being considered in the 

development of such technology as adopting this approach is a core step in 

understanding this. The tensions between the design approaches used in PPI and HCI 

may shed some light on why there is variability of user involvement. Currently, both 

the design approaches work independently however future practices should aim to 

work together and encourage the awareness and mixing of methods. The findings of 

this research have been reviewed by an expert panel, including an individual with lived 

experience of bipolar disorder and recommendations were made for the design 

communities to establish better mechanisms for awareness, mixing of methods and 

increased user involvement.  

 

 

2.8 User preferences for data visualisation for self-tracking technology in BD: a 

literature review  
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2.8.1 Introduction  

 

To delve further into the account of individual variability in the design of self-

technology in BD, we specifically investigated the role of user preferences in design 

particular for data visualisation in a further, systematic review of the literature. As 

defined by Matthews et al (Matthews, Murnane, & Snyder, 2017a) the experiences of 

the patterns of behaviours, symptoms and early warning signs that are revealed by 

self-monitoring in BD are highly individualistic, with the potential to promote 

preventive behaviours in some and ruminative unhealthy behaviours in others. The 

way this data is presented back the user is crucial in investigating, as it essentially 

determines whether technology plays a promoting role in self-management, or 

disruptive. Designs of high quality data visualisation of users require a sound 

understanding of individual variability, which can be achieved by understanding user 

perspectives and needs in design process, as indicated in the previous literature 

review which explored this (Majid et al., 2021). The review explores this in a systematic 

procedure, focusing on user preferences for data visualisation for those living with 

severe mental health conditions, with a focus on BD.  

 

2.8.2 Methods  

2.8.2.1 Identifying Relevant Studies  

 

This protocol was registered on PROSPERO (International Prospective Register of 

Systematic Reviews, CRD42019139319) while the review was in its pilot phase [21]. 

We searched PubMed, IEEE Xplore, EMBASE, Web of Science, proceedings from the 

Association for Computing Machinery Conference on Human Factors in Computing 

Systems, and the Cochrane Library for original, peer-reviewed, or gray literature 

published in English between January 2007 and September 2021. Searches included 

combinations of terms such as mHealth, along with terms related to data visualization 

and neurological disease. Relevant papers were also identified from manual searches 

of included studies’ reference lists. Studies were screened in 2 stages: abstract 

screening and full-text review. Eligibility criteria and screening forms were piloted on 

a set of 50 abstracts and 15 full-text reviews, and criteria were clarified or amended 
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as needed. Two reviewers independently screened each abstract. In the case of 

disagreement, the abstract automatically proceeded to the full-text stage. Two 

reviewers then independently assessed each full-text paper for eligibility, and 

disagreements were resolved through discussion. If no consensus could be reached, a 

third member of the review team reviewed the paper and made a final determination. 

Agreement between reviewer pairs was determined through Cohen kappa. 

Deduplication, record management, and screening were conducted in CADIMA, an 

open-access systematic review software (Kohl et al., 2018).  

 

 

2.8.2.2 Eligibility Criteria  

 

We included studies if they met the following criteria: 

 • All or part of a study population was living with a mental health condition  

• Users were ≥18 years of age  

• Self-monitoring technology for laypeople to track, monitor, or manage their 

own health was investigated  

• Results of any qualitative methods or integrated syntheses of mixed methods 

were reported  

• Patient perspectives on visualizations of health or wellness data were 

reported  

The following studies were ineligible for inclusion:  

• Conditions that were not neurological in nature or not associated with 

mental health 

 • Perspectives on interface design, intervention design, or any component of 

RMT design unrelated to data visualization  

• Visualizations limited to medication adherence or non–health-related data 
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 • Perspectives of caregivers, health professionals, or others not living with a 

neurological or mental health condition  

 

We purposefully remained broad in our definition of the term “data visualization” 

because it is understood differently by different people. Therefore, we included any 

format through which self-tracking technology displayed data to service users. We 

defined chronic mental health as depression, anxiety, or bipolar disorder.  

2.8.2.3 Data Extraction, Critical Appraisal, and Qualitative Synthesis  
 

Two authors independently reread each included study and extracted quotes related 

to data visualization preferences. When available, screenshots of data visualizations 

were also extracted. To ensure that analysis remained grounded in the context of the 

original studies, data extraction forms included a detailed description of each study’s 

objectives and methods, and annotated PDFs were preserved. Studies were critically 

appraised with the Mixed Methods Appraisal Tool (Pace et al., 2012). We then 

categorized studies as conceptually rich “key papers,” “satisfactory papers,” which are 

methodologically acceptable but provide only moderate value to the synthesis, and 

“fatally flawed papers,” which contain major methodological flaws (Dixon-Woods et 

al., 2007). We also noted “minimal impact papers,” which provided minimal 

contribution to the synthesis. Following a reading of the extracted text and its context, 

2 authors independently coded data line by line, producing a draft coding frame. The 

coding frame was iteratively amended, refined, restructured and the data recoded 

until no additional codes or disagreements were identified, and categorized into 

“descriptive themes,” which described the structure and content of the codes. 

Analytical themes, which interpreted the coded data, were developed through 

iterative rereading and discussion of the codes and thematically organized data. 

Results  
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2.8.3 Results  

2.8.3.1 Included studies  
 

Searches returned 2928 unique records. Of these, 177 papers were included in full-

text review and 35 were eligible for qualitative synthesis. Reviewer agreement was 

moderate during abstract screening (weighted κ=0.45) and substantial during full-text 

review (weighted κ=0.79) [22]. Our relatively low agreement during abstract screening 

was expected and mitigated by reviewing the full texts of all abstracts, which were 

judged eligible by at least one reviewer. Multiple papers were identified for 3 research 

projects, as indicated in the previous literature review: the SPIRIT study (n=3), the 

MoodRhythm app (n=2) [35,36], and the MONARCA (Monitoring, treatment and 

prediction of BD episodes) project (n=2) [37,38]. For these projects, all identified 

papers were analysed as 1 study. Thus, 31 unique studies were included. We identified 

3 themes through content analysis: desire for data visualization, impact of 

visualizations on condition management, and visualization design considerations.  

2.8.3.2 Desire for data visualisation 
 

In 21 out of the 31 included studies, users expressed a desire for data visualisation 

including: mood and disease-specific symptom scores, physical activity, sleep patterns 

and quality and rhythm of daily activities.  

 

2.8.3.3 Impact of visualisation on condition management 

 

Generally, the results indicated a positive experience of the impact of visualisations 

using self-tracking tools on condition management. It was reported the data 

visualisations assisted in user recall of their experiences, especially considering the 

difficulty of reflecting on past experiences which has been indicated in other key 

studies such as (Matthews, Murnane, & Snyder, 2017a) (Murnane et al., 2016). It was 

reported that especially in the case of BD, and schizophrenia where the nature of the 

conditions can impact the perception of reality (Matthews et al., 2015), objective 

visualisation of retrospective symptoms presence can offer a sense of validation. 

Furthermore, visualisation could drive more engagement with self-tracking 
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technology as especially in the case of BD and insomnia, data and insights could be 

perceived as rewards (Matthews et al., 2015). In a study with BD, it was indicated that 

the lack of data visualisation was thought to lead to study dropout (Bauer et al., 2018). 

Finally, users often described a desire of data visualisation in order to communicate 

with healthcare professionals, caregivers and others, irrespective of whether the 

technology was designed for this purpose.  

2.8.3.4 Visualisation design preferences 
 

Users often described expressed conflicting preferences for data visualisation 

(Bardram et al., 2013) (Murnane et al., 2016) (Buitenweg et al., 2019), indicating a 

considerable design challenge.  Several studies reported the use of graphical 

preferences were preferred by most users but personal preferences varied highly 

(Bardram et al., 2013) again echoing the high level of individual variability when it 

comes to self-tracking technology for BD. To further support this, some users 

suggested that colour and images were powerful tools to increase engagement and 

meaning (Matthews et al., 2015), however some users described that this could trigger 

emotions related to self-image (Bauer et al., 2017) (Matthews et al., 2015) (Bardram 

et al., 2013). Users also discussed the value to adding contextual, qualitative 

information when interpreting visualised quantitative data (Bauer et al., 2017) (Bauer 

et al., 2018) (Matthews et al., 2015), such as the ability to annotate the data (e.g. via 

notes) as to provide individual context. In terms of timeliness, preferences for data 

visualisation varied from real-time, daily or even monthly feedback again reinforcing 

the high level of individual variability. Several studies concluded the importance for 

variability in designs, allowing users more control over the time and type of data they 

wish to see.  

2.8.4.5 Conclusion 
 

When designed appropriately, accounting for individual variability by employed user-

centred approaches, data visualisations can potentially increase value and 

engagement and act as a highly appreciated component of self-monitoring technology 

for BD. The current research uncovered there is a desire for data visualisations, and 



 

 

65 Majid, S. (2023) 

 

they have important benefits for condition management such as assisting in user-

recall and communications with healthcare professionals and caregivers. However, as 

demonstrated by design preferences for visualisation, a blanket approach when it 

comes to self-tracking technology may not be appropriate due to the contrasting and 

conflicting preferences of this user group. The ability to tailor and personalise 

technology to individuals’ experiences, needs and preferences can potentially 

maximise the utility of technology. A route to this can be through the appropriate 

engagement of the user throughout technology development, design and 

deployment.  

2.9  Chapter Summary 

 

BD is leading cause of disability worldwide with significant impact on a person’s quality 

of life and ability to function causing devasting social and economic consequences. 

The condition is characterised with marked and extreme mood disturbances from 

symptoms of mania, hypomania and depression ranging in severity, which define the 

major classification of the illness into BD1 and BD2. Research suggest that specifically 

looking at EWS, using aids such as EWS checklists, have proven utility in decrease rates 

of hospitalisation, time to episode and improved functioning for those with BD. 

However, the very nature of this condition poses challenges when it comes to self-

tracking such as decreased self-awareness during period of being unwell (Lobban et 

al, 2011).  

In the advent of pervasive technology, novel mobile technological solutions have been 

leveraged to aid in self-tracking in BD accounting for the challenges individuals may 

experience. Many of these technologies combine active (i.e., self-report) as well as 

automatically collected passive (i.e., activity, sleep patterns, heart rate etc) sensing 

techniques to provide insight into relapse for BD. There is some, albeit limited, proven 

utility of this type of technology in understanding relapse thus far. However, results 

are largely varied with a lack of accountability for the individual variability in the 

experience of this condition and how this may impact the development and design of 

technology. A method to explore individual variability and gain insight into users’ 

needs and preferences are user-centred design approaches, as recommended in the 
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literature. A literature review was conducted to investigate the current landscape of 

user-centred design approaches for current technology and results indicated that the 

adoption of these techniques is currently highly variable, with a significant proportion 

of studies reporting no-user involvement in the development and design of 

technology. Demonstrating that currently, individual variability is not being accounted 

for in this domain. This literature review also consisted of an expert review, who listed 

best practice principles to guide the design of self-tracking technology for BD.  A 

second literature review was conducted on design preferences for self-tracking 

technology in the context of data visualisation for BD, where it was echoed that there 

is no “one size fits all” for the design of technology. It was concluded that technology 

should be tailored according to users’ needs and preferences, in order to maximize 

the potential that technology has in order to improve the lives of those living with this 

condition.  
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Chapter 3: Methodology 
Chapter summary  

▪ Provides a brief overview of the study design that was employed for the 

respective studies which will be further defined in respective study chapters: 

Chapter 4: Concept Generation and Ideation, Chapter 5: Prototype Design 

and Deployment and Chapter 6: Evaluation: 6 month beta test of the 

Prototype 

▪ Provides an overview of the self-tracking tool that was employed in the 

studies. 

▪ Provides an overview of qualitative and quantitative analytical methods used 

in this research. 

3.1 Study Design 

This research employed a mixed method approach to bring user’s personal and lived 

experience of BD to the forefront in order to design and assess to assess a mobile self-

tracking tool which uses passive and active sensing techniques to understand EWS for 

relapse for those with BD. In order to account for the variability in illness experience 

and to understand users’ needs and preferences throughout the course of 

development. A full description of the study design is provided in Figure 2, indicating 

where the elements of the study were drawn from (e.g., HCI and/or PPI) and how they 

relate to the seven recommended principles.  
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Figure 2 Full study methodology 

3.2 Self-tracking tool  

 

The technology employed in this study is titled RADAR-Base and has been developed 

by the industrial sponsors of this research (National Institute of Health Research - 

Nottingham Biomedical Research Centre).  

RADAR-Base stands for Remote Assessment of Disease and Relapse, and is an open-

source mHealth platform able to leverage data from wearable and mobile 

technologies (https://radar-base.org/) which is outlined in Figure 5, as has proven 

applications in major depressive disorder, epilepsy and multiple sclerosis (Ranjan et 

al., 2019) 

 

Figure 3 Outline of RADAR-Base Platform 

 

Like other types of mobile self-tracking technology for BD (Ortiz et al., 2021), RADAR-

Base employs both active and passive sensing methods. It consists of two applications, 

one for passive data collection pRMT and one for active data collection aRMT. The 

aRMT app allows for self-reported information to be inputted. The pRMT application 

allows for the passive collection of the following data sources:  

1,2,3,4,5,6,7 Seven recommendations from Majid et al (2021) 

https://radar-base.org/
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• Phone usage 

• Local weather 

• Step count 

• GPS location 

• Which apps are being used and for how long 

• Battery level 

• Other Bluetooth devices in the vicinity 

• Sleep information and heart rate (provided by user Fitbit connection if 

possible) 

• Number of contacts on phone  

• Ambient light 

 

Though RADAR-Base has a proven use case in other mental health conditions such as 

depression (C. L. Stewart et al., 2018), it has not yet been explored in the context of 

BD. By adopting the close participatory design approach in this research, we aim to 

adapt RADAR-Base to be closely aligned to user’s needs, preferences and individual 

variability. The process of which will be outlined in Chapter 5.  

 

3.3 Methodology overview  

An in-depth description of each research phase and associated methodology will be 

reported upon in later chapters in this thesis. However, in the interests of reader 

orientation, a brief description of overall methodology will be reported upon in this 

chapter. 

3.3.1 Concept Generation and Ideation  

Overview: This phase of the research employed two workshops to explore reasons, 

methods and challenges for self-tracking with n=18 user across two locations in the 

UK. Both workshops were three hours in total, with a one-hour lunch break in 

between. Workshops started with an icebreaker exercise followed by a three-part 

structure involving a series of interactive exercises.  
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Rationale: By establishing close relationships with two specific BD charities (Bipolar 

UK and Bipolar Lift CiC) we were able to explore methods that users would be 

comfortable with for meeting and sharing experiences. We tried to ensure our 

methods reflected current practices employed by these organizations. Both 

organizations run frequent workshops and group events which was the reason 

behind our choice of data collection. 

3.3.2 Prototype Design and Deployment  

Overview: This phase of research employed virtual follow up interviews (n=10) to 

explore findings from the workshops more specifically in relation to design, in order 

to create a working prototype ready for testing. When the prototype was ready, this 

was subject to a series of alpha testing to explore usability, user experience and 

functionality of the self-tracking tool.  

Rationale: As this part of the research was conducted during the outbreak of COVID-

19, there was a limited pool of methodological approaches that we could apply. The 

follow up sessions were initially meant to conducted in-person, in a subsequent 

workshop however they were conducted as virtual follow up interviews instead. The 

option to run a virtual workshop was considered however wgiven that the user 

number fell on the higher side (n=10) (Brown, 2022)  as well as the novelty of online 

workshops at the given time, it was decided that interviews were the stronger 

methodological choice. As exploring usability was a core goal for this phase of this 

research, an alpha testing approach was employed with n=2 users. Alpha testing is a 

type of usability testing which is conducted at the early stages of development, to 

uncover early stage usability issues prior to full development (Alpha Test, n.d.) within 

test subjects who are internal to the development, and is also described as being 

within the process of development of mental health applications 

3.3.3 Evaluation: 6-month Beta Test of the Prototype  

Overview: The final prototype was enrolled for beta testing in a real world setting 

with n=8 users for a period of 6 months. The users engaged with both the passive 

and active sensing methods that made up the final prototype which is outlined in 

Chapter 5.  The aims of this research was to explore the self-tracking tool in a real-

world context; therefore, we provided the tool to be used in everyday life, aiming for 
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minimal research interference unless during these specified time points, which users 

were aware of from the point of study sign up. Specifically at month 1, month 3, 

month 6 as well as after study completion to explore the self-tracking tool in an 

interview format. The interviews were aimed towards understanding the experience 

of using the self-tracking tool, paying particular focus towards usability and user 

preferences. The interviews conducted at the 3-month and post-study points 

explored the above but had an additional focus on data visualisation.  

Rationale: Beta testing is a similar process to alpha testing, however users test a 

developed protype in a real world context, and is being more increasingly used in the 

general context of mental health technology (Shore et al., 2014) (Lewis et al., 2021) 

(Rickard et al., 2016) (Birrell et al., 2022).  This underpinning our methodological 

choice at this phase of the research. Interviews were selected as an appropriate 

method to follow up as the aims of the research were to uncover individual 

variability, therefore required a method of data collection that facilitated this.  

3.4  User recruitment  

 

For the Concept Generation and Ideation phase, user recruitment was achieved 

through the assistance of both national and local charity organizations involved in this 

study who sent bulk messages to mailing list members who may be interested in the 

research, as well as other snowballing techniques via an existing PPI team based at the 

Institute of Mental Health at the University of Nottingham. 

For the Prototype Design and Deployment phase of this research, the same users who 

were involved in the subsequent phase of the research were involved in the interviews 

as well as n=2 users who were involved in the series of alpha testing.  

For the Evaluation phase of this research, a number of users who were involved in 

subsequent parts of this research were also involved in this phase which included 

testing the prototype in a real-world setting. A cohort-style user approach arose from 

this phase of research which will be reported upon this in this thesis. Further users 

were recruited through associated charities such as Bipolar UK.  
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3.5 Study Analysis 

 

For qualitative analysis that was employed in this study, Braun and Clarkes thematic 

analysis approach (Braun & Clarke, 2006) was used. A reflexive thematic analysis 

approach was taken as it allowed the researcher to determine the outcome and focus 

of the findings, as opposed to being bound to a specific theoretical framework – as 

classified as Big Q thematic analysis. An inductive theoretical approach was taken to 

the analysis so that themes were derived directly from the data themselves. In terms 

of the themes, they were identified at a semantic level in order to identify and 

summarise the content of the data and capture the surface meaning (i.e., reflects what 

was explicitly said) - this was to keep as close as possible to the users account which is 

the primary purpose of this thesis. The thematic approach consisted of a six-step 

approach of: familiarizing yourself with the data, generating initial codes, searching 

for themes, reviewing themes, defining and naming themes, and producing the report.  

In some cases, affinity mapping was used as a tool to visualise the thematic analysis 

results for those interview questions that had briefer, summary responses. Affinity 

mapping is prevalent tool in user experience research (Kara, 2019) used to discern 

patterns in notes and observations, thereby creating cohesive patterns or themes. 

Affinity mapping techniques is a quicker method compared to thematic analysis, and 

was used in areas where responses were brief and didn’t require a full thematic 

analysis, in case where a summary of the data was needed.  

For quantitative analysis, we employed data analytic and statistic tools offered by 

Python and R programming libraries to understand the connections, if any, between 

the active and passive data. Using statistical methods to explore the connections 

between the active and passive is typical for analysis for this technology as outlined 

by Ortiz et al (2021).  
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Chapter 4: Concept Generation and Ideation 
Chapter summary  

▪ Limited research has investigated the everyday practices of self-tracking for 

BD, and it is unclear how the normative ontology that is seen in existing self-

tracking technology discourses (e.g., the Quantified Self movement) is 

applicable to the domain of mental health 

▪ To address this, this study explores reasons and methods RQ1 for self-tracking, 

and challenges and opportunities for future mobile technology RQ2. To do this, 

and in line with PPI principles, we designed our study closely with individuals 

with lived experience of BD where a series of workshops and interviews were 

performed to explore how and why those with BD self-tracked. 

▪ These results of this study contributed towards the knowledge for self-tracking 

in BD.  The findings documented a high degree of complexity and individual 

variability in self-tracking, where over 50 methods of tracking were described. 

We suggest that future design in this domain should convert these complex 

experiences, accounting to this high level of variability.  

 

3.1  Introduction 

Self-tracking is a key method that many of those with BD employ to manage their 

everyday lives, extending into the use of digital devices like mobile phones to support 

a wide range of self-tracking practices (Murnane et al., 2016). While self-tracking has 

received some attention within HCI (I. Li, Dey, Forlizzi, et al., 2011; Luo, 2021)—

particularly in the guise of the ‘quantified self’ movement (QS) (Choe et al., 2014; den 

Braber, 2016) —self-tracking’s relevance to mental health, particularly in BD, has been 

examined only in limited ways (Matthews, Murnane, & Snyder, 2017a). Murnane et 

al. (Murnane et al., 2016) and Matthews et al. (Matthews, Murnane, & Snyder, 2017a) 

explored this in earlier studies and found the process of self-tracking in BD to be 

inherently complex as the sense of self and emotional state is in “flux, uncertain and 

unreliable”. Both studies shed light on motivations and methods behind self-tracking 

however only provided a limited understanding on the internal process of self-

tracking, especially on the process of turning a qualitative experience into something 
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quantitative. Our research seeks to extend and deepen this understanding and to 

explore the nature of self-tracking practices for people with BD—as they are 

frequently designing their own self-tracking methods alongside clinical measures such 

as lists of ‘early warning signs’ (EWS) (Lobban et al., 2011) to both anticipate and 

manage conditions. 

More specifically this research attempts to get to grips with three key issues related 

to work on BD and self-tracking. Firstly, current users are not being involved in the 

design of self-tracking technology for BD as much as they could be, and there are 

suggestions that HCI and PPI approaches should be hybridised to better empower 

users in the design and research of mental health technology (Majid et al., 2021), as 

indicated in former parts of this thesis. Secondly, there are tensions reported in the 

literature (Nicholas et al., 2017a) between what users want, what is theoretically 

sound, and the practical constraints of what can be measured with tracking-supporting 

technologies without infringing on confidentiality and privacy. Thirdly, many uses of 

self-tracking technology draw conceptually from the QS community, but in their 

nature adopt a specific normative ontology (Spiel et al., 2018). There are thus 

questions whether normative QS practices and ontologies are then applicable in the 

domain of mental health, especially in the context of BD where the sense of self is 

constantly in ‘flux’. We will return to these issues in our discussion. 

To address this, this study explores reasons and methods RQ1 for self-tracking, and 

challenges and opportunities for future mobile technology RQ2. To do this, and in line 

with PPI principles, we designed our study closely with individuals with lived 

experience of BD where a series of workshops and interviews were performed to 

explore how and why those with BD self-tracked. As part of this we wanted to 

understand how this might also inform future technology, paying particular attention 

to current tensions in relation to some design practices and their limitations, i.e., we 

wanted to more broadly consider the working environment and researcher experience 

within mental health technology. If a self-tracking tool was designed which was based 

on users’ needs, reflective of self-tracking practices as well as being embedded in 

proven clinical framework such as EWS (Lobban et al., 2011), it could have capacity to 

be a very useful method of self-management which is crucial for those with BD. 
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Specifically we unpack how those with BD convert their everyday experiences into 

something quantitative, and investigate the process of what constitutes a ‘count’ in 

the first place. In doing this, we demonstrate an example of ways to combine the 

principles of HCI and PPI—a design method of choice in mental healthcare research—

in order to better ground research on BD and technology in ways that embed deeper 

participation. Combining principles of PPI and HCI to have users to assist in designing 

technology (as seen in participatory approaches in HCI) as well as in designing and 

running research (e.g., users co-facilitating design workshops) utilizing end-to-end 

user involvement. 

 

4.2.1 BD and self-tracking 

How people track in general is understood by some of the personal informatics models 

and tracking styles as seen in the HCI literature. For example, Li et al. (2011) describe 

a five stage process model of personal informatics (preparation, collection, 

integration, reflection and action) which was extended by Epstein et al. (D. Epstein et 

al., 2014) to account for other motivations of tracking beyond behaviour change. 

There is some, albeit limited literature in specifically understanding self-tracking in BD. 

Murnane et al. (Murnane et al., 2016) explored self-monitoring practices, attitudes 

and needs of individuals with BD using a survey with 552 users. They found that 

individuals reported that they primarily self-tracked items such as mood, sleep, 

finances, exercise and social interactions with an increasing trend towards the use of 

digital self-tracking methods. The study made suggestions towards the design of 

technology-based methods to be more condition-orientated, intuitive and proactive, 

including the need for sensing based technology methods. Matthews et al. (Matthews, 

Murnane, & Snyder, 2017a) takes this one step further and used user interviews 

(n=10) to explore how and why users engage in self-tracking, asking how the 

experience of BD influences self-tracking practices and what role technology plays in 

supporting this. They found users use a variety of methods to self-track to identify 

risky patterns that are indicative of episodes, as well as more positive trends that 

support recovery. They also found that users experience considerable challenges in 

self-tracking as their sense of self and emotional state is in ‘flux, uncertain and 
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unreliable’. This resonates with Rooksby et al. (Rooksby et al., 2014) who uncovered 

the chaotic and complex nature of tracking for activity tracker users. 

Both studies report a positive perspective of the role of technology in self-tracking, if 

designed correctly. Poor usability and difficulty interpreting self-tracking data were 

the reported challenges in using self-tracking technology. Congruent with the aims of 

this research, the authors state that “currently, as designers we tend to focus on the 

quantitative, but as our users have shown, these numbers have deeply personal and 

qualitative associations”. In an early paper, Martin and Lynch (A. Martin & Lynch, 

2009) unpack this process of counting and how we interpret numbers. They argue that 

how the count is produced is largely dependent on who is doing the counting, what 

the count is for and the occupational and physical location of the counting event. 

Furthermore, the process of assigning numbers to “things” requires particular 

practices to render things accountable. The process of turning a everyday ‘qualitative’ 

experience into something quantitative has been considered within HCI research with 

key examples in the case of fitness tracker users  (Rapp & Cena, 2016; Rooksby et al., 

2014; Vanello et al., 2012). For example, the Tracker Goal Evolution Model described 

those motivations (which can derive from hedonic/eudanoimic needs) present 

themselves by qualitative goals. For example, the motivation to feel will translate into 

qualitative goals such as active lifestyle or lose weight. These qualitative goals, through 

trust and reflection, are then translated into quantitative goals that can be input into 

trackers (Niess & Woźniak, 2018). However, unlike the activities performed by fitness 

tracker users or other types of tracking in the QS community, it can be suggested that 

the process of tracking is distinct in the context of mental health. Patients and 

clinicians often describe the experience of bipolar disorder as “a rollercoaster”  (Inder 

et al., 2008), where a person can flux between states of relapse, recovery, remission 

and recurrence. The comparison of the differences in interpretation compared to the 

QS community were touched upon by Matthews et al., (Matthews, Murnane, & 

Snyder, 2017a) who found that though practices are the same, the reasons and 

interpretation for QS practices were distinctly different compared to those for BD. For 

example, Martin (E. Martin, 2009) describes the concept of a “zero” day. A zero day is 

a day without change—an unremarkable day—which can be an indicator of 
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improvement for those with BD, however this is unlikely to be treated in the same way 

for non-BD individuals in the QS community. This problem is of course part of a much 

broader class: for instance, a person’s physical step in the QS community is 

represented by a set of algorithms that define and detect a particular, normative 

version of a step (Spiel et al., 2018), but there are questions as to whether such a step 

applies to ‘everyone’. 

In this research we draw on the idea of foregrounding normative ontologies for BD in 

and through our study of tracking practices. There are still unanswered questions such 

as how self-tracking helps people, how important EWS are when self-tracking, and 

how people feel specifically about mobile-based sensing methods of self-tracking. 

Although present research establishes that self-tracking is a deeply complex and 

personal process, the processes underpinning this have not received as much 

attention. Further, research to date has focused on those with BD “participating” in 

the research rather than being “involved” in the research such as developing research 

materials, undertaking interviews with research users, and identifying research 

priories, as seen in much of the PPI literature (Jennings et al., 2018). It remains unclear 

whether, by involving individuals with BD, research will produce the same or yield 

different results. 

4.2.2 The current design of self-tracking technology 

 

A full review of the current landscape of user involvement in the design of self-tracking 

technology has been explored in Chapter 2 of this doctoral research. To orientate the 

reader, a summary will be provided below in order to aid the understanding of the 

design of the current study. 

Though the number of mobile applications for mental health is increasing, it is not 

clear that existing UX methods and techniques are appropriate or sufficient as 

identified in Chapter 1. Classical focus on usability and the delivery of the application 

may need to shift towards consideration of the ecosystem that surrounds everyday 

mental health experiences of the user and how this can be applied to design. Ethical 

concerns, heightened sensitivities and multiple stakeholder views (such as ‘clinical’ 

versus ‘patient’) likely require a fine balancing act when attempting design ‘with’ 
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instead of design ‘for’. Goodwin et al. (Goodwin et al., 2016) states that there is a lack 

of parity of user involvement in the design of physical and mental health applications, 

where, for mental health, users are involved less frequently than for physical health 

apps. Furthermore, the design of such technology involves an intersection between 

healthcare and technology development, both of which traditionally have different 

approaches when involving the user, though there are exceptions to the rule. Patient 

and public involvement (PPI) dominates as a concept for ‘involvement and 

engagement’ within healthcare studies and interventions (Hoddinott et al., 2018). Key 

factors of this approach are outlined in Table 6. On the other hand, user-centred 

design approaches have—historically—been prevalent within HCI or service design 

more broadly. Participatory approaches that seek more direct user involvement in the 

design and delivery of digital technologies are also well-established. Thus, HCI design 

and healthcare-oriented approaches do have a number of overlaps: 1) they involve 

‘users’ in research and development in some way; 2) they focus on understanding and 

empowering ‘users’; and 3) they make changes based on user responses. However, 

there are also key differences and limitations (Majid et al., 2021). Nevertheless, there 

is much work to do in blending these approaches, which is our focus here. 

Key elements of healthcare-based approaches 

• Evidence based in mental health research 

• Traditionally a linear approach to involvement (from start 

to finish) 

• A more standalone ‘event’ of participation rather than 

integrated into development 

• Clinicians will often be involved (likely to be leading)  

• Involvement is on a continuum (high-low) where high 

involvement is seen less frequently 

• Users are often paid for contribution 

• PPI organisers are often authors on works 

• More commonly used in technology assessment  

Table 6 Key elements of healthcare-based approaches 
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In prior parts of this thesis (Chapter 2), we found that only a small number of studies 

reported high user involvement, and that despite the presence of recommended 

standards for the involvement of the user in the process of design and evaluation, 

there is large variability in whether the user is involved, how they are involved and to 

what extent there genuine empowerment of the voice of the user, a purported aim 

for much healthcare technologies research. Our review developed seven principles for 

the mixing of methods present in PPI and HCI to ensure integration, which we detail 

below Table 1 as they informed our present study described in this chapter and 

provide key context for this. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 7 Best practice recommendations for the design and evaluation of self-tracking technology for BD (Majid et 
al, 2021) 

1. Involve users in all stages of design and evaluation, including concept 
generation and ideation, prototype design and deployment, and 
evaluation stages with the goal of creating user empathy and 
empowerment. This process should have an adequate number of 
users to welcome diversity in thought. Equal representation is also a 
crucial consideration that needs to be considered when recruiting 
users. 

2. Ensure early involvement as this will be cost-effective in the long run 
(avoid redesign and problems with use and implementation in the 
later stages). 

3. Combine principles of PPI and HCI to not only have users to assist in 
designing technology but also in designing and running research (eg, 
users cofacilitating design workshops) and use end-to-end user 
involvement. 

4. For academic and industry sectors to establish better mechanisms to 
access target user groups with lived experience of mental health 
issues, for example, by building relationships with existing patient-
directed organizations such as charities and patient-led community 
groups. 

5. Increase awareness of HCI and design communities in PPI principles 
and practices and increase awareness of PPI community in HCI and 
design methods or skills. 

6. Encourage use and mixing of formal scientific or design methods with 
informal experiential and empathic practices to capture richness in 
understanding the dynamic requirements of technology users, which 
are cognizant of use in context. 

7. Keep the user informed at all stages of the process, including final 
outcomes, future use, and next steps, which are often forgotten about 
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The current research aims to embed the recommended factors described above to 

understand self-tracking practices in those with BD and in future to inform the design 

of mobile self-tracking technology. 

 

3.2 Study Approach  

 

To ensure user involvement in the research, two individuals (P001 and P002) with lived 

experience of BD were closely involved in developing the study, via a series of 

workshops and follow up interviews. P001, P002 and the lead author met on a regular 

basis to organize the content of the workshops and user recruitment. P001 facilitated 

the workshop in one UK location and P002 managed the recruitment and facilitation 

of the workshop in another UK location, with the lead author being a joint facilitator. 

The lead author’s role during the research was largely to be the ‘middleman’ between 

involvement with lived experience and involvement with research. The study had a 

consultative and collaborative approach throughout, where the lead author sought to 

empower those with lived experience to be co-designers and co-researchers in the 

study. The findings from the workshops and subsequent interviews were put together 

in a video presentation (in consultation with P001 and P002) and then shared with 

users of the broader study via email, as well as presented back to the users via Zoom. 

The presentation was aimed at gauging the accuracy of the results and eliciting 

responses.  

3.2.1 Exploring methods for self-tracking 

 

Table 10 indicates the types of tracking methods users reported during the workshops, 

along with examples of how this can be used to count experiences. Overall users 

indicated n=50 methods to self-track with multiple accounts of how these are used to 

count everyday experiences such as mood changes. 
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Types of 
tracking 

Examples How it’s used to count 

Pen and 
paper 

Diaries, lists, calendar, post-it 
notes, self-made scales, keeping 
receipts, drawing/art, anniversary 
of life events 

“Looking at number of activities 
on a calendar and see how they 
match to mood escalating” 

Mental 
notes 

Body scan, mental plan for day, 
tracking appetite, environment 
scan, personal hygiene, 
mindfulness, thought 
management 

“Make a list of 20 things to do... 
if I get at least 5 done then 
that’s good” 

Social 
feedback 
 

Share with friends/partner/carer “Your carer or family friend can 
score your mood too, especially 
when you’re unwell” 

Technology 
based 

Mobile apps, wearable technology, 
online mood scales, phone notes, 
bank balance, online forums, 
online research programs 

“Use Bipolar UK mood 
scale…number 1-10 with 
qualitative statements…can 
relate to the qualitative 
statements and match the 
number” 

   

Table 8 Summary table of types of tracking 

4.2.2 User Recruitment  

User recruitment was achieved through the assistance of both national and local 

charity organizations involved in this study who sent bulk messages to mailing list 

members who may be interested in the research, as well as other snowballing 

techniques via an existing PPI team based at the Institute of Mental Health at the 

University of Nottingham. 

4.2.3 Study Design 

Figure 4 demonstrates the study design, indicating where the elements of the study 

were drawn from (e.g., HCI and/or PPI) and how they relate to the recommended 

seven principles. The study was conducted between October 2019 and July 2020. By 

establishing close relationships with two specific BD charities (Bipolar UK and Bipolar 

Lift CiC) we were able to explore methods that users would be comfortable with for 

meeting and sharing experiences. We tried to ensure our methods reflected current 

practices employed by these organizations. Both organizations run frequent 

workshops and group events which was the reason behind our choice of data 

collection. Our two workshops were held at public venues, for example one workshop 
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was held at private meeting venue in a café and the other at a local community centre. 

Workshops were audio recorded followed by transcription. Subsequent follow-up 

interviews were conducted with those users who were willing to share further, to 

explore the findings specifically in relation to design. 

 

 

 

 

Figure 4 Methodology for Concept Generation and Ideation 

4.2.4 Workshop layout 

 

Both workshops were three hours in total, with a one-hour lunch break in between. 

Workshops started with an icebreaker exercise followed by a three-part structure, 

which we detail below. 

4.2.4.1 Exploring reasons for self-tracking 

First, using an affinity mapping approach (Kara, n.d.), users were asked to share their 

thoughts on post-it notes to two questions: “how does self-tracking help you?” and 

“why do you self-track?”. All users were asked to answer the questions using post it 

notes and stick them on a large piece of flipchart paper corresponding to each 

question. Users were then split into two groups and given all the post it notes for each 

question and asked to discover and title emerging themes from the responses for the 

given questions. All users then had a chance to have a look at all themes and given 

1,2,3,4,5,6,7 Seven recommendations from Majid et al (2021) 
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three dot stickers to indicate which of the themes they found most important, for each 

question. 

4.2.4.2 Exploring methods for self-tracking. 

 

Next, users were given an A4 sheet of paper for use in a rapid sketching exercise 

(Levey, 2016), where users were asked to fold the paper until it had eight separate 

boxes, then were given eight minutes to draw, sketch and/or write the methods they 

currently use to self-track (spending one minute per box). Subsequently users were 

asked to form two separate groups to discuss the following question “how do you 

count or keep track of relevant factors relating to self-management?”. 

4.2.4.3 Exploring challenges and opportunities. 

 

Finally, users were asked to get into two groups and have an open discussion about 

the question “what challenges arise when self-tracking?”. The two workshop 

facilitators helped to guide the discussion in the two groups at each workshop. Users 

were provided an EWS checklist for mania and depression (Lobban et al., 2011) and 

given five dot stickers to indicate which EWS were relevant for them for depressive 

and manic episodes. Finally, a scenario was presented about mobile sensing 

technology which looked at smartphone data to sense EWS. Users were asked to share 

their views about this using post-it notes.  The scenario was presented in PowerPoint 

format at the workshop (shown in Figure 5). 
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Figure 5 Scenario of mobile sensing technology that was presented to users at the workshops via PowerPoint 
presentation. 

 

4.2.4.4 Workshop user sample  

In total, we had n=18 users including the two facilitators with lived experience of BD. 

One third of users identified as women, two thirds as men. For age, 25.0% of users 

were between 25-34, 31.3% were between 35-44, 18.8% were between 45-54, 12.5% 

were between 55-64, and 12.5% were 65+. Of the users, 6.3% had more than three 

but less than five years of lived experience of BD, 18.8% had more than five but less 

than seven years and 75.0% had more than seven years. 50.0% had a diagnosis of Type 

I BD, 43.8% had a diagnosis of Type II BD and 6.3% preferred not to say. Two users 

preferred not to answer the demographic questionnaire. Ten users were willing to 

take part in follow-up interviews. 

 

4.2.4.5 Analytic approach 

For the first part of the workshop structure (Exploring reasons for self-tracking), users 

performed analysis themselves: as we mentioned, an affinity mapping was used with 

users organizing the answers to questions into themes and indicating importance via 

dot stickers. No further analysis was performed beyond this; hence results are 

presented as per the user’s discovery.  
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For the subsequent workshop sections, audio data was transcribed by the lead author 

and then analysed using Braun and Clarke’s thematic analysis phases (Braun & Clarke, 

2006) using NVivo. The study employed a reflexive thematic analysis approach, 

enabling flexible exploration of findings without theoretical constraints. Inductive 

analysis derived themes directly from data. Themes were identified semantically to 

capture explicit content and align with users' accounts, the thesis's primary focus. The 

following process was undertaken: familiarizing yourself with the data, generating 

initial codes, searching for themes, reviewing themes, defining and name themes and 

producing the report. During the defining and naming themes stages, P001 and P002 

were involved in analysis.   

For the question “what challenges arise when self-tracking” under the final section of 

the workshop (Exploring challenges and opportunities), themes were ordered in 

hierarchical format which was dependent on the number of codes belonging to said 

theme (e.g., the theme with the highest number of codes were classified as most 

commonly described and so on). P001 and P002 also contributed to the understanding 

and summarizing of the interview data through a series of consultations with the 

doctoral researcher in order to understand opportunities for self-tracking technology 

as presented below. 

4.2.4.6 Ethical Review  

This study was subject to ethical review and approved by the School of Computer 

Science (reference: CS- 2019-R58) at the University of Nottingham, UK. 

4.3 Results 

In summary, workshops and interviews engaged users with three main topics: the 

reasons for self-tracking in BD, which methods were used, and finally a discussion 

around the challenges and opportunities in self-tracking practices. We discuss these in 

turn when describing our results. 

 

4.3.1 Exploring reasons for self-tracking  

First, we want to examine how users explored questions on “how does self-tracking 

help you?” and “why do you self-track?”. Figure 7 provides a reconstructed illustrative 
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example of how the post-it notes were organized and using the dot sticker importance 

ratings for the specific question “how does self-tracking help you?” for all users. Actual 

images are not provided to protect the privacy of our users. Furthermore, user 

numbers are not provided here as these post-it notes were shared openly in the 

workshop, and users anonymously wrote answers. The full list of users discovered 

themes and level of importance is listed in Figure 6. 

 



 

 

88 Majid, S. (2023) 

 

) 

Figure 6 Scenario of mobile sensing technology that was presented to users at the workshops via PowerPoint 
presentation 
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Figure 7 Themes for questions “how does self-tracking help you?” and “why do you self-track?” indicated by level 
of importance 

 

4.3.2 User responses to how does self-tracking help you. 

 

The most important theme that users discovered was titled 

SOCIAL/COMMUNICATION WITH OTHERS, where one user shared on a post-it note 

that “sharing triggers with others can help you spot when they may be happening” 
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when describing periods of relapse. Another user shared that self-tracking could help 

them by “keeping balance with my family” and that it “is a tool to share with others to 

see how I’m doing”. The second most important theme as discovered by the users was 

PREVENTION; a user wrote that self-tracking can “prevent/work through triggers”. 

Further answers include that self-tracking can “help to intervene before extreme 

mood changes”, and that it is “useful for detecting patterns which are otherwise 

difficult to notice, for example seasonable mood fluctuations and the impact of 

significant life events”. The third most important theme discovered was BETTER 

MANAGEMENT OF CONDITION, an example from a user here saying that “knowledge 

is power” or another user answered that self-tracking “reduced overreliance on 

medication” and that it promoted “discipline”. The fourth most important theme was 

AWARENESS/MONITORING OF CONDITION, where a user noted that as a result of self-

tracking “I understand the way I am and why” and that tracking certain factors such as 

sleep can “help me understand what day I’m going to have. Moods vary depending on 

sleep” and to “let me see if my routine is working”. The least important theme users 

discovered was SELF-TRACKING DOESN’T HELP, where one user indicated that self-

tracking “doesn’t help, it can be too much” and lastly a user indicated that “it does not 

help but I can’t stop”. 

4.3.3 User responses to why do you self-track 

 

Using the same method as above, users categorized the answers to the question “why 

do you self-track?” into themes. The theme which was classified as being the most 

important was MAKING SENSE OF CONDITION, which had responses related to how 

self-tracking can “identify changes in mood” and to “to better understand my 

condition”. In line with this theme, another user indicated that they self-tracked 

“because it enables me to keep tabs on and consciously monitor my mood. Bipolar 

(especially Hypomania) has a habit of creeping up on me when I least expect it, so it 

pays to always be vigilant and not get lulled into a false sense of security. Self-tracking 

is a practical, straightforward way”. The second most important theme was titled SELF-

MANAGEMENT, which had answers such as to “be more efficient”, “maintain balance” 

and to “stop spending all my money”. The next important theme was titled 
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UNDERSTANDING TRIGGERS; one user indicated that they self-track to “prevent/work 

through triggers” and that self-tracking through “writing feelings…helps me to put 

things into perspective when I calm down, it allows me to see how heavy the trigger 

was” and lastly to “to try and prevent triggers”. The fourth most important theme was 

titled EVERYDAY MONITORING/ACTIONS, where users provided answers such as they 

self-tracked “to not forget” and that it was part of “routine”. Another user indicated 

that “I don’t really self-track except when extremely low. Then it’s more putting it 

down on paper to be able to read back on it”. The fifth most important theme was 

titled FOR HEALTH PROFESSIONALS, where a user answered that they self-tracked 

“because my doctor told me so”, with another saying, “helps me and my psychiatrist 

to determine if my meds are working or need adjusting” and to share “with doc, shrink 

and mental health team”. Beyond health professionals, users split the last theme for 

others, into FOR OTHERS (RECOVERY) which had answers such as “help support 

others” and for others (reassurance) which included the following answers “show 

those I care about that I am trying to stay well”. 

4.3.4 User responses to how do you count or keep track of relevant 

factors relating to self-management 

 

Using numbers to self-track. Users indicated that they would use numerical scales 

such as the Bipolar UK scale [14] and other clinical and mood scales to understand how 

they are feeling. It terms of helpfulness, one user indicated that it is “really helpful to 

put a number to something that is extremely chaotic”. Users described that numbers 

can be emotional which can be demonstrated with the following quote “But the thing 

we have this negative image that between 1-5 your just below average, you’re a 

nothing you’re a nobody, and the self-esteem and all that kind of lovely stuff and that’s 

already kind of down at the bottom.. just ends up playing on it more..whereas I’m kind 

of like oooh I’m a 9… Actually I feel better, even though I feel shit.. It’s an interesting 

thing as the number affects me.. that number says something but I’m taking it to mean 

something different. …Because we are all wide in that way”. It was also described how 

the range of numbers employed differed for individuals: “1-10 I actually find more 

helpful… if it’s just small, like 1-3 I just don’t get it…it’s just not specific enough. 1-10 
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more options”. Some users stated that numbers are not for everyone, while others 

indicated they preferred a combination of quantitative and qualitative tracking: “it is 

just a number I think you can be like is it 3 and 4 but it’s the statement with the number 

then you can kind of relate... Relating to it, how to describe that stage.” 

 

Using task completion to self-track. Users described the process of creating to-do lists 

and plans as a form of tracking, with the level at which this is completed being 

indicative of mood state. There were idiosyncratic views of what constitutes success 

in users account here. For example, one user stated, “make a list of 20 things to do... 

if I get at least 5 done then that’s good”, while another user said, “take three things of 

this to do list, turn the page over and write those down… this is more manageable and 

if you get one thing of this list today then that’s great”. 

4.3.5 Exploring challenges and opportunities for self-tracking 

Finally, we talk about how users responded to discussions around challenges and 

opportunities for self-tracking technologies. We will also touch on how users 

perceived the EWS checklists combined with their attitudes towards technological 

opportunities in self-tracking. 

4.3.5.1 User responses to what challenges arise when self-tracking. 

Table 9 indicates the key themes that arose from users when asked about challenges 

for self-tracking. These responses are presented in hierarchical order including 

subthemes and quotes. The themes are presented in table format to preserve the 

detail that was discovered from the thematic analysis, and to provide examples in 

relation to the subthemes. The most commonly occurring theme (a challenge) that 

arose from the analysis was about internal factors that prevent tracking. The least 

commonly occurring theme was related to self-tracking technology tracking more than 

current technology. 
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Themes Sub-themes Examples 

Internal factors that prevent 
tracking 
Personal factors that impact and 
prevent the process of self-tracking  

Difficulty tracking 
when unwell 

“Self-tracking tends to go out of the window when we’re going on the 
down” 

Being honest with 
yourself and others 
when tracking  

“I think sometimes I can also skew the results.” 

Poor memory and 
forgetting to track 

“…but that pops up, with notifications and ask twice a day about how you’re 
feeling. I think that’s one of the biggest problems, because I forgot.” 

Lack of motivation “It’s kind of motivation as well. You know, some days we wake up you think 
“I don’t want to do it anymore” 

Lack of discipline “None of is any good if you’re not disciplining yourself to look at the 
information.” 

Experience of tracking can be 
negative 
The process of tracking can be a 
negative experience and a 
reminder of ill health 

Reminder of feeling 
low  

“It will highlight that your mood is creeping down” 

Can become obsessive “It can become obsessive for some people, which makes it a negative thing 
to self-track. So, you’ve got your 10,000 steps a day goal, but if you may not 
raise your head by a certain time, you might be like, well you’ve got a go for 
a run now for yourself” 

Tracking can be 
counterproductive 

“But do I really want a reminder, I don’t know why I was feeling worthless, 
like a piece of shit. Is that going to trigger me off later on? By looking at it to 
remember that that’s the time and this happened and you’re going 
backwards” 

Too much insight is 
negative 

“If you have too much insight, it can actually kill you because you know so 
much that there’s no end.” 

Tracking can be 
punishing yourself  

“Tracking the moment after the moment and it’s quite like I said painful.” 
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Mental health stigma and shame 
Avoiding tracking to hide mental 
health struggles because of 
external and societal pressures 

Not wanting to leave a 
record of your health  

“In my case, I’m half Indian and half white and the way I live my life is 
actually more Indian Asian. So, what’s happening Yeah, actually, things like I 
need to take note, you know, when they’re saying do a journal do a diary, I 
wouldn’t do any of that. I don’t want people within my family to know that 
I’m unwell.” 

Stigma around mental 
health 

“So, the stigma that would then follow my family so my child would not be 
able to get married, because they’d be seen as being unwell because I’m 
actually the father and I was unwell, so if you see genetics and things like 
that, there’s a lot of kind of that whole thing a stronghold in the community 
behind of it.” 

Shame  “Because I think there’s a lot of shame because well, I know I personally feel 
a lot of shame.” 

Lack of third-party support when 
self-tracking 
No availability of support from 
clinicians and services when self-
tracking, especially in situations 
when things are not going well 

Lack of support with 
the results of tracking 

“when tracking they don’t offer you any kind of support within the results or 
anything like that. That’s all on you. So, whilst it’s a good idea to do the self-
tracking I think sometimes it’s hard, particularly if you’re not under a 
secondary mental health team or anything to follow through because you’ve 
got the information, you got the data, but you don’t know really what to do 
with it.” 

Clinicians are not open 
to the results of self-
tracking 

“Recently I had an incident where I wanted to share my psychiatrist my 
sleep tracking on my Fitbit and I showed her, but she wasn’t even the 
slightest bit interested in it and thought why am I even bothering. Because I 
thought that was relevant and if I can evidence that my sleeping is 
improving then surely that’s a good thing. Either she didn’t have time for it 
or she wasn’t bothered or you know it felt like it was a bit more wasted time 
and since then, I haven’t done it” 

Self-tracking technology should 
track more than current 
technology  

No subthemes “If you could chip us all, and monitor everything, spending, the whole lot” 
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Self-tracking technology should 
track as much as possible to 
monitor health and wellbeing 

 

Table 9 Themes for challenges during self-tracking
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4.3.6 EWS and opportunities for sensing technology 

For EWS, overall users engaged positively with the EWS checklists and indicated a 

number of common signs and symptoms that arose before an episode of mania and 

depression. A summary of the common EWS reported are described in Table 10.  Users 

were asked how they felt about a mobile sensing technology to detect EWS via a 

scenario and asked to share their views via post-it notes. Users indicated openness 

towards this technology as indicated by the following answers: “interested to find out 

how useful it could be”, “would give it a go” and “it would make what I struggle to do 

manually, automatic”. Furthermore, users shared answers which described types of 

personalization and usability features such as it needs “simple language”, “personalized 

color layouts/colour choice and dark at night mode”, “easy to use analytics, archive of 

stats, records”. Other things that were uncovered in users’ answers were in relation to 

the types of data to sense by the following answers: “time spent of social media”, 

“measures how many times opening and closing apps” and “an app to measure 

frequency and speech of speech”. Lastly, users did describe a series of cautions in their 

answers such as its “not for those with paranoia” or “what if it got hacked?” and “is it 

safe?”. 

 

 

 

 

 

 

 

Table 10 Common EWS 

 

 

EWS  Common symptoms 
Depression Low motivation/can’t get started  

Difficulty concentrating 
Low in energy 
Feeling tired/listless 
Loss of interest in activities 

Mania Ideas flowing too fast 
Stronger interest in sex 
Spending money more freely  
Racing thoughts 
More talkative 
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4.4 Discussion 

4.4.1 Exploring reasons for self-tracking  

 

For RQ1, we found that the social, communicative aspect of self-tracking was of the 

highest importance for users (as per their voting); this was reinforced by responses to how 

self-tracking helped them, i.e., by making sense of the condition, which was also highly 

rated in importance. This finding reflects existing research on the social nature of tracking 

in HCI; for instance, Epstein., (D. A. Epstein et al., 2015) suggests we reconsider personal 

tracking as social tracking. This also reinforces findings of a similar study (Murnane et al., 

2016) that asked similar questions on sociality in self-tracking, where users described the 

following themes: made health management more manageable, promoted self-

awareness, reflection and empowerment and supported their interactions with clinicians. 

However, there are some key differences. Firstly, in relation to the detail of the themes 

that were discovered by our users around the reasons behind self-tracking compared to 

the aforementioned three themes in a similar study. Our users described 5 key themes 

for the question “how does self-tracking help you?” and 7 key themes for the question 

“why do you self-track?” with further personal insights via answers to this question. The 

level of detail in the reasons for self-tracking presented here are all per user discovery. 

Given the first-hand experience of our users who undertake the self-tracking on a daily 

basis, we felt as though the opportunity to be the experts here with little professional 

research or design influence will uncover better details for these crucial questions around 

self-tracking. Conversely, Murnane et al. (2016) employed a more traditional approach of 

a survey method with a large group of users (n=552) where the researchers themselves 

uncovered the themes from the answers to these questions. 

Another notable difference is the emphasis on how self-tracking can help support 

interactions with clinicians, also as per Murnane et al. (2016). About two-thirds of the 

survey respondents in Murnane et al. (2016) reported using self-tracking data with 

discussions with healthcare professionals. However, in our findings, though the social 

communicative nature of self-tracking was a major driving factor, this was more in the 
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context with sharing with family, friends and significant others rather than a clinical 

interaction. Sharing with health professionals was identified as a theme for “why do you 

self-track?”, however this was at the lower end of the spectrum of importance for our 

users. This comparison may shed light on the importance of the design of research and 

how it may yield different results, particularly as our study attempted to combine PPI with 

HCI approaches and thus push more towards users as co-designers of that research, such 

as for our workshops and workshop facilitation, where P001 and P002 (with lived 

experienced of BD) co-designed and led alongside the first author. This may have meant 

that other users felt more relaxed to share their experiences, away from probes 

connected to a more clinical environment. As mentioned, the Murnane et al. (2016) study 

used a survey approach where users may have associated this type of research with a 

clinical setting, which could have influenced the clinical focus in the results to these 

questions. In contrast, our workshops—sited in a café and a meeting house—avoided a 

university setting as this can be associated with clinical settings, thus providing a more 

neutral space for users. Given our sample was small, future studies should aim to replicate 

this finding in order to understand the true nature of the impact of the environment on 

the research findings.  

We think research on BD and self-tracking, and mental health technology in general, can 

be more participatory using approaches akin to those described in this paper. The benefits 

to using this are as follows: 

• Uncover rich details in findings that are led by the first-hand lived 

experiences of the users which can appropriately guide mental health 

technology research and design 

• Create a more neutral, open research and design environment which allows 

for users to feel encouraged to share removed from expectations, fear or 

judgment  

• Empower users to guide the research and design by experience 
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4.4.2 Exploring methods for self-tracking 

 

In terms of self-monitoring practices for those with BD, our findings for RQ1 are congruent 

with the current research in terms of complexity (Matthews, Murnane, & Snyder, 2017a; 

Murnane et al., 2016). From the 18 user who attended the workshop, 50 methods of self-

tracking were indicated which fell into the categories as follows: pen and paper, mental 

notes, social feedback and technology based. This too reflects the work of Murnane et al. 

[29]. Future work should consider expanding these categories beyond these four 

categories as seen in the work of Rooksby et al (2014) which considered type of 

technology such as physical devices, apps, exergames and web apps and also considered 

type of activities tracked such as walking, physical exercise, food and drink, weight and 

size and sleep. 

Our novel findings are in relation to how these are used to count, turning a ‘qualitative’ 

experience into something quantitative. A characteristic example we saw was one user 

stating, “make a list of 20 things to do... if I get at least 5 done then that’s good”. This 

shows how situated and particular the perception of a successful day is for individuals, in 

this instance a 25% completion rate indicated a “good” day. Whereas, for current online 

to-do lists the model is to set a number of items with a particular deadline, where 100% 

completion equals ideal productivity. This is similar to the discourse of fitness trackers in 

the QS community and their particular normativity (Spiel et al., 2018), where an invisible 

ideal is set without accounting for individual differences; Spiel et al. state that 

“technologies do not facilitate a better life: they define it, without oversight, without 

transparency, using emotional design tricks to engage in a progressive redefinition of 

what it means to be human”. Being able to set your own level of completion or 

productivity—an experience of a count—may be more suitable in the case of self-tracking 

technology for BD, as one’s practices of turning experience into quantitative data is likely 

to differ from person to person. This is further echoed in the work of Rapp and Tirassa 

(2017) (Rapp & Tirassa, 2017) on the Theory of the Self for Personal Informatics  who 
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suggest that such personal informatics tools with a focus on behaviour change aim to 

modify specific behaviours (e.g. sedentariness) based on standards that may not be 

chosen by the user themselves. They theorise that by placing the user at the heart of the 

process of change, is more likely to increase wellbeing as the user can find their own goals 

and ways to “happiness” based on their own peculiarities. Further, our prior research 

(Chapter 2) looking at data visualization preferences concurs with this, specifically for 

those with central nervous system disorders, with BD forming a large part of sampled 

papers in a recent study: Polhemus et al. (Polhemus et al., 2020) found absolutely no 

consensus, where preferences ranged between graphical formats as well as non-graphical 

and textual descriptions. Polhemus et al. (2020) also found there was a large focus on how 

users valued the ability to provide contextual information when interpreting visualized 

data, such as annotating to provide “internal context” alongside a numeric score. In 

addition, Polhemus et al. (2020) described that the ability to provide the context behind 

the numbers connected the numeric with the qualitative and was seen as valuable when 

communicating with healthcare providers, as it enhanced the users’ memories of past 

experiences. We find this is also echoed in personal informatics research where it is urged 

to recognise that data can be meaningful in the context it is produced but may lose 

meaning when it is removed from that context [9].  Future design consideration of self-

tracking technology should consider the complex nature of this ‘qualitative-to-

quantitative’ phenomenon, and accordingly we recommend the following design 

considerations: 

• Provide the user with choice as to whether the self-tracking technology (e.g., 

tasks and feedback) is quantitative- or qualitative-focused  

• Be able to define the quantitative if needed e.g., being able to pick numeric 

scales (e.g., 1-3 or 1-10), and define what numeric success constitutes (e.g., set 

a unique and adaptive percentage of success which moves away from a 100% 

completion model)  

• The ability to augment quantitative data with qualitative experience (e.g., 

being able to annotate quantitative data with ‘internal’ context).  
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4.4.3 Challenges and opportunities for mobile technology 

 

In line with Matthews et al., 2017 and Murnane et al., 2016, we found considerable 

challenges for self-tracking BD, with the most common being personal ‘internal’ factors 

that prevented tracking for RQ2. Users described that the sense of self is in ‘flux’, meaning 

that it is often difficult to self-track during periods of feeling unwell, issues around 

memory, motivation, or self-discipline. When presented with a scenario around mobile 

technology that could passively sense clinical factors, such as EWS, users displayed a 

degree of openness towards this technology; to sum up, one user stated such a 

technology would “make what I struggle to do manually, automatic”. Relatedly, there is a 

growing body of research on the utility of sensing various types of digital data as a form 

of self-tracking for BD severity which responds to this challenge, including sensing factors 

such as number of text messages (Beiwinkel et al., 2016; Faurholt-Jepsen et al., 2015; 

Puiatti et al., 2011), phone calls (Faurholt-Jepsen et al., 2015; Gruenerbl et al., 2014), 

emails  (Puiatti et al., 2011), GPS data (Gruenerbl et al., 2014; Osmani et al., 2015a), voice 

features (Gideon et al., 2016; Karam et al., 2014a; Maxhuni et al., 2016; Muaremi et al., 

2014; Vanello et al., 2012), accelerometer data (Bardram et al., n.d.-a; Garcia-Ceja et al., 

2018; Vanello et al., 2012), and app usage (Alvarez-lozano et al., 2014a). In our study, 

users responded positively to Early Warning Sign checklists and described a series of 

common signs and symptoms, as well as specific symptoms, that arise before a period of 

relapse. This is in contrast with the ways in which current self-tracking mobile apps for BD 

tend to be developed without reference to clinical guidelines like EWS (Lobban et al., 

2011).  Beyond self-tracking factors suggested by current research, our users indicated 

the utility of many factors, outlined in our recommendations below. In our study, users 

also expressed caution. The experience of self-tracking can be negative, in that the 

process of self-tracking can be a reminder of feeling low and that too much insight can be 

negative, or counterproductive. As one user stated with reference to the mobile sensing 
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technology scenario: “it is not for those with paranoia”. Self-tracking may be detrimental 

in the context of relapse where it serves as a reminder of deteriorating health. 

Future designs of mobile self-tracking technology should consider these factors to support 

the self in self-tracking. In sum we recommend the following design considerations: 

• Future designers should consider the use of EWS checklists as a clinically 

validated tool as an underpinning of self-tracking technology for BD 

• Having passive sensing methods in mobile self-tracking technology for BD 

responds well to a commonly described challenge and designers and 

researchers should consider the following factors to sense (presented in 

hierarchical order): sleep levels, levels of social interaction, medication usage, 

wearable data, financial data, number of diary entries, food and calorie intake, 

to-do lists completion and employment information (e.g., sick days) 

• The experience of self-tracking can sometimes be a negative one for those with 

BD. The level of user-control over self-tracking tools should be high; sensing 

streams should be manipulable in a meaningful way, what is collected must be 

controlled, and disengagement for periods should be easy and available 

without interactional costs. 

 

4.4.4 Limitations 
 

The data presented here is limited, has a small sample size, and is unlikely to represent 

the views of the larger population of those with lived experience of bipolar disorder. A 

large percentage of our user group were in points of remission, and it is likely that the 

account of those experiencing relapse in not represented in this research. The users in 

this research had existing practices of self-tracking and were likely to contribute a more 

detailed viewpoint compared to those who had just started their self-tracking journey. 

Future work should consider a larger sample with individuals across the spectrum of 

bipolar disorder severity and self-tracking practices, to account for the full self-tracking 

experience. 
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4.4.5 Future work 
 

To explore how findings and recommendations from this research can be applied in 

practice, our future work aims to utilize this research for designing and deploying a 

prototype self-tracking mobile tool. This tool will incorporate both active and passive 

sensing to comprehend Early Warning Signs (EWS) of relapse for Bipolar Disorder on a 

broader scale. The findings and recommendations will be transformed into design 

suggestions and procedures, guiding upcoming technologies in the field of Bipolar 

Disorder self-tracking. These suggestions will also undergo additional review with 

individuals affected by Bipolar Disorder. Moreover, we believe our findings and 

recommendations could have broader applicability in health and well-being technology. 

Future work should consider this. Equally, while we focused on mobile self-tracking, 

future work should consider beyond this, e.g., other interaction modalities and scenarios, 

such as those enabled by sensing infrastructures developed for ubiquitous computing or 

Internet of Things.  Though this work shed light on the complex experience of translating 

qualitative experiences into quantitative, future work should work out how to situate this 

into models seen in prior HCI research such as the Tracker Goal Evolution Model which 

describes this process in the case of activity trackers (Niess & Woźniak, 2018). The 

categories of and motivations around self-tracking seen in this work (such as pen and 

paper, mental notes, social feedback and technology-based) could be understood in more 

depth by relating to the categories seen in the work of Rooksby et al (Rooksby et al., 2014). 

Furthermore, future work should extend the understanding of reasons behind self-

tracking to consider the kinds of questions that people ask about their information such 

as status, history, goals, discrepancies, context and factors (I. Li, Dey, & Forlizzi, 2011) to 

gain insights about their personal experiences. 
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4.6 Chapter Summary 
We explored reasons, methods and challenges for self-tracking for those with lived 

experience of BD. Our findings for this differed from current literature, as previous studies 

indicated a more clinical basis to tracking compared to the more social, communicative 

basis to tracking we located. Differences of methods in investigating this may explain this, 

as the current study employed a more participatory method of research combining 

principles of PPI and HCI to create a peer-to-peer environment with the goal of 

empowering users. Our findings documented a large level of complexity in self-tracking, 

where 50 methods were described. We suggest that future designers should consider this 

to create technology with choices to convert these experiences, compared to the blanket 

normative ontology that is currently seen in the self-tracking space. The findings of this 

chapter will be built upon in subsequent chapter (Chapter 5: Prototype Design and 

Deployment) in order to guide the design of a self-tracking tool for BD, considering the 

complexity and individual variability of self-tracking that was uncovered in this research.  
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Chapter 5: Prototype design and deployment  
Chapter summary  

▪ The current study built on the findings in relation to self-tracking and BD 

from Chapter 4 in a series of follow up interview with n=10 users 

▪ Specifically we looked at how the findings from the previous phase can guide 

the redesign of the mobile self-tracking app for BD RQ4 RQ7, how the app can 

be used to explore EWS RQ5 and what is the general user experience of using 

the prototype RQ6 

▪ Specifically, the findings were explored to guide the redesign of an existing 

self-tracking tool to be more closely aligned with user’s needs, preferences 

and individual variability in BD. 

▪ The findings led to a series of changes within the tool such as financial 

tracking, personalised medication tracking and a daily visual mood diary. 

▪ A working protype was enrolled for an alpha testing series with a small 

sample of users of BD where findings are reported in relation to bugs, 

usability and general user experience. 

▪ Lastly, the final prototype to be enrolled for a 6-month period of beta testing 

is described.  

5.1 Introduction 

The previous chapter (Chapter 4) explored the qualitative experiences of self-tracking for 

those with BD exploring reasons, methods and challenges for self-tracking as well as 

opportunities for self-tracking technology. In that study, it was found that self-tracking is 

a highly complex process, where over 50 methods of self-tracking were described. The 

previous study also demonstrated the value of combining methods of PPI and HCI to 

explore the complex nature of user needs, preferences and individual variability and 

found that by using these methods, observations were revealed that were different from 

that seen in the current literature. For example, our results revelated an emphasis on the 

social/communicative elements of self-tracking with family, friends and significant others 

when exploring reasons for self-tracking, whereas in the literature there is apparent 
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reported emphasis on the clinically communicative aspects of self-tracking (Matthews, 

Murnane, & Snyder, 2017a; Murnane et al., 2016). The current chapter aims to explore 

and extend the previous work to guide the design of a novel self-tracking tool for those 

with BD paying particular attention to the following previous findings:  

▪ Combining principles of PPI and HCI and adhering to best practice principles for 

the design and development of self-tracking technology for BD reveals findings 

that are led by the first-hand lived experience, and should be continued 

throughout the lifecycle of the project 

▪ Provide the user with control and offer a level of tailoring with technology to 

account for individual variability, needs and preferences 

▪ Embed EWS checklists into the design and development as not only do these have 

clinical validity but demonstrated user acceptance 

▪ Embed passive sensing methods as these account for the commonly described 

challenges users face during the process of self-tracking 

This research study explored the design of a self-tracking tool in three stages. Firstly, the 

findings of the workshops were put into a multimedia file (.MOV) and shared to all users 

who attended the workshop and subsequent follow up session were run to invite 

feedback and explore the accuracy of the findings. Secondly, a series of interviews were 

run with workshop particpants to explore the finding more in relation to design of the 

tool. Thirdly, a phase of alpha testing was ran with a small number of workshop 

particpants to explore bugs and acceptance of the prototype prior to final release which 

will be explored in subsequent chapters of this research (Chapter 6). The aims of this 

phase of research are to guide the design of the self-tracking tool to be closely aligned to 

the individual variability, needs and preferences of users which has limited exploration 

within the research thus far (Ortiz et al., 2021).  Finally, this research aims to continue to 

contribute towards best practice of involvement of the user in the design of self-tracking 

technology for BD.  

5.1.1 Design methods for self-tracking tracking in BD 

 



 

 

107 Majid, S. (2023) 

 

The design of self-tracking tools for BD has been explored in a previous chapter of this 

research. However, in this section we will specifically recap on the methods of design to 

provide context on the methodology applied in this research. When exploring the 

methods for prototype design and deployment in our literature review (Majid et al, 2021), 

the following methods were commonly described: focus groups and workshops, sharing 

of wireframes and interviews. This guiding our choice in interviews at this stage which are 

commonly used in PPI practices (Abelson et al., 2016), as well as HCI. However, to draw 

on methods used in HCI we explored types of usability testing to guide the development 

of the product. Usability testing explores the user experience of interreacting with the 

application with the goal to identify any usability problems, collect qualitative and 

quantitative data and determine the user satisfaction of the product. Usability testing 

uncovers problems in design, discovers opportunities to improve the design and also 

learns about users’ behaviours and preferences. This is usually done in an iterative format, 

during multiple stages of the development of the product as to ensure consistent 

improvement (Moran, 2019). Usability issues include anything that prevent task 

completion (such as the ability to complete self-report measures), takes someone off 

course, causes frustration or create confusion. Poor usability is one of the primary causes 

of failed adoption of health technology (Price et al., 2014), which is the driving factor of 

why it is imperative to be explored. Though usability testing is not a research methology 

in a traditional sense, it is a useful mechanism which can be used to understand the user 

experience of the tool in order guide the research findings.  

Alpha testing is a type of usability testing which is conducted at the early stages of 

development, to uncover early stage usability issues prior to full development (Alpha Test, 

n.d.) within test subjects who are internal to the development, and described as being 

within the process of development of mental health applications (Price et al., 2014). Beta 

testing is a similar process however user test a developed protype in a real world context, 

and is being more increasingly used in the general context of mental health technology 

(Shore et al., 2014) (Lewis et al., 2021) (Rickard et al., 2016) (Birrell et al., 2022) and will 

be conducted  to support the general understanding of the tool in a later chapter of this 
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research. The level of usability testing, which can be seen on a spectrum from high to low, 

differs currently in the literature. For example, in our own review of user involvement in 

the design of self-tracking for BD, it was seen that low involvement was common and 

usability tended to be 1-dimenstionaly, typically involving the use of standardized and 

unstandardized questionnaire to measure usability, satisfaction and usefulness and 

explored in the later stages of development (e.g. evaluation phase) (Majid et al., 2021).  

The aim of this research is to guide the design of the self-tracking tool to be as closely 

align to users’ needs, preferences and individual variability and therefore will use a 

multidimensional approach to explore this in the form of interviews and multiple phases 

of alpha testing over 3 weeks with a group of target users to explore usability, user 

experience, bugs and crashes.  

5.2 Methodology  

5.2.1 Study approach and design 
 

To ensure the involvement of users in this research, two users with lived experience of 

BD (P001 and P002) were closely involved in the design of the study. Regular online 

meetings were conducted to design the research, draft the interview schedule and as 

well as outline the alpha testing plan. Both P001 and P002 were also users in the 

research, both of which partook in the follow up interviews, and P002 in the series of 

alpha testing. Principles of best practice for the design of mental health technology by 

(Majid et al., 2021) were referred to during the design of this study. Figure 8 visualizes 

the study design, indicating where the elements of the study were drawn from (e.g., HCI 

and/or PPI) and they relate to the seven recommended principles. 
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Figure 8 Study methodology for Prototype Design and Deployment 
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5.2.2 User recruitment 

 

Users in this phase of research were existing users from the subsequent phases of 

research that are outlined in Chapter 4, all of which attended the self-tracking workshops. 

All users were reimbursed with a £20 Amazon voucher as a token of appreciation for their 

time in this research.  

5.2.3 Self-tracking tool  

 

The technology employed in this study is titled RADAR-Base (https://radar-base.org/)  and 

has been developed by the industrial sponsors of this research (National Institute of 

Health Research - Nottingham Biomedical Research Centre). The details of this technology 

have been outlined in the methodology chapter of this doctoral research. However, in the 

interest of reader orientation, a brief summary of the technology will be provided in this 

chapter as a guide. 

Like other types of mobile self-tracking technology for BD (Ortiz et al., 2021), RADAR-Base 

employs both active and passive sensing methods. It consists of two applications, one for 

passive data collection pRMT and one for active data collection aRMT. The aRMT app 

allows for self-reported information to be inputted. The pRMT application allows for the 

passive collection of the following data sources:  

• Phone usage 

• Local weather 

• Step count 

• GPS location 

• Which apps are being used and for how long 

• Battery level 

• Other Bluetooth devices in the vicinity 

• Sleep information and heart rate (provided by user Fitbit connection if possible) 

• Number of contacts on phone  

https://radar-base.org/
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• Ambient light. 

 

Though RADAR-Base has a proven use case in other mental health conditions such as 

depression, it has not yet been explored in the context of BD. By adopting the close 

participatory design approach in this research, we aim to adapt RADAR-Base to be closely 

aligned to user’s needs, preferences and individual variability.  

5.2.4 Interview schedule  

 

This study used interviews to explore previous findings more in relation to design. The 

interviews were on an 1-1 basis, ranging between 60 to 90 minutes and were conducted 

remotely using Microsoft Teams. As the interviews were conducted at the height of the 

COVID-19 pandemic, there was no scope to conduct the interview on a face-to-face basis. 

Specifically, the interviews explored the following: 

5.2.5 The importance of specific tracking factors 

When exploring opportunities for self-tracking technology in Chapter 4, several desired 

active and passive tracking factors were uncovered. The first part of the interviews 

explored this in an interactive exercise with users where they were asked to rank the 

factors according to their preferences. The findings of which will reveal the average 

ranked preference of these specific factors to guide the subsequent re-design of RADAR-

Base 

5.2.6 Connecting RADAR-base to EWS 

The second part of the interview aims to establish relationships between how RADAR-

Base can be used to understand EWS, using the EWS checklist. Users were provided with 

a list of the specific data sources that RADAR-base could passively track (via the pRMT 

app) and asked to connect them to EWS that were relevant to them, encouraging further 

discussion on how they could prove useful. Users were also encouraged to speak about 

other useful tracking factors that have not been previously mentioned.  
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5.2.7 Design changes  

The findings from above, as well as those that arose in Chapter 4, were discussed 

internally within the supervisory team of this research and then shared with the 

development team of the industrial sponsors of this study, to create design 

recommendations. The development team were responsible for implementation, 

maintenance and development of RADAR-Base. Design recommendations were put 

together according to user importance, as indicated in the subsequent interviews, which 

was balanced against development effort and project timelines. Due to the nature of 

doctoral work, only a finite amount of time was allocated to development.  

5.2.8 Alpha testing phases 

Once the design recommendation was implemented, an initial prototype was created for 

alpha testing. Two users who were involved in the series of research thus far, as well as a 

user who had been involved in the development in the research (P001) tested the 

prototype in a series of alpha testing lasting 5 weeks, with two rounds of prototype 

iteration preparing the prototype for testing in a real-world context with a larger group of 

target users. The process of alpha testing is outlined in Figure 9 below. This testing 

segment period was augmented with two check-in interviews, one after the first period 

of 1-week of testing and one was after the second period of 2-week testing. The interviews 

explored the usability, user experience and functionality of the self-tracking tool. Though 

usability testing is not a research methodology 
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Figure 9 Alpha testing process 

1. Target users 
used the 

prototype for 1 
week

2. Interview with 
researcher and 

prototype 
amended

3. Target users 
used the 

prototype for 2 
weeks

4. Interview with 
researcher and 

prototype 
amended

Week 1 Week 2 Week 3 and 4 Week 5 
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5.2.9 Analysis  

5.2.9.1 Interviews 

 

To establish hierarchy of preferences for specific tracking factors, a feature rank analysis 

was conducted (Finch, 2022). This is a process whereby users were asked to organize the 

specific tracking factors in order of preference and then an average ranking analysis was 

applied. Ranking questions calculate the average ranking for each answer choice so it can 

be determined which answer choice was most preferred overall. The answer choice with 

the largest average ranking is the most preferred choice.  

Other parts of the interviews will be summarized as is, in verbatim to show connections 

between the specific tracking factors, RADAR-base pRMT and the EWS checklist.  

 

5.2.9.2 Alpha testing 

The findings from the alpha testing phase were categorised using affinity mapping 

techniques. Affinity mapping is a popular method used in design thinking, which organizes 

observations or ideas from a research study into distinct clusters (Experience, n.d.-a). 

Affinity mapping is not a research methodology; rather, it is a tool utilized in the User 

Experience industry to efficiently organize observations from usability testing methods, 

providing a swift and agile approach for structuring findings.  The number of bugs and 

crashes will be reported at each alpha testing phase.  

 

5.2.10 User sample 

In total, we had n=10 users with lived experience engaged in the interviews including P001 

and P002 who were involved the design and development of the research. For the alpha 

testing, a total of n=2 users engaged in this, one of which being P001. 

5.3 Results  

5.3.1 User interviews 

5.3.1.1 Specific tracking factors 
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Feature rank analysis was applied to the n=10 user interviews and revealed the average 

preference for the specific tracking factors that were outlined during the Concept 

Generation and Ideation phase. On average, measuring sleep was ranked as the most 

preferred tracking factor, whereas tracking employment information was ranked as being 

the least preferred. The ranking of all the tracking factors is indicated in Table 13.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 11 Specific tracing factors in ranked order. 

 

When discussing the importance of these tracking factors, it was indicated that 

MEASURING SLEEP is a “crucial part of BD” and underpins one of the most salient EWS 

when it comes to relapse. For example, P001 described that “sleeping is the first thing 

that goes out the window for me when I’m not well. Too much sleep when feeling 

depressed and too little sleep when feeling manic… it’s so important to track this (P001)”. 

When considering KEEPING TABS ON SOCIAL INTERACTION, behaviours such as increased 

phone usage was important to keep measuring, users described behaviours such as “over-

sharing emotional content on social media (P007)” and “increased Facebook messaging 

Specific tracking factor Ranking 

Measuring sleep 1 

Keeping tabs on social interaction 2 

Track access to medication  3 

Connecting to wearables 4 

Track finances 5 

Diary feature for reflection   6 

Track personal hygiene levels 7 

Track food intake  8 

Scales/graphs  9 

To-do-lists  10 

Track employment information  11 
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people from the past to re-connect or over-apologise (P009)” when experiencing manic 

symptoms, and oppositely “not being interested in social media, messenger or calls 

(P009)” when experiencing depressive symptoms. TRACKING ACCESS TO MEDICATION 

was deemed an important factor by users as non-adherence to medication indicated a 

core EWS. Likewise, the use of certain PRN (as needed) medication indicated “that things 

may be bad… and that you maybe need some additional support (P005)”. CONNECTING 

TO WEARABLES was also deemed as being highly insightful, however ranked more in the 

middle as not all users owned a wearable device. For those that did, they described factors 

such as “tracking heart rate for anxiety (P001)”, “tracking steps (P006)” also provided 

useful insights into their EWS. TRACKING FINANCE, though described as being important 

“as money spending during manic phases is so common (P001)” wasn’t ranked as being 

higher, as users commonly described that this could seem more like “monitoring” for 

them and would need to be developed in a way where the user is always in control of this.  

Using a DIARY FEATURE FOR REFLECTION was described as useful as it allows the user to 

look back retrospectively and identify factors which influence the way they currently feel. 

For example, a user described that if her mood was low one day she would “look back at 

her diary and identify the triggers such as forgetting to take my Lithium and it can help 

you to work backwards (P005)”. The ability to TRACK PERSONAL HYGIENE LEVELS was not 

commonly described as being important to users, but for some an insightful factor 

especially for EWS for depression. For example, one user described that “the best 

barometer of me becoming depression was my relationship with my morning shower 

(P002)”. The other factor which fell into the lower levels of hierarchy included the ability 

to TRACK FOOD INTAKE. Again, this factor was not commonly described as being 

important, though for user users tracking things such as “calories” or “caffeine” provided 

insights into their mood. When SCALES/GRAPHS were explored, certain useful graphs 

were demonstrated as being useful such as the Bipolar UK Mood Scale (Bipolar UK Mood 

Scale, n.d.), clinically validated charts, visual mood ratings scales (e.g. smiley faces) or 

simply using a numeric scale between 1-10 to rate their mood. Using scale/graphs 

provides insights as one user described that “the thing that amazed me about it was how 
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much my mood fluctuates normally, even when I’m not having an episode. (P004)”. TO-

DO LISTS though ranked as being less preferred, the process of writing a list “helps with 

managing anxiety (P003)” and the number of items completed provides insights into 

mood. The final self-tracking factor was explored and ranked the least preferred was 

TRACKING EMPLOYMENT INFORMATION. The reason behind this is applicability, as many 

users were not employed and in vast majority of their cases this was not related to their 

experience of BD. For those users who were in employment, they found that the amount 

they accessed support, or reasonable adjustments (such as sick leave) at work indicated 

how much “I am struggling at that time” (P001). 

5.3.1.2 Connecting RADAR-base with EWS 

The second part of the interview explored the connections between EWS and passive 

sensing methods that can be achieved via RADAR-Base (pRMT). Table 14 and 15 below 

indicate the early warning sign for depression and mania and outlines, from the user’s 

perspective, which of the sensing methods via pRMT can be used to provide insight into 

the respective EWS. User quotes are also provided for additional details on the 

connection. The final column outlines those tracking factors that are not currently 

collected by pRMT but were described as useful in providing insights into the respective 

EWS. 

 

Early warning signs for depression RADAR-Base pRMT User quotes Non pRMT 
tracking factors 

Low motivation/can't get started − Sleep information (via Fitbit) 
(P001, P002) 

− Phone usage (P003) 

− GPS (P003, P006) 

− Step count (P006) 

− Which apps are being used 
and for how long (P004, P005, 

P008) 
 

“For phone 
usage, this 
would be more, 
and GPS this 
would be less” 
(P003) 
“Just social 
media usage will 
be sufficient” 
(P004, P005) 
“Gmail app 
usage will 
decrease” (P008) 

− To-do-lists 
(P005) 

Difficulty concentrating − Phone usage (P003) 

− Which apps are being used 
and for how long (P003) 

− Step count (P005) 
 

“Lots of things 
open and not 
spending lot of 
time on them” 
(P003) 

− Driving 
patterns (P001) 

Low in energy − Heart rate information (via 
Fitbit) (P003) 

“For example, 
phone usage 
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− Phone usage (P003) 

 
increased, heart 
rate would be 
the same” (P003) 

Feeling tired/listless − Sleep information (via Fitbit) 
(P001, P002, P003) 

− Heart rate information (via 
Fitbit) (P003, P005) 

− Heart rate information (via 
Fitbit) (P005) 

 

“Sleep 
information 
would be 
increased” (P003) 

 

Loss of interest in activities − Step count (via Fitbit or 
smartphone) (P001) 

− Phone usage (P003) 

− Which apps are being used 
and for how long (P003, P008) 

 

“Both phone 
usage and app 
usage will be 
decreased” (P003) 

 
“Camera app will 
be decreased as 
I usually enjoy 
photography” 
(P008) 

− To do lists 
(P005) 

− Employment 
information 
(P005) 

Sleeping too much − Sleep information (via Fitbit) 
(P001, P002, P003, P005, P006) 

− Heart rate information (via 
Fitbit) (P003) 

− Phone usage (P008) 

− Step count (P005) 

“Changing alarm 
app to later” 
(P008) 

 

Thinking about suicide/death − GPS location (P004) 

− Phone usage (P006, P008) 

− Which apps are being used 
and for how long (P001) 

 

“GPS showing 
danger locations 
like bridges” (P004) 

 
“Calls to crisis 
team increases” 
(P008) 

− Search 
history (P003, 

P008) 

− Diary entries 
(P005)  

Want to be alone − GPS location (P001) 

− Phone usage (P003, P008) 

“Phone usage 
will be 
decreased” (P003) 

− Social media 
usage (P009) 

Less talkative − Phone usage (P003, P008) 

− Which apps are being used 
and for how long (P005) 

 − Audio 
recordings of 
phone 
conversations 
(P003) 

Neglecting hygiene or personal appearance − Sleep information (via Fitbit) 
(P003) 

− Phone usage (P009) 

− GPS location (P009) 

− Ambient light (P009) 

 − Hygiene 
tracking (P003, 

P009) 
 

Feeling anxious − Heart rate (via Fitbit) (P003, 

P005) 

− Which apps are being used 
and for how long (P008) 

“Heart rate will 
be increased” 

(P003) 
 
“More Youtube 
app searching 
for 
ASMR/Relaxing 
videos” (P008) 

 

Less interest in sex − Which apps are being used 
and for how long (P003)  

 

“Such as a 
decline in dating 
apps” (P003) 

 

 

Negative thoughts pop into your mind    

Afraid of going crazy   − Diary entries 
(P008) 
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Disinterest in food − Which apps are being used 
and for how long (P003) 

 
 

“Not using food 
delivery apps” 
(P003) 

− Weight 
information 
(P001,P008) 

Feeling sad or wanting to cry − Phone usage (P001)   

Loss of interest in people − Phone usage (P001, P003, P005, 

P008”) 

− GPS location (P003,)  

− Which apps are being used 
and for how long (P005)  

 
 

“Phone usage 
being less” (P003) 

“Decreased 
WhatsApp 
usage” (P008) 

 

Not being able to get up in the morning − Sleep information (via Fitbit) 
(P002, P003, P005) 

− GPS location (P003) 

− Step count (P003, P005) 
− Phone usage (P006, P009) 

− Ambient light (P009) 

“Sleep info, GPS 
and step count 
being low” (P003)  

− To-do-lists 
(P005) 

Senses seem duller − Phone usage (P001)   

Worrying a lot  − Which apps used and usage 
timing (P001) 

  

Cannot face normal tasks − Step count (P001) 

− Phone usage (P003) 

− Heart rate information (via 
Fitbit) (P005) 

− Which apps used and usage 
timing 

“Phone usage 
being more” (P003) 
“Not being able 
to open Gmail 
app” (P008) 

− To-do-lists 
(P005) 

− Employment 
information 
(P005) 

Cannot get off to sleep − Sleep information (via Fitbit) 
(P001, P002, P003) 

− Ambient light (P003) 

 
 

  

Feeling irritable − Sleep information (via Fitbit) 
(P001) 

− Heart rate information (via 
Fitbit) (P003) 

− Phone usage (P006) 

− Which apps used and usage 
timing (P006) 

“Heart rate 
being high” (P003) 

 

Feeling very guilty −   − Diary entries 
(P005) 

Using sleeping tablets − Sleep information (via Fitbit) 
(P003, P005) 

− Heart rate information (via 
Fitbit) (P005) 

− Step count (P005) 
 

“More deep 
sleep” (P003) 

 

Using street drugs − Heart rate information (via 
Fitbit) (P005) 

− GPS location (P005) 

− Step count (P005) 

− Phone usage (P005) 

 − Levels of 
spending (P005)  

− Driving 
patterns (P005) 

 

Waking early in the morning with feelings of dread − Heart rate information (via 
Fitbit) (P002, P003) 

− Sleep information (via Fitbit) 
(P003) 

− Phone usage (P008) 

“Phone calls to 
crisis team will 
increase” (P008) 
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Table 12 Table with EWS for depression, and RADAR-Base pRMT can be used to provide insights into the respective 
EWS 

Early warning signs for  
mania + 

RADAR-Base pRMT User quotes Other tracking 
factors  

Ideas flowing too fast − Phone usage (P003, P008) 
− Which apps used and usage 

timing (P003, P004, P006, P008) 

− Battery level (P003) 
 

“Social media 
usage” (P004)  
 
“Notes app on my 
phone” (P008) 

− Speech rate 
(P002) 

− Search history 
(P003) 

Stronger interest in sex − Which apps used and usage 
timing (P003) 

− Heart rate information (via Fitbit) 
(P003, P005) 

 − Emergency 
contraceptive 
usage (P008) 

Spending money more freely − Which apps used and usage 
timing (P003) 

− Step count (P003) 

 − Levels of 
spending 
(P002,P004, P005, 

P006, P008, P009, 

P010) 

Racing thoughts − Phone usage (P003, P008) 
− Which apps used and usage 

timing (P003, P008) 

− Sleep information (via Fitbit) (P003, 

P005) 

− Heart rate information (via Fitbit) 
(P009) 

“Increased use of 
notes app” (P008) 

 
“Increased heart 
rate (P009) 

− Driving 
patterns  

− Search history 
(P003) 

− Speech rate 
(P002) 

More talkative − Phone usage (P002, P003, P005, P008) 
 

“Increased volume 
of texts” (P002) 

 

Being disinhibited or outrageous − Heart rate (via Fitbit) 

− Which apps used and usage 
timing (P003) 

“Social media 
posting more” 
(P003) 
 
“Content of text 
message would be 
insightful” (P002) 

− Social media 
usage (P002) 

Can't get off to sleep − Heart rate (via Fitbit) (P002)  

− Sleep information (via Fitbit) (P003, 

P006, P010) 

− Ambient light (P003) 

  

Feeling irritable − Heart rate (via Fitbit) (P003) “Heart rate 
increased” (P003) 

 

Energetic/very active − Heart rate (via Fitbit) (P002, P003, P005, 

P008) 

− Sleep information (via Fitbit) (P003, 

P008) 
− Step count (P003, P005) 

− GPS location (P003, P006) 

 − Driving 
patterns (P006) 

− To-do lists 
(P008) 

Feeling creative − Heart rate (via Fitbit) (P003) 

− Which apps used and usage 
timing (P003, P008) 

“Buying more 
creative products, 
using creative 
apps” (P003) 

 
“Notes app, photo 
app and camera 
increased usage” 
(P008) 

− Artistic 
output (e.g 
poems) (P002) 

− To-do lists 
(P008) 

− Drawings on 
paper (P008) 

Feeling emotionally high  − Heart rate (via Fitbit) (P003) 
 

  

Not needing much sleep − Sleep information (via Fitbit) (P002, 

P003, P008) 
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+EWS for mania also include EWS for hypomania                                

Table 13 Table with EWS for mania, and RADAR-Base pRMT can be used to provide insights into the respective EWS 

 

− Step count (P005) 

− Heart rate (via Fitbit) (P005) 

Involved in many projects − Step count (P003) 

− Phone usage (P003, P008) 

− Which apps used and usage 
timing (P008) 
 

“Use of email 
apps and phone 
calls will be 
increased” (P008) 

− To-do lists 
(P003) 

Difficulty concentrating − Phone usage (P003) 

− Which apps used and usage 
timing (P003, P006) 

“Lots of apps open 
and discarded”  

 

Feeling strong or powerful    − Levels of 
spending (P006) 

− Search history 
(P003) 

Reckless pleasure seeking − Sleep information (via Fitbit) (P007)  
− Which apps used and usage 

timing (P003) 

− Heart rate (via Fitbit) (P003, P007) 

− Phone usage (P004, P007) 

− GPS location (P006) 

− Local weather (P007) 

− Step count (P007) 

− Number of contacts (P007) 

“Apps such as 
social media” (P004) 
 
“All of these data 
streams will show 
increases for me” 
(P007) 

− Levels of 
spending (P004) 

Being uncooperative    

Wanting to party all night  − Sleep information (via Fitbit) (P005, 

P006) 

− Which apps used and usage 
timing (P003) 

− Heart rate (via Fitbit) (P005) 

− Step count (P005, P010) 

− Phone usage (P002) 
 

“Using lots of 
social apps” (P003) 

 
“Step count being 
quicker than 
normal in a small 
period of time” 
(P010) 

 

Feeling very important −    

Thinking my thoughts are being controlled − Phone usage (P003)   

− Which apps used and usage 
timing (P003) 

  

Auditory hallucinations    

Anxious − Heart rate (via Fitbit) (P003) 

− Which apps used and usage 
timing (P009) 

  

Having bizarre thoughts − GPS location 

− Phone usage (P002) 

“Location and 
time are 
important (P004) 
 
“Text message 
content would be 
insightful” (P002) 

 

Senses seem sharper   − Driving 
patterns (P003) 

Feeling very religious − Which apps used and usage 
timing (P003, P006) 

“Using religious 
apps – prayers 
and things” (P003).  
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5.3.2 Design changes based on user interviews 

 

The findings from the interviews were discussed within the internal team in order to 

develop a list of design and development changes, that were informed by the user’s 

needs, preferences and individual variability and to tailor RADAR-Base towards this. 

Table 16 outlines the final changes that were decided upon by the internal team, as well 

as rational and the process that was adopted. Design changes were balanced according 

to user preferences and accounting for  
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Table 14 Design and development change

Design and development 
change 
 

Rationale Process 

To add a medication 
question to the aRMT app so 

that users can track their 
daily medication 

Track access to medication was highly ranked 
in terms of being a preferred tracking factor 

aRMT app will deliver a daily questionnaire to 
the user to input whether they have taken their 

AM dose of medication, and repeat this for the 
PM dose of medication  

The add the ability to track 
spending via pRMT  

The utility of spending information was 
indicated by the specific tracking factors, as it 
was ranked as being moderately preferred. It 
was also described as useful non-pRMT 
tracking factor forEWS, especially for mania.  

TrueLayer was integrated into RADAR-Base 
pRMT (www.truelayer.com) which allows for 
the collection of financial information from 
mobile banking apps on users, through secure 
autentication. phone, through users’ consent. 
Further details about Truelayer are provided in 
Appendix 1 

To add a diary feature to the 
aRMT app to allow for 
reflection 

The utility of the diary feature was described as 
moderately preferred by users, and also 
indicated as an additional useful non pRMT 
tracking factor for EWS, especially for 
depression  

 

To add user preferred 
scales/graphs to the aRMT 

app to increase engagement  

The following scales/graphs were described as 
commonly used by users: 

-Visual mood diary using smiley faces (e.g. 
Daylio app (Daylio - Journal, Diary and Mood 
Tracker, n.d.) 
- Bipolar UK Scale – a 10-item mood scale with 
descriptions of mood (Bipolar UK Mood Scale, 
n.d.) 
-Quick Inventory of Depressive Symptomology 
(QIDS-SR) 
-Altman Self-Rating Mania Scale (ASRM) 
-Snaith-Hamilton Pleasure Scale (SHAPS) 
The full scale/graphs can be found in Appendix 
2 

These graphs were implemented into the aRMT 
app of RADAR-Base 

The ability to turn certain 
tracking factors on/off 
according to user control 

The theme around user control was 
acknowledged in the subsequent interviews, 
but also acknowledged in Chapter 4. The ability 
to pick and choose which tracking factors were 

on/off and when was imperative to the whole 
user experience, especially with more sensitive 
tracking described factors such as levels of 
spending 

The pRMT app could be personalised according 
to users’ preference where tracking factors 
could be turned on/off at any point during the 
study.  

http://www.truelayer.com/
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5.3.3 Alpha Testing 

A working prototype of RADAR-Base aRMT and pRMT was enrolled for a series of alpha 

testing with n=2 users. Both apps went through two phases of testing. At the end of 

phases, feedback was taken and suggestions for improvement and iteration were put into 

development before the next phase of testing started. The results of the affinity mapping 

exercise are outlined in Figure 11, with categories and corresponding quotes from users 

according to the alpha testing phase. The number of bug fixes and the types of changes 

that were done at each phase are outlined in the subsequent Figure 10 

  

       

 

Figure 10 Bugs and changes made from Alpha Testing 

 

 

 

 

Phase 2 Phase 1 xx

Alpha testing with n=2 
users  

3 2 

-Extend time period for answering 
questions

-Personalised medication tracking

-Set custom time period to answer 
active questions

- Display message before 
questionnaires to let users know 

how long it'll take to complete and 
trigger warnings

-Various grammatical and typos 
corrected

-Further extend time period for 
larger batch of questions

-Blank user feedback screen

Bugs fixed 

Changes made 
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Figure 11 Quotes from Alpha Testing phases 

 

5.3.3 Final version of RADAR-Base  
 

The final version of RADAR-base is outlined in Figure 12, which outlined the final features 

for pRMT, aRMT and other features that arose as a result of the above findings. The 

diagram identifies existing features of RADAR-Base, and those that arose as a result of the 

findings from the current study and in Chapter 4. Figure 13 provides the screenshots of 

the final product to give a visual insight into the final product which will be evaluated in 

the next chapter.
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Figure 12 Final version of RADAR-Base 
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Figure 13 Screenshots of RADAR-Base 
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5.4 Discussion 

5.4.1 Principal results  

 

One of the primary aims throughout this body of work is to combine principles of PPI and 

HCI and adhere to best practice principles for the development of self-tracking technology 

for BD (Majid et al, 2021). The processes outlined during this research aim to contribute 

towards a working example of best practice to ensure the technology is developed as 

closely aligned to user’s needs, preferences and individual variability. The level of user 

involvement that has been present in this study, as well as Chapter 4 haas notable 

differences compared to the user-involvement that is seen in similar studies which has 

been indicated in the literature review conducted in Chapter 2 (Majid et al, 2021). Our 

findings in relation this reveal the complex nature of self-tracking in terms of user 

preference for tracking factors, the utility of tracking technology and the connection to 

individual EWS for mania and depression. This further contributing to RQ3.  

The findings in relation to specific tracking features for BD ordered by user preference are 

novel findings and have not been discussed in other key papers (Ortiz et al., 2021) 

(Matthews, Murnane, & Snyder, 2017a) (Murnane et al., 2016) (Matthews, Murnane, 

Snyder, et al., 2017a). Though specific tracking factor in relation to EWS have been 

described in key paper, to our knowledge there has been a lack of exploration around user 

preference, and we hope that our findings can guide future researchers/designers in this 

domain. In the next section, we will focus on some of the core findings around self-

tracking factors and EWS.  

The findings in relation to technology usage during BD episodes has been explored in a 

core paper by (Matthews, Murnane, Snyder, et al., 2017a), who found explore specific 

indicators such as technology mediated communication, streaming behaviour (e.g. 

Netflix), e-commerce, gambling and gaming etc and the manifestations of this indicators 

dependant on depression or mania. Many of these findings revealed in this research echo 

the findings from this study, such as the decrease or increase of phone usage being 

indicative of depression and mania respectively. As well as validate some the tracking 
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indicators that were indicated that were not previously mentioned such as social media 

usage and search history having utility in understanding depression and mania.  

Measuring sleep was universally described as the most preferred tracking factor by users, 

and highly referenced in terms of increases/decreases in relation to various EWS for both 

mania and depression. This is echoed in a wealth of literature surround sleep disruptions 

and BD (Gold & Sylvia, 2016) (Gruber et al., 2011) and also a core passive sensing factor 

currently employed in self-tracking technology for BD (Ortiz et al, 2021). As users 

described, during mania or hypomania sleep disruptions typically presented as a 

decreased need for sleep with studies reporting findings that 69%-99% of BD reported a 

lessened need for sleep during manic episodes or difficulties in falling and/or staying 

asleep (Robillard et al., 2013). During depression, sleep disruptions typically presented as 

hypersomnia, or excessive sleepiness. Hypersomnia is largely prevalent in BD with rates 

between 38%-78% (Kaplan et al., 2015). This core tracking factor will be available to track 

using the pRMT app on RADAR-Base for users, using connection to a Fitbit if available 

Another novel finding is in relation to the utility of spending levels, and their connection 

to EWS. Though this was moderately preferred by the group of users and described as 

something that would have to be “carefully designed, with full user control”, it was 

prescribed as an insightful tracking factor in relation to key EWS for mania including: 

spending money more freely, feeling strong or powerful and reckless pleasure seeking. 

This was usually described in the context of increasing for EWS for mania. The relationship 

between BD and financial difficulties is a well-established one, where it was described 

individuals with increased manic symptoms are 70% more likely to report spending large 

amounts of money. Patients with BD may have reduced ability to manage personal 

finances, which may arise as a result of increased levels of impulsivity (Cheema et al., 

2015). Given the user described utility of this tracking factor, which is supported by 

available research, it has been incorporated as a passive sensing method (via pRMT) in 

the final design of RADAR-Base for BD.  
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The three other tracking factors which arose from this research which have received little 

attention in the self-tracking literature thus far are the following: track personal hygiene 

levels, track employment information and driving patterns. Though the utility of these 

tracking factors were not universally mentioned by users, but they still provide insight into 

the individual variability of self-tracking in BD which should be considered by future 

researchers and designers in this domain. In relation to personal hygiene levels, a 

decrease in this has been described during depressive phases where one user described 

that the “the best barometer of me becoming depression was my relationship with my 

morning shower” (P002). When connecting this to the literature for depressive symptoms, 

in a very recent study it described that though issues concerning personal hygiene and 

grooming has been described n personal narratives for person, they have been rarely 

included in symptoms lists or outcomes in research studies (V. Stewart et al., 2022). This 

study explored this further and found that for some users, like in the current research, 

personal hygiene and grooming standards were an integral aspect of their depression, 

with could negatively impact recovery. Unfortunately, there was no scope within the 

current research to consider this factor further in the context of self-tracking technology 

for BD, but future research should consider this.  

The other two tracking factors that arose that were of interest were employment 

information and driving patterns. In respect to employment information, it only applied 

to a handful of users and for those it did, accessing things such as “sick leave or reasonable 

adjustments at work” were indicative of deteriorating mood. When examining the 

available literature, in a systematic review it was found that BD appears to lead to 

workplace underperformance and up to 40-50% are impacted with a downward slide in 

occupational status over time (Marwaha et al., 2013). In relation to driving patterns, this 

was a new tracking factor that arose from the EWS exercise and was described as being 

useful particularly for many EWS for mania from the user’s perspective. Driving fast was 

described as one of the three types of disinhibited behaviours when hypomanic in a 

survey with a larger sample of users with BD where 62.5% of the sample of n=88 described 

this behaviour. Though both the utility of driving behaviour, as well as employment 
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information is clear, the limitations on the development resources of this research meant 

they were not able to explore in the context of self-tracking technology. Again, future 

research would benefit from exploring this.  

Another core aim of this research was to understand individual variability within the 

experience of BD and its role with technology development. The complex nature of self-

tracking in BD has been extensively discussed in Chapter 4, however this complexity 

juxtaposed on EWS, and sensing methods has not yet explored. The findings described in 

Table 11 and 12 provide a key insight into this complex nature. Not only do users describe 

a combination of different EWS that are relevant to them, but they also describe a 

combination of different sensing methods which could have utility for the EWS. For 

example, for the depression EWS cannot face normal tasks, one user describes step count 

as being useful, another describes heart rate as being useful whereas another describes 

app usage as being useful. When asked further information, one user described that their 

“phone usage would be more” (P003) (i.e., increased) for this EWS, whereas for another 

user it was that app usage would be low (i.e., decreased) such as not being able to “open 

the Gmail app” (P008). As it can be seen, there is no consensus and one’s persons 

experience, even of this single EWS, does not necessarily reflect that of another. Within 

related literature, a dichotomy exists within technology indicators with increases for 

mania and decreased for depression (Matthews, Murnane, Snyder, et al., 2017b). 

However, even for this specific EWS this is not the same as for one user increased usage 

relates to this EWS, and for another decreased usage is an indicator.  

This echoes the findings from Ortiz et al (2021) about individual variability and its role in 

technology development, as well as findings from Majid et al. As there is no consensus in 

illness experiences, designer and researcher should strive to provide a level of tailoring so 

that technology can be adapted towards needs and preferences. In our attempt to do this 

via the exploration of RQ4, we allow users to turn tracking factors on/off (via pRMT), 

personalise their medication tracking (via aRMT), customise the time period they wish to 

answer questions about mood and wellbeing (via aRMT). Many of these design changes 

arose from the alpha testing series, demonstrating the valuable nature of early 
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involvement in the development of technology to be more aligned to users’ needs and 

preferences, The impact this has on usability and general user experience will be explored 

in the next chapter of this doctoral research.  

5.4.2 Limitations 

 

Due to constraints of doctoral research in relation to time and resources, not all self-

tracking factors that arose from this research were able to be explored in the context of 

our developed tool. These factors are important to the individual variability that exists 

within the experience of BD and future research should explore their utility in the design 

of self-tracking tools for BD. To expand further on these constraints, in an ideal scenario, 

the exploration of user’s needs, preferences and individual variability should have guided 

the development of a self-tracking tool “from scratch”. However, given the constraints on 

time and resources, an existing tool (RADAR-base) was adapted. How this may have 

primed the users’ responses in the interviews has not been considered. This research used 

the same users that have been involved in the lifecycle of this research from Chapter 4, 

both in the interviews and alpha testing. The impact this has had on the findings has not 

yet been explored and will be considered in the next stages of this research.  

Also, the constraints on time and resources did not allow the exploration of patterns of 

different EWS together. Each EWS of depression or mania can have non-health related 

reasons for change and EWS are therefore only predictive of becoming unwell when 

several occur together. Potentially users might prefer to draw their own conclusions from 

the information given to them by the app or they might want the app itself to analyse the 

pattern of changes in EWS to give a warning to users. They might want to get the analysis 

from RADAR-base and have the raw output to decide themselves. It is possible that this is 

a feature that the user would choose to select on an individual preference basis. We were 

not able to explore this, but it may be a future topic for research and app development. 
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There are also some limitations to report upon due to the focus on individual variability 

in the current study. Firstly, as the solution aims to be individually tailorable, it can be 

argued that the tool is not generalisable and cannot be applied to a wider sample. 

Secondly, beyond looking and findings from an individual level, the findings in this chapter 

did not look at the role of outcomes. The goal of evidence-based medicine is to improve 

medical outcomes based on the highest quality evidence available, however the current 

research did not look at how outcomes were improved based on the implementation of 

the tool. Future research should consider this, and to investigate the impact of the tool of 

relevant mental health related outcomes.  

 

5.5 Chapter Summary  
 

The current study combines principles of HCI and PPI to explore self-tracking factors and 

their connection to EWS to guide the re-design of an existing self-tracking tool (RADAR-

Base) to sense EWS for BD. The primary findings for this chapter were in relation to design 

which are reported below. RADAR-Base has both active and passive sensing capabilities 

and has proven utility for other conditions such as depression, epilepsy and multiple 

sclerosis. A series of follow-up interviews with n=10 user was run to explore this, which 

guided the redesign of RADAR-base as per RQ4. Financial tracking was adapted as a 

capability for passive sensing and a range of user-led, active, self-report capabilities were 

added such as a daily visual mood diary, Bipolar UK mood scale, personalised medication 

tracking, diary for reflection, and a range of clinically validated tools to measure 

depression, mania and anhedonia. To account for individual variability in the experience 

of BD, a level of tailoring was also developed where users can turn tracking factors on/off 

as they wish. As per RQ6, a working prototype was enrolled for an alpha testing series 

with n=2 users with BD, which aimed to explore bug, usability and general user 

experience. The results of this further guided the design of RADAR-base to be more user-

orientated, such as extending time periods to answer questionnaires, trigger warnings for 

sensitive questionnaires, making the medication tracking more personalised.  The final 
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version of RADAR-Base for BD was readied for testing in a real-world context, with a larger 

group of users which will form the basis of the next chapter (Chapter 6) of this doctoral 

work.  
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Chapter 6: Evaluation: 6-month Beta test of the prototype  
Chapter summary  

▪ This chapter reports on the 6-month beta test of the prototype, in a real-world 

context, with n=8 users with BD  

▪ Specifically this section of the research explores how much of the data collected 

by the app relates to EWS RQ8, whether the app is usable and acceptable RQ9 and 

what is the researchers experience of applying the overall methodology in the 

research RQ10 

▪ To ensure the high level of involvement of users by combining principles of HCI 

and PPI, users were consulted at various points of the study via a series of 

interviews the 1-month, 3-month, 6-month and post study periods. 

▪ Data produced from the study was provided in dashboard format to the users for 

them to establish connection between their data and their early warning signs of 

mania and depression.  

▪ Our findings highlight interesting subjective interpretations of the data and their 

connections to EWS of mania and relapse e.g., users uncovered connections 

between frequency of their data and respective EWS. These findings contribute 

towards the knowledge for self-tracking in BD.  

▪ Key findings between frequency of certain data streams and mood changes were 

also uncovered in the statistical analysis such as a decrease in app usage during 

onset on manic symptoms. This findings are specific to the app deployed in this 

research. 

6.1 Introduction 

 

The experiences of self-tracking in BD have been explored in Chapter 4 in this research, 

which explored reasons, methods and challenges for self-tracking using methods which 

combined principles of HCI and PPI to highly involve the user in these explorations. In a 

continuation of using these methods, the subsequent Chapter 5 aimed to explore the 

findings from Chapter 4 more in relation to the design of self-tracking technology and the 
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findings were used to adapt an existing self-tracking tool which uses passive and active 

sensing method to be more closely aligned with the needs, preferences and individual 

variability of those with BD. A series of user-led changes were implemented as outlined in 

Chapter 5. A final version of RADAR-Base was developed, ready for testing in a real-world 

setting with a larger group of users with lived experience of BD. The overall aims of this 

research are to enrol a working prototype for a 6-month period of beta testing with those 

with BD to explore usability, feasibility and acceptability and to explore the relationship 

of the data to EWS and mood changes.  Specifically, we will explore the following research 

questions not yet explored: 

RQ8: How much of the data collected by the sensing system (both passive and active 

data) relates to EWS? 

RQ9: Is this type of technology usable and acceptable for people living with this 

condition?  

RQ10: What are the researchers experience of applying the overall methodology 

employed in research thus far? 

The current chapter will outline the process of evaluating this tool with a group of users 

over a period of 6-months, using a beta-testing method. One-to-one Interviews were 

conducted with users at 1-month, 3-month, and 6-month points in the study, as well as a 

post study data exploration interview. Quantitative data was collected by both the passive 

(via pRMT) and active sensing (via self-report aRMT) capabilities of RADAR-Base, and the 

findings of these sensing methods in relation to gaining insights in EWS of mania and 

depression will be reported upon this chapter. 

For RQ9, usability is defined as “extent to which a system, product or service can be used 

by specified users to achieve specified goals with effectiveness, efficiency and satisfaction 

in a specified context of use” (1SO 9241-11:2018). In terms of measuring usability, the 

System Usability Scale is a widely used scale as a quick method for exploring usability and 

will be employed in this study. Acceptability is defined by how well “an intervention will 

be received by the target population” (Ayala and Elder, 2011) and can be assessed by 
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quantitatively through measures of acceptability or satisfaction or qualitatively through 

probing questions which are focused on understanding how they are interacted with a 

“intervention” (Moore et al, 2015). The latter method will be used in this study to explore 

usability through a series of interviews with users. 

 

6.2 Methodology 

6.2.1 Study approach and design 

To ensure the involvement of the users in the evaluation of the prototype and following 

the best practice principles outlined by Majid et al (2021) users were consulted on an 

ongoing basis throughout the course of the evaluation phase. Specifically at month 1, 

month 3, month 6 as well as after study completion to explore the self-tracking tool.  The 

aim of this research was to explore the self-tracking tool in a real-world context; 

therefore, we provided the tool to be used in everyday life, aiming for minimal research 

interference unless during these specified time points, which users were aware of from 

the point of study sign up. Figure 14 visualizes the study design, indicating where the 

elements of the study were drawn from (e.g., HCI and/or PPI) and how they relate to the 

seven recommend principles.  
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Figure 14 Evaluation methodology 

 

6.2.2 Study recruitment 

A number of users who partook in previous parts of this research such as the workshops 

in Chapter 4, and interviews and alpha testing in Chapter 5 also partook in this phase of 

evaluation. This ongoing cohort-style user recruitment style arose from this series of 

research as many users expressed an interest in testing the tool, given their contributions 

towards its development thus far. As the research spanned over a period of 2 years and 

involved a series of consultation in the form of interviews and workshops, the author of 

this work formed ongoing relationships with the users. As empowering the users in the 

development of the tool is one of the primary aim of this study, the author worked with 

jointly with some users on research, development and process of analysis. Though this 

approach is not alwayd seen in the development of self-tracking tools in BD as outlined 

by the findings of the user involvement landscape by Majid et al., (2021), it was seen in 

one study which formed part of the review. In the study by Bauer et al., (2017) employed 

1,2,3,4,5,6,7 Seven recommendations from Majid et al (2021) 
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an advisory group approach which consisted of eight “consumers” and “consumer 

advocates” who met monthly to advise the SPIRIT scientific team on all aspects of trial 

design and conduct, which was resulted in changes to the app and study. The Spirit App 

is smartphone self-monitoring application that allows patients to undertake modules and 

complete questionnaires for mental health assessment, similar the tool being developed 

in this study. Though not commonly seen in technology development for BD, the 

development of this cohort user recruitment will be reported upon this chapter, providing 

a reflexive account of the experiences of applying this group from the researcher’s 

perspective. The impact this style of recruitment on the results of this research will also 

be explored in the discussion chapter. This is not necessarily defined as a research finding 

but rather an important insight gained from the experience of conducting the research. 

New users were also recruited to the study via local charities who have been involved in 

previous parts of the research such as Bipolar UK (national) and Bipolar Lift CiC 

(Nottingham) where a study leaflet was distributed through mailing lists. Doctoral 

researcher SM also attended some peer support meeting at Bipolar UK where the study 

was showcased in order to drive user recruitment. Additional recruitment was conducted 

via Nottingham Healthcare NHS Foundation Trust, where the study received ethical 

approval. Study leaflets were distributed to clinicians who worked with those with BD, 

who were able to forward this to those who may be interested.  

 

6.2.3 Study process 

6.2.3.1 Recruitment and sign up 

Prospective users emailed doctoral researcher SM to express interest in the study. A user 

information sheet (Appendix 3) was then emailed to the user, which outlined the full 

process of the research as well as a consent form (Appendix 4). For those users who were 

still interested in the meeting, a virtual meeting was conducted via Microsoft Teams were 

SM outlined the process of the study and filled out core study paperwork such as 

demographic information and completion of the EWS checklist (Lobban et al, 2011). In 

order to tailor RADAR-Base towards the user, they were asked to complete a 
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questionnaire about their current medication (Appendix 5) and asked which passive data 

streams they would like ON/OFF during the data collection process (Appendix 6). These 

could be changed at any point during the study. In addition to this, users were asked when 

they would receive to aRMT notifications to complete self-report measures, and this 

included day of the week and time. During the meeting, users were assisted in 

downloading the active (aRMT) and passive (pRMT) apps from Google Play and received 

some brief training on how to answer questions about their mood and medication over 

the course of data collection. They were also made aware of the interviews at the 1-

month, 3-month, 6-month and post study points and that the researcher would be in 

touch closer to the time to arrange these. 

 

6.2.3.2 RADAR-Base adapted to BD 

The final version of RADAR-Base which has been enrolled for this period of beta testing is 

outlined in Figure 12.  

 

Figure 15 Final version of RADAR-Base 
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Passive sensing (via pRMT) 

Passive data collection via pRMT was conducted automatically for the duration of the 

study (6-months) and the configuration of data collection will be according to user choice, 

depending on which data streams they choose to have ON/OFF. Data was passively 

collected dependant on whether the user’s smartphone is: 

▪ Turned on 

▪ Connected to the internet 

▪ pRMT app remained downloaded on the user’s phone 

If the pRMT app was deleted from the users’ phone, this could cease data collection. 

However, the user was free to delete the app at any point during data collection without 

providing any reason as part of their right to withdraw from the study.  

Active sensing (via aRMT) 

Active self-report data collection via aRMT was conducted throughout the duration of the 

study (6-months) and will consist of daily and weekly self-reporting.  

The following self-report measures will be delivered daily: 

▪ Visual mood diary (Appendix 2.1) 

▪ Personalised medication tracking (Appendix 5) 

The following self-report measured will be delivered weekly: 

▪ Bipolar UK mood scale (Appendix 2.2) 

▪ Quick Inventory of Depressive Symptomology (QIDS-SR) (Appendix 2.3) 

▪ Altman Self-Rating Scale (ASRM) (Appendix 2.4) 

▪ Snaith-Hamilton Pleasure Scale (SHAPS) (Appendix 2.5) 

6.2.4 Experience sampling (ESM) 

For the purposes of this research, we will use ESM to deliver the questionnaires to users. 

ESM is described as a structured diary methods where users are asked to report their 

thought, feelings, behaviours and/or environment on multiple occasions over time. It 

consists of asking users to provide these self-reports at random occasions during the 
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waking hours of a normal week. (Larson & Csikszentmihalyi, 2014). This methodology 

offers a number of advantages when compared to traditional assessments of mental 

health experiences, which mainly rely on using retrospective data, and may be open to 

recall bias. With ESM, there is a short space of time between the occurrence of an event 

and the report of details which decreases the likelihood of memory bias. As this happens 

on multiple occasions, ESM can provide a rich and descriptive data set which details the 

users’ daily experiences which can provide key assessments into the temporal relation 

between numerous variables; in this case being actively collected and passively collected 

data in understanding EWS in BD. Also, as ESM is a method used in real time in everyday 

contexts, it has high levels of ecological validity (Lenaert et al., 2019).  

The field of ESM is still in its early days but systematic reviews have reported high 

acceptance and feasibility with those with BD  (aan het Rot et al., 2012; Naslund et al., 

2015) with some studies demonstrating effectiveness in gaining a deeper understanding 

of how symptoms unfold over time. For example, when examining the perceptions of daily 

“hassles” and “uplifts” in BD, using ESM it was found that individuals who had more 

previous depressive episodes and current depressive symptoms experienced negative 

events as more stressful. Another study explored coping mechanism to both. Another 

study in bipolar disorder examined coping mechanisms or response styles to both positive 

and negative mood and found that low mood predicted increased rumination, which 

reduced mood further. High positive affect predicted high-risk taking, which resulted in 

even higher positive affect, demonstrating a continual cycle of escalating mood levels 

(Pavlickova et al., 2013). Finally, another key study found that on average BD patients 

reported less positive affect and more negative affect, when compared to controls 

(Havermans et al, 2010) and spent more time at home alone, and/or engaged in passive 

activities (Havermans et al, 2007) 

The literature was reviewed when considering how to the design of ESM for the current 

research. A key recent paper indicated some guidelines for the application of ESM for 

mental health (Myin-Germeys et al., 2018). Firstly, it has been suggested that completing 

a questionnaire shouldn’t take longer than 2 minutes and on average should contain 30-
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60 items as including more items is likely it minimises reactivity to this method. For our 

study, the visual mood diary, personalised medication tracking, and Bipolar UK mood scale 

are considered 1-item each and the subsequent items (QIDS-SR, ASRM and SHAPS) have 

16, 5 and 14 items respectively, totalling at 38 items which is within this guideline.  

When looking towards the number of notifications per day, a systematic review for ESM 

in BD indicates this can range from 2-10 observations per day (aan het Rot et al., 2012). In 

terms of compliance and response predictors, another recent study conducted with those 

with psychosis found acceptable compliance with an average response rate of 78%. 

Compliance also declined across days, reaching a low on the 5th day with 73% (95% CI 

Compliance also varied significantly across assessments depending on the time within a 

day (p < .001), with highest compliance between 12 p.m. and 1.30 p.m. and lowest 

compliance between 7.30 a.m. and 9 a.m. Persons with psychosis were less compliant 

than healthy users (70% vs. 83%. Also, females (p = .002) and older users (p < .001) were 

slightly more compliant. In this study, it was suggested that methodological studies 

investigating compliance in ESM protocols using more than six days are needed to clarify 

the reducing compliance. Our research will contribute partly towards the current gap as 

the observation period is six months. In terms of observations per day, in line with the 

ethos of this study, we asked users when they would like to receive the questionnaires in 

terms of days and time in order to maintain compliance due to the longitudinal nature of 

the study. Finally, and most importantly, we want to maintain the key notion of the user 

being at the heart of the research and do so by providing choice and control of when they 

would provide data. 

6.2.5 Interview schedule  

User interviews were conducted at the 1 month, 3 month and 6 month and post-study 

points in the study. As this research was being conducted at the height of COVID-19, all 

interviews were conducted remotely using Microsoft Teams. The interviews were aimed 

towards understanding the experience of using the self-tracking tool, paying particular 

focus towards usability and user preferences. The interviews conducted at the 3-month 

and post-study points explored the above but had an additional focus on data 
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visualisation, with the aim of drawing connections between the aRMT and pRMT collected 

data and specified early warning signs of mania and depression. Interview outlines are 

described below. 

6.2.5.1 1- month and 3-month point interview 

These two interviews employed the same structure to explore experience of using the app 

in real-world context. Specifically, the following questions were asked during the 

interviews. 

1. How are you finding taking part in the study? 

2. Do you have any thoughts or feeling about using the app? 

3. What do you like most about using the app? 

4. What do you like the least about using the app? 

5. How can we improve your experience of using the app 

In addition, at the 3-moint point interview a snapshot of the processed aRMT and pRMT 

data was also provided as a probe to explore data utility and visualisation. The following 

additional questions were asked:  

Data based questions: 

1. What stands out to you from this data and why? 

2. For those parts of the data that stand out, what do you think the data means? 

3. Looking at your early warning sign checklist, how do you think your data connects 

to what you indicated here? 

4. How can be improve data the way we present the data to you? 

5. How often would you like to receive this type of data? 

6.2.5.2 6-month point interview 

This interview was focused on drawing on the collective data collection experience, with 

a focus on usability, preference and utility of the self-tracking tool in a real-world context. 

Specifically, the following questions were asked during the interviews: 

6.2.5.3 Experience based questions A  

1. How did you find using the app+ over the period of 6 months? 
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2. What were the best parts of using the app? 

3. What were the worst parts of using the app? 

4. What problems does this app solve for you? What doesn’t it solve? 

5. Do you think if this app was available commercially that you would use this? 

A. These questions were repeated for both aRMT and pRMT apps of RADAR-Base  

6.2.5.4 Post study data exploration interview  

Once data from aRMT and pRMT was processed, a final interview was held with users to 

explore the data in the form of a user dashboard and its connections to EWS of mania and 

depression. A description of the user dashboard can be found in the next section. Usability 

was also explored in a quantitative format, by the administration of the System Usability 

Scale (SUS). The SUS scale is a 10-item questionnaire with statements of system usability 

with five response options: from strongly agree to strongly disagree. It is a highly reliable 

tool which is commonly used in measuring usability for digital products and services 

(Affairs, 2013). Using the tool can provide confidence in the execution of the tool, in 

relation to the impact of usability, and thus make the findings of more interest which is 

the underpinning of its use in the post study data exploration interview. Specifically, the 

following additional questions were asked during the interviews to explore the data and 

EWS: 

1. What stands out to you from this data and why? 

2. For those parts of the data that stand out, what do you think the data means? 

3. Looking at your early warning sign checklist, how do you think your data connects 

to what you indicated here as an early warning sign? 

4. What parts of the data are considered normal and what parts are considered out 

of the ordinary for you? 

5. How can be improve data the way we present the data to you? 

6. How often would you like to receive this type of data? 
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6.2.6 Data analysis 

6.2.6.1 Quantitative analysis  

User data was initially processed in MS Excel to carry out descriptive analysis in order to 

summarise the data over the 6-month course of data collection and present this to the 

user in the form of a user dashboard.  

For the different tracking factors of pRMT, the following method of descriptive analysis 

was applied: 

• Which apps being used and for how long: total number of interactions of all apps per 

week 

• Phone usage: total time of active phone usage per day 

• Battery level: mean level of battery level per day 

• Other Bluetooth devices in the vicinity: total number of connected Bluetooth devices 

per day 

• Number of contacts on phone: total number of phone contacts per week 

• Phone light: mean level of phone light per day 

• Step count: total number of steps per day 

• GPS location: total amount of movements per day 

• Sleep information and heart rate (via Fitbit): no analysis was conducted as no users 

had a Fitbit connection  

• Ambient light: average light levels per day 

• Levels of spending: average amount of spending per day 

Given the granularity of app usage data, where the use of individual apps was shown daily, 

this data was not incorporated in the user dashboard on Tableau but sent as a separate 

interactive MS Excel document to the users via email. An example of this is shown in 

Appendix 7 

For the different aRMT tracking factors, the following descriptive analysis was conducted: 

• Daily visual mood diary: the number of times an item on the visual diary (i.e., emoji) 

was chosen 
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• Bipolar UK mood scale: the numeric values were converted to mood categories as per 

the BPUK scale (0-1 = severe depression, 2-3 mild to moderate depression, 4-6 = 

balanced mood, 7-8 = hypomania, 9-10= mania) 

• Quick Inventory of Depressive Symptomology (QIDS-SR): The total QIDS-SR weekly 

score was totalled and scored according to instruction provided with the instrument 

(Rush et al., 2003). Total scores range from 0-27 where the lower scores indicate little, 

or no depression and higher scores indicate very severe depression.  

• Altman Self-Rating Mania scale (ASRM): The total ASRM score was totalled and 

scored according to instructions provided with the instrument (E. G. Altman et al., 

1997). Total ASRM scores range from 0–20, where scores of 6 or greater indicate 

significant manic or hypomanic symptoms 

• Snaith-Hamilton Pleasure scale (SHAPS): The total SHAPS score was computed by 

summing scores across four response categories where higher scores indicate less 

hedonic tone, and hence more anhedonia symptoms according to Snaith et al., 1995. 

• Daily personalised medication tracking: Total yes/no responses per day were 

calculated  

The findings from the aRMT and pRMT descriptive analysis were transferred to Tableau 

Software, which is a data visualisation tool. From this, individual’s user dashboards were 

created which indicated all user data in one interactive visualisation which they could 

access from their own computers. Instructions were provided on how to access their 

dashboard via email will follow up calls if necessary.  

Statistical analysis  

In order to analyse factors that trigger a change in behaviour of the users, we employed 

data analytic and statistic tools offered by Python and R programming libraries to 

understand the connections, if any, between the active and passive data. Using statistical 

methods to explore the connections between the active and passive is typical for analysis 

for this technology as outlined by Ortiz et al (2021).  

6.2.6.2 Qualitative analysis  
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In this study, the qualitative analysis employed Braun and Clarke's thematic analysis 

approach (Braun & Clarke, 2006). A reflexive thematic analysis approach was chosen, 

allowing the researcher to ascertain findings' outcomes and focuses, unbound by a 

specific theoretical framework such as the classified Big Q thematic analysis. The analysis 

adopted an inductive theoretical approach, deriving themes directly from the data itself. 

These themes were identified at a semantic level to summarize content and capture 

surface meaning, which closely aligns with the users' accounts—central to this thesis' 

purpose. The thematic analysis followed a six-step process: becoming familiar with the 

data, generating initial codes, identifying themes, reviewing them, defining and naming 

them, and producing the final report. 

In some cases, affinity mapping was used as a tool to visualise the thematic analysis results 

for those interview questions that had more brief responses. Affinity mapping is  

prevalent tool in user experience research (Kara, 2019) used to discern patterns in notes 

and observations, thereby creating cohesive patterns or themes.  

 

NVivo 12 will used for thematic data analysis and Miro will be used for the affinity 

mapping exercises.  

6.2.7 Ethical approval  

This research received ethical approval from the Department of Computer Science at the 

University of Nottingham reference: CS- 2019-R58. This research also received full 

ethical approval from Nottingham Healthcare NHS Foundation Trust IRAS 295693.  

6.2.8 User sample 

Out of the n=14 prospective users that expressed interest, n=8 users were enrolled onto 

the study. The sample was an equal split between gender with 50% identifying as male 

and 50% identifying as female. In terms of age, a range was seen where 37.5% were aged 

between 25-34, 37.5% were aged between 35-44, 12.5% were aged between 45-54 and 

finally were 12.5% were aged between 55-64. In terms of lived experience, a large part of 

the sample (87.5%) had more than 7 years lived experience, whereas 12.5% had more 
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that 5 years but less than 7 years lived experience. Majority of the sample had a diagnosis 

of BD2 (87. %) and a smaller proportion (12.5%) (n=1) had a diagnosis of BD1. 37.% of the 

sample had already been involved in other parts of the study such as the interviews and 

workshops in previous chapters. Out of the n=8 users who were enrolled onto the study, 

n=6 completed the study. Completion of the study was defined as partaking in the full 6 

months of data collection. The full details of the sample are outlined in the Table. 15 

below. 

 

 

 

 

 

 

 

User 

number 

Gender Age Lived 

Experience 

Diagnosis 

Category  

Already 

involved 

in the 

study  

Study 

completion 

P001 Female 35-44 More than 7 

years 

BD2 No Yes 

P002 Male 25-34 More than 7 

years 

BD2 No Yes 

P003 Female 25-34 More than 5 

years but 

less than 7 

years 

BD2 Yes Yes 

P004 Female 35-44 More than 7 

years 

BD2 No Yes 
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P005 Female 35-44 More than 7 

years 

BD2 No No 

P006 Male 55-64 More than 7 

years 

BD2 Yes Yes 

P007 Male 25-34 More than 7 

years 

BD2 Yes No 

P008 Male 45-54 More than 7 

years 

BD1 No Yes 

Table 15 Characteristics of sample 

 

 

 

 

 

6.3 Results  

6.3.1 Quantitative results  

6.3.1.1. Descriptive analysis  

 

Descriptive analysis was conducted in MS Excel and used to create individual dashboards 

in Tableau Software, which is a data visualisation tool. These dashboards were then 

shared with users to explore the data in connection with EWS. The n=6 user dashboards 

can be found in Appendix 8.1, 8.2, 8.3, 8.4, 8.5, 8.6.  In the post-study data exploration 

interview, the user dashboard was presented to users and EWS were explored with n=4 

users. N=2 users did not partake in these as the researcher lost contact with them. A full 

example of how this dashboard was used in the interview is exemplified in Figure 16 with 

findings from P001. Annotations are made on the dashboard to exemplify the type of 

feedback that was received on the different elements of the dashboard and what, for this 

user, was considered useful and not useful and most importantly how this connected to 

EWS of mania and depression. 
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Figure 16 Example of dashboard used in the post-study exploration interview for P001 
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6.3.1.2 EWS of depression 

 

Phone usage data  

Lack of phone usage was described as an EWS of depression, as P006 described that “using 

phone less equals depressive symptoms… So, some indication of being low and depressed 

is generally less activity in the data” (P006). Specifically, the following flat line in the data 

was referred to as a marker for depressed mood for this user is demonstrated in Figure 

17. The user further described that there are “occasional little flats, but that’s that a 

particularly bulk of inactivity in my part” (P006). This was indicated by other users who 

indicated that “using phone less indicated depressive symptoms” (P001).  

 

Figure 17 Phone light levels for P006 

Flat lines in phone activity data are 

indicative of EWS of depression (P006) 
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Battery level data  

Battery level data was also indicated as being useful in providing insight into EWS for 

depression, as the following user described “the battery level one, its useful as it shows 

that I haven’t been using my phone that much” (P008). It was indicated that periods of 

low data for battery level were indicative of EWS, where the following dip indicated in 

Figure 18, is where the user described “I would imagine I was depressed or something like 

that, as I’m not charging my phone, you know?” (P008) 

 

Figure 18 Battery levels for P008 

App usage data  

App usage data was also referred to as having utility for EWS of depression, where one 

user described that during periods of depression “I’ll kind of just leave the apps, you know 

I can just be in bed” (P008). 

Active self-report data  

The daily personalised medication question was particularly described as being useful for 

some users where it was described that “I was filling it out every night, but then as things 

This period was referred to as a EWS for depression (P008) 
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progressed, I think that was a period where I was either a bit depressed or a bit manic and 

not noticing I should fill it in”. This in indicated in the data in Figure 19.  

 

 

6.3.1.3 EWS for Mania 

Phone light levels  

For the following user, increased phone light was indicative of signs of hypomania. In 

particular, the following EWS for mania were connected to increased phone light (P001): 

Can't get off to sleep, racing thoughts, involved in many projects (Figure 20). For this user, 

not only was this consistent with the active (self-report) data which indicated hypomania 

(Figure 21) around the same time period, but also corresponded to a journal entry from 

the 30th of May indicating hypomania showing that self-tracking tool “is doing what it’s 

supposed to do” (P001).  

These blanks in the active data were indicative of 

periods of mania and depression (P008) 

Figure 19 Daily medication tracking for P008 
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Figure 20 Phone light levels for P001 

 

 

Figure 21 Bipolar UK Scale for P001 

 

 

 

This spike in phone light levels is consistent 

with EWS for mania (P001)  

On this occasion, the pRMT and aRMT collected data consistently 

described hypomanic mood (P001) 
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App usage  

For some users, increased app usage was indicative of manic mood. For example, it was 

described that "I’m flicking through all these apps, it’s where my mood is elevated” (P008). 

Generally, it was described that “using the phone more was indicative of mania” (P001).  

6.3.1.4 Statistical analysis  

The subsequent section analysed EWS and connection to the descriptive data from the 

user’s subjective perspective.  To explore this objectively, we employed data analytic and 

statistic tools offered by Python and R programming libraries to understand the 

connections, if any, between the active and passive data. Due to the small sample size and 

issues with data collection, only a summary of the analysis will be provided below.  

Pre-processing:  

The individual observations gathered for each user were combined into a single file. 

Columns that played no significant role in the analysis, like the user ID and source ID, were 

dropped or removed from the file. To simplify the analysis, we converted the epoch time 

to the standard date and time format. 

Main findings 

There are some parameters that correlate with one another while integrating the results 

of different parameters for each user individually. 

• P003 and P004 use their phones less (indicated by a decrease in app usage) as their 

mood changes to a higher level. Simultaneously, their phone light intensity also 

decreases with a higher mood level. These two results can be correlated as the 

phone light intensity is dependent on how long the phone is being used (while 

accessing applications) 

• The battery life for P002 is on the lower side with an increase in mood level. Hence, 

we can understand the reason for a decrease in phone light intensity with a higher 

mood level. 

• P003 charges their phone less often with a higher mood level. This corresponds 

to the lower battery life as well as a decrease in app usage and phone light. 
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Other parameters 

Due to data inconsistencies, indicators such as step count, Bluetooth devices, and relative 

location could not yield valuable insights. Data from all individuals were not included since 

their active and passive datasets did not overlap at different observations. The analysis of 

these datasets is based on daily observations rather than weekly observations such as the 

following aRMT questionnaires (Bipolar UK Scale, QIDS-SR, SHAPS and ASRM) that were 

included in the study design. This was driven, once again, by the fact that relatively few 

data points coincided in reference to a weekly timeframe as many users did not fill out 

consistently, or the aRMT app did not deliver this consistently due to technical issues.  

6.3.1.4 Qualitative results  

 

1 month point interviews 

All users (n=6) took part in month 1 interviews. Three overall themes were found: positive 

experiences of using the app, negative experiences of using the app and issues with 

notifications which are further defined and exemplified in the Table 16 below. Overall, 

users described that the app was user friendly, and that there was utility in the passive 

data collection. Users also described some negative experiences of using the application, 

such as a consciousness of being tracked. Some users also describe that the daily mood 

scale was too simplistic, which may not have sufficiently captured the complexity of 

mood. It was also described that some users would forget to fill in the daily medication 

questionnaire delivered by the aRMT app. The final theme that was found was system 

issues which impacted the user experience. Prior to the first round of user interviews, the 

app had some technical issues impacting aRMT notifications. 

 

Theme Sub-theme Quote 

Positive experiences  
This describes the positive 
aspects of using the aRMT 
and pRMT apps of RADAR-
Base adapted for BD 

The app is user friendly “You know it's very quick, very 
easy, no long-winded bits to 
it” (P006) 



 

 

161 Majid, S. (2023) 

 

Passive collection is useful “So yeah, it is easy to use… 
And I guess because it's more 
of a passive thing that it asked 
me to do something rather 
than me actively choosing to 
do something” (P002) 

Serves as a reminder for key 
self-management acts (such 
as taking my medication) 

“You know it's been okay 
because I think it helps to 
remind me to check to see 
that I have taken my 
medication even though yes I 
do” (P001) 

Negative experiences of 
using the app 
This describes the negative 
aspects of using the aRMT 
and pRMT apps of RADAR-
Base adapted for BD 

Being conscious of being 
tracked  

“What can others determine 
based upon my activity? … It’s 
a weird time as well. With the 
pandemic and stuff. And with 
this whole issue that we’ve 
got going on with 
trustworthiness around 
governments and what’s 
going on in terms of, you 
know, this kind of tin hat, Big 
Brother type stuff. So that’s 
what I’m thinking to myself” 
(P004) 

Daily mood scale is too 
simplistic  

“I think in terms of the mood 
tracking, when it’s um, it does 
scale of like 5 different smiley 
faces. Yeah, things that might 
not be sufficient for me” 
(P002) 

Forgetting to fill out 
medication questions 

“It’s just occasionally I forget. 
So, I might most days I do both 
the 12:00 o’clock and the 8:00 
o’clock. But sometimes I 
might miss one, especially if 
I’m doing something.” (P006) 

System issues  
This describes the nature of 
glitches, bugs and issues that 
were experienced by users at 
the 1-month point  

Notification issues  “No problem at all, apart from 
I think we've got the schedule 
incorrect with the prompts. I 
think they need to be changed 
just in order for me to engage 
better” (P004) 
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Glitchy and buggy “Fix the glitches, make sure I 
can use my phone without 
interruption.” (P001)  

Table 16 Themes for 1-month point interviews 

3-month point interviews 

A total of n=5 interviews were conducted. Compared to 1-month point interviews, users 

were also provided with a snapshot of their data during this interview. This was in the 

form of a MATLAB Figure for each pRMT data streams that the user consented to being 

sensed, overlayed with their active data, which could be filtered by dates (Figure 24).  An 

example of this for P008 is provided for their Bluetooth devices data, as well as aRMT data 

at the top. This snapshot was used as probe to explore data utility. A full interactive 

version in the form of a dashboard was providing at study close. 
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Figure 22 Data “snapshot” for Bluetooth devices in the vicinity (collected via pRMT) and aRMT data 

Themes, subthemes and quotes from the user interviews are outlined in Table 17. 

Similarly, to month 1, positive experiences and negative experiences of using the app 

emerged as a theme. For positive experiences, it emerged that the app was user-friendly, 

integrated into everyday life and that the questions are useful. In relation to negative 

experiences of using the app, users described that they would forget to fill in the questions 

delivered by the aRMT app and that too much data can be a negative experience. System 

issues were also captured in the interviews, where some users described the app as being 

glitchy and with bugs. Finally, the utility of the snapshot of data was explored where users 

described that the data gave insights into BD triggers and that the data is consistent with 

actual behaviour. However, there were also concerns that too much data is not beneficial 

to the management of BD.  
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Theme Sub-theme Quote 

Positive experiences  
This describes the positive 
aspects of using the aRMT 
and pRMT apps of RADAR-
Base adapted for BD 

The app is user friendly “I was going to say it's user friendly. When it 
works it works. It's simple and straight 
forward.” (P002) 

The app integrates into 
everyday life 

“It's just become routine to do it so… It's 
almost subconscious” (P006) 

The questions are useful “I think the questions are really well, they're 
very pertinent.” (P003) 

Negative experiences of 
using the app 
This describes the negative 
aspects of using the aRMT 
and pRMT apps of RADAR-
Base adapted for BD 

Would forget to tell in the 
questions 

“I just spent three weeks in Portugal and then 
a week in London and stuff. And when I'm on 
holidays I kind of forget about my phone. So 
sometimes I think I'll shoot. I'm not doing this 
stuff for the study” (P003) 

Notification issues   “The window of time to complete the 
questions needs to be longer” (P008) 

Utility of data 
This describes the 
perceived usefulness of the 
data snapshot  

Data gives insight into 
triggers 

“It's there like you can find out certain triggers 
that you didn't know about, you can actually 
either avoid or better manage those triggers” 
(P003) 

Data is consistent with 
behaviour 

“It's this consistent with how I've been using 
it, so most of the time in the daylight hours I 
would be using it and it tapers off as night 
falls, and then I turn my phone off at night, 
then turn it back on when I'm moving around 
to do whatever in the morning” (P001) 
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 Too much data is not good  “The graph is unnecessary for me as a user. As 
someone who is trying to monitor BD, maybe 
too much data would be coming away from 
that.” (P003) 

Table 17 3-month interview themes
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6-month point interviews 

An affinity mapping exercise was conducted on the interview for the aRMT and pRMT 

apps which form RADAR-Base for BD. The full findings of this can be found in Figure 25 

Active data collection app 

When considering the collective experience of use over the period of 6 months, there 

were several positive and negative indicators of the aRMT app. For positive indicators, 

users described an intuitive user experience, with ease of use and simplicity. For negative 

indicators, difficulties arose during mood shifts, and the lack of ability to change 

notifications within the app was seen as a frustration. The best parts of the app were the 

aRMT content (such as questionnaires etc) as well as the ability to tailor the app, such as 

getting prompts at specified times. However, the notifications were also deemed the 

worst parts of the app due to the technical issues that were experienced during the study. 

Most importantly, when exploring the utility of this app, it was described that it facilitated 

self-awareness, especially for those who are still learning about their EWS. However, the 

app didn’t negate the reality of BD as when mood shifts arise, “they just come” (P008).  

 

Passive data collection app 

The collective experience of using the pRMT over the period of 6 month, the app was 

largely not noticed by majority of users as it was automatic and collecting data in the 

background. This was the very thing appreciated by users when asked what the best parts 

of the app were, as it had a lack of interference in their daily lives. Specific PRMT tracking 

factors and output were appreciated by users including step count and data feedback, 

where the latter provided useful insights. Similar to aRMT, technical issues were 

considered the worst parts of the app such as the data not being collected properly, as 

well as notification issues. The pRMT solved a core problem for users through automatic 

data collection, as mood shifts can impact self-report data input as a user described that 

“when I’m depressed, I don’t remember” (P008).   
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Figure 23 Full affinity map for aRMT and pRMT app
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6.3.1.5 Suggestions for improvement 

Throughout the course of the interviews, suggestions of improvement were made by 

users. A full list of user-led recommendations is provided below. 

• Reward-based messaging for engagement with the application such as: 

− Confetti splatter for inputting data 

− Smiley face for engagement 
 

• To have a mood diary function for reflection 
 

• Personalized coaching based on insights from the app 
 

• Adding a community element to the app 
 

• Notification settings within the app (such as the ability to turn aRMT 
notifications off) 

 

• The ability to choose aRMT self-report measures  

Table 18 User-led recommendations for improvement of RADAR-Base for BD 

6.3.1.6 User experience metrics  

Total SUS scores, as well as average SUS scores (83.3) are plotted in Figure 26. According 

to the accepted interpretation of SUS score, any score above 80.3 is considered to reflect 

excellent usability, with the standard average being around 68. Further details are found 

in the Figure 26. 
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Figure 24 Line chart for SUS Scores 
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6.4 Discussion 

 

This study investigated the utility, usability, feasibility and acceptability of a self-tracking 

tool which uses passive and active sensing methods to understand EWS for those with BD. 

The tool, RADAR-Base, was tailored towards BD through a series of user-centred design 

research which combined principles of user-involvement in HCI and PPI to understand 

user needs, preferences and individual variability and to ensure the tool aligned as closely 

as possible to these. Specifically, we explore the following research questions: 

RQ8: How much of the data collected by the sensing system (both passive and active 

data) relates to EWS? 

RQ9: Is this type of technology usable and acceptable for people living with this 

condition?  

RQ10: What are the researchers experience of applying the overall methodology 

employed in research thus far? 

The findings from this study will be structured around these research questions in this 

discussion to provide an overview of RADAR-Base, it’s connection to EWS as well as report 

on user-experience.  

 

6.4.1 pRMT, aRMT, connections and self-management  

The answer to these particular questions was explored from two perspective, first the 

user’s subjective perspective when viewing their data and secondly from an objective, 

statistical perspective. Given that the user’s perspective is considered the most important 

throughout the dialogue of this research, we will consider this first and then make 

comparisons to the objective analysis that was carried out.  

For EWS for depression, it was described that a reduction in phone usage data was 

indicative of these early warning signs where one user described that “using phone less 

equals depressive symptoms” (P006). This direction of low frequency of data streams also 
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emerged in the battery level data. Where a lack of battery charge indicated a lack of phone 

usage which was indicative of EWS for depression. This low frequency was also reflected 

in app usage data, again where low frequency (i.e., usage) was connected to EWS for 

depression, as when feeling low it was described as “I’ll just kind of leave the apps…just 

be in bed” (P008). There we no particular mentions of specific EWS when exploring 

depression, where most users described that these patterns in the data can be applied to 

their early warnings for depression generally, rather than single EWS. Though this could 

be the case, there are several limitations around the comprehension of the data and 

questions as to whether the dashboard was too complex for users, or whether the applied 

methodology was appropriate to explore the data which could have impact user answers 

to these questions. This will be explored in the later limitations section.  

For EWS for mania, phone light was described as a useful tracking factor for the following 

EWS: can't get off to sleep, racing thoughts, involved in many projects (P001). Oppositely 

to depression, the increase of phone light was connected to these EWS. For one user, this 

increased in phone light (via pRMT) was also reflected in the aRMT data as the Bipolar UK 

scale was also showing hypomania during the same time period (P001). This user also 

verified this by her own journal entry at the same time point where she described she was 

displaying hypomanic symptoms, indicating it’s doing “what it’s supposed to do”. This 

increase of usage was also reflected in app usage data by another user to described that 

during EWS for mania “I’m flicking through all these apps” (P008).  

Though this exploration from the user’s perspective had limitations, it provides useful 

insights into how users make sense of their data, especially around pattern recognition 

and its connection to EWS where it was universally confirmed by users that low frequency 

in the data is typically indicative of EWS for depression, whereas high frequency in the 

data is typically indicative of EWS for mania. This reflects findings in a similar study by 

(Matthews, Murnane, Snyder, et al., 2017a) which described this pattern as an indicator 

of mania and depression of technology-mediated  behaviours. This exploration of the data 

from the user’s perspective was not seen in similar studies for self-tracking technology for 

BD (Beiwinkel et al., 2016; Abdullah et al., 2016a; Palmius et al., 2017; C. H. Cho et al., 
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2019; C.-H. Cho et al., 2020), and is unique to this  research. When systematically 

reviewing the current self-tracking technology for BD, it was found that individual 

variability was not considered as a potential predictor of mood shift for BD (Ortiz et al, 

2021). There was a call for the tailored monitoring of symptoms of BD, where this study 

has made the first attempt in trying to understand this individual variability by capturing 

the subjective interpretation of the data from the user’s perspective. The next section will 

consider this from an objective understanding, through the application of statistical 

analysis.  

Our brief descriptive statistical analysis found that for app usage data, an increase of daily 

mood data (more manic symptoms) was associated with a decrease of app usage data, 

except for 1 user who showed an increased in daily mood data and more app usage. For 

battery level data, there was a cluster of users who showed increase in battery life when 

daily mood increased (n=2), and another cluster who showed decreased in battery life 

when daily mood increased (n=2). For phone light levels, similar findings were found 

where most users (80%) showed a decrease in phone light levels as daily mood increased, 

and n=1 users displayed higher phone light levels as daily mood increases.  

When comparing the subjective interpretations of the data, compared to the objective 

statistical understandings, there are the following observations. Firstly, for some users it 

was indeed the case that when their mood increased (more manic symptoms) that the 

frequency of the data for specific tracking factors increased such as app usage, battery 

level and phone light. However, for some users, the opposite was true where an increase 

of their mood (more manic symptoms) was associated with a decrease of app usage, 

battery levels and phone light levels, and this was the cluster where most of our users fell 

into. This again drawing back to the individual variability experienced in BD, where the 

presence of a straightforward indicator of EWS for mania and depression does not exist 

and users fell into different distinct clusters of increase and decrease in self-tracking factor 

data frequency and its relationship with mood. This again is in conflict with findings from 

a similar study (Matthews, Murnane, Snyder, et al., 2017a) 
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When connecting this to the existing literature, the same was found by a study by 

Muaremi et al (2014) when exploring the utility of call duration, number of speakers turns 

and speech features in relation to BD symptomology, it was revealed that no specific 

pattern was identified and that all users showed different predictors. Other studies found 

more uniformed findings such as higher depressive symptoms relating to a decrease in 

social communication and physical activity (Beiwinkal et al, 2016), increases in manic 

symptoms relation to higher conversation time and movement (non-sedentary duration) 

(Abdullah et al, 2016), higher depressive symptoms relating to few changes in geolocation 

data (Palmius et al, 2017), higher manic symptoms and decreased in the number of hours 

of sleep the next night (Li et al, 2019). As can be seen, these findings are highly variable, 

all refer to different tracking factors and cannot be connected to each other, nor the 

current research.  

Some studies report of mixed findings with no distinction between manic and depressive 

symptoms. For example, in a study which explored the utility of accelerometer activity 

and symptoms, increased accelerometer activity was correlated with both mania and 

depression scores (Zulueta et al, 2019). This was theorised to be related to the presence 

of mixed episodes in BD, where an individual can experience both depressive and manic 

symptomology in one episode, which has not been accounted, nor mentioned by our 

users in this study. However future studies need to consider the possibility of symptoms 

that overlap and how this is reflected in self-tracking technology for BD.  

In conclusion, we gained insights into the subjective interpretation of passive and active 

sensed self-tracking data from the users’ perspective where our user uncovered patterns 

of data frequency and connected this to EWS of mania and depression. An example being 

an increase in phone light levels (pRMT) being related to a hypomanic episode (P001), 

which was also confirmed in the active reported data (Bipolar UK scale) as well as the 

users own personal journal which indicated hypomanic symptoms around the time same 

time period. Generally, users collectively assumed that an increase in sensing data 

frequency was related to more manic EWS, whereas a decrease was related to more 

depressive EWS. When investigating this from an objective lens using descriptive 
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statistics, though we did indeed find similar findings in a small group of users, the vast 

majority of users showed contrasting findings. For battery level data, it was described that 

a decrease was related to more manic mood, and this was similarly found for phone light 

levels and app usage data. These findings highlight the variability that exists in the data 

from both a subjective, as well as objective level and future research should aim in 

bridging this gap to explore the full utility of self-tracking technology for BD. 

6.4.2 Examining the usability and acceptability of our self-tracking tool for BD  

 

Throughout the interview points in this study, RADAR-Base for BD was universally well 

received, with a SUS score indicating excellent usability. The usability of RADAR-Base 

was explored, and it was described as “simple”, “easy to use” and “just quick”. Other 

useful aspects of the self-tracking tool were that it served as a reminder for key self-

management behaviours, such as taking medication. Another key finding from the 

interview was how the apps integrated into everyday life, where it was described that 

“it’s become almost routine to do so…it’s almost subconscious” (P006). More negative 

experiences of the app centred around notification issues where an issue with RADAR-

base throughout the study meant that users did not receive their notifications for the 

aRMT app when they were meant to. The time period for the questions was described 

as too short (3 hours) by users, which were not able to change due to the technical 

limitations of RADAR-Base. Future studies should consider a longer time period for data 

input, as this is likely to increase engagement with any self-report data. Also, due to the 

current limitations within the app, users were not able to customise their notifications 

within the app, but rather had to manually get them changed by asking the researcher. 

This was seen as a large inconvenience for users, and in future the ability to change 

notifications within the app should be explored.  

When looking specifically at the positive aspects of the aRMT, the content was well 

appreciated by user such as the nature of the questions as well as the data feedback that 

was generated. The other aspects that were appreciated was the ability to tailor the app, 

such as “getting prompts at specified times” P006.  In terms of problems the app solved, 



 

 

179 Majid, S. (2023) 

 

users described that the aRMT app helped them to cultivate self-awareness, especially for 

those who were “still learning about EWS” (P003). This is a pertinent finding to some of 

the challenges that were described in other sections of this doctoral work in relation to 

the sense of self being in flux in BD, due to the extreme shifts in mood. From our 

perspective, if app does indeed contribute to self-awareness and contributes towards am 

individual understanding the nature of BD, this is a huge step in the right direction for the 

future of self-tracking in BD. The reality of BD was touched upon in the feedback where it 

described that though the app does cultivated self-awareness, it doesn’t negate the 

reality of BD. From one’s users’ perspective it “doesn’t prevent me from having horrible 

lows, the depression… just comes” (P008). In future, the identification of such lows using 

this source of data could in future be linked specific advice on how to cope or manage it. 

There are a growing number of psychoeducation interventions, some of which are 

digitalised (Gadelrab et al., 2022), that might be linked, or a personalised message could 

be devised by the user with steps to be taken or considered.  Taking this one step further, 

beyond psychoeducation, this form of personalised solution embedded into everyday life  

has been called Ecological Momentary Intervention (EMI) (Balaskas, 2021) which can be 

delivered via digital methods.  

For pRMT, from the user’s perspective this was largely unnoticed as it was automatic, as 

one user described “minimum work was needed” (P003). This lack of interference was 

described as one of the valued parts of the app. The worst part of the pRMT app was 

technical in nature, where the issues with data collection and notification issues served as 

obvious problems for the users. Though the notification issues have been covered in other 

sections, the issue around data collection will be touched upon briefly here. RADAR-base 

pRMT had intermittent issues with data collection meaning that for some streams of data 

such as step count, GPS location and levels of spending, there was little or no data 

collection. A full description of this will be provided in the limitations. As can be seen in 

the subsequent chapter there was large utility reported from the user’s perspective for 

all three of these data streams. Not only was this disappointing to the users, but also 

served as a large limitation to the study, especially given that the ability to sense levels of 
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spending had been developed bespoke for the RADAR-Base for BD. To round off on the 

experience of the pRMT app, users described that automatic data collection solves the 

inherent challenge of self-tracking when unwell, as a user described “it gives me insight 

into when I’m manic and when I’m depressed – when I’m depressed, I can look back as I 

don’t remember." (P008). This challenge of tracking when unwell is well described in the 

literature (Matthews et al., 2016; Murnane et al., 2016), as well as covered in previous 

chapters of this research, If, indeed, the self-tracking tool can assist with the well 

described challenge, this is another positive step in the right direction for the future of 

self-tracking in BD. 

6.4.3 Personal reflections of a design researcher 

 

In this final section in our discussion, we turn to consider the nature of the investigation 

into BD we conducted, and the ways in which the first author featured within that process. 

Thus, we offer a reflexive account of this, presented in the first person by the first author 

which will be built upon in the final Discussion (Chapter 7) chapter: 

This paper formed part of my doctoral research, where I was part of a multidisciplinary 

doctoral training course in Computer Science. I have a background in pure psychology (BSc 

in Psychology and MSc in Psychological Research Methods) with experience of conducting 

research in the mental health sector. It was a long learning exercise of how to apply the 

methods and skills I learnt in Psychology and working in the mental health sector, to then 

develop technology which is something you had to learn “on the job”, as they say. There 

are huge benefits from having the background in Psychology for the task at hand, as 

empathy is something that that I was able to cultivate in previous roles and could 

enthusiastically apply during the process of design to ensure that the users were feeling 

empowered to shape technology in meaningful ways. My background helped me to build 

relationships with users and enable roles such as lived experience co-facilitators and co-

designers, both at the heart of the methods developed as part of this research. It also 

pushed me to notice the current limitations in design of mental health technology and 

reflect upon how user involvement is variable and sometimes tokenistic, and that we as 
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designers and researchers need to be better at involving users in mental health 

technology, even when that can be difficult. The ability to put myself in their shoes, by 

having spent much time in the mental health sector, meant I became an advocate for user 

needs and felt dedicated to them being heard. I was invited to peer-to-peer events, formed 

key relationships with BD charities and also had many users comment on how seen they 

felt “seen” during talks about the research, even one woman saying “it had brought tears 

to my eyes” because it is so rarely, genuinely, asked what those with BD want in relation 

to treatment and management, which unfortunately is the sad reality of severe mental 

illness. 

However, it was the same experience that limited me at times. Often, I felt I was a “jack of 

all trades and master of none” during the course of this research. There were times where 

I was a psychologist, other times where I was a UX researcher, some other times wearing 

the hat of an HCI academic and even playing the role of a data scientist. Often, I felt like I 

wasn’t doing any of them well, I was just doing them because that is what the field 

requires. Mental health technology is such a multifaceted discipline, albeit in its infancy 

where the requirements of what is needed to create good technology is still being 

explored. As it’s in its infancy, it lacks precedence for what constitutes good practice as it 

is the job for us, as current researchers in the field, to create this. The absence of a 

framework can sometimes be confusing and other times, troubling. For example, working 

with those with severe mental health issues carries associated risks. When this is being 

conducted in a more traditional clinical setting, those risks are known and there are 

associated training and operating procedures to ensure the safety of the researcher.  

However, when doing the same work in a non-clinical setting, a different approach is 

needed: operating procedures are not as regimented as those in a clinical setting, for 

obvious reasons. In the process of empowering those users with severe mental health 

issues to be co-designers or co-researchers, the therapeutic line which you are trained on 

in formal clinical training (during my experiences as a mental health researcher), became 

a lot more blurred. For example, accepting users’ connection requests on social media or 

giving them access to personal phone numbers, conducting meetings alone, etc., are all 
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things that I would not do in previous research roles prior to my PhD, in line with particular 

risk procedures in place; however, I willingly did during my current doctoral research. 

Whether it’s right or wrong, risky or not risky is something that is up for debate. But what 

I do know is that there is huge amount of up-skilling needed in the mental health 

technology space where contributing disciplines need to be better at sharing practices and 

expertise to ensure appropriate development, not only to improve the design and 

deployment of technology, but also to support the development of researchers who are 

trying to be the “jack of all trades”. More help is needed for them to be the “master of 

none”. Appropriate supervision is also needed from a multi-disciplinary team, where it’s 

important to highlight knowledge gaps and work (humbly) towards filling those. Sharing 

best practice around researcher development, including researcher safety (such as regular 

debrief and counselling) and wellbeing, is needed to design this new breed of researcher 

which is not a psychologist and not even a computer scientist but something along the 

lines of a computer psychologist. 

 

6.4.4 Limitations  

 

The study had several limitations which impacted the research. Firstly, this phase of the 

research was conducted during the height of COVID-19, which had a detrimental impact 

on mental health globally (Talevi et al., 2020). This would have significantly impacted our 

users, who are already on the journey managing their mental health daily. The added 

pressure of COVID-19 could have impacted the level of engagement and participation in 

the research, such as the post study interviews. For example, though the study was 

opened for recruitment via local NHS sites, which itself was an intensive process 

considering the nature of the study, not a single user signed up for the study though some 

expressed interests in the study. When compared to the research conducted pre-COVID-

19 such as Concept Generation and Ideation phase, this was an issue not seen. Exploring 

the literature on the impact of COVID-19 on BD it was found the following were likely to 

be factors of impact on willingness to engage restrictive measures, biological rhythm 
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changes, sleep problems, social isolation etc. The impact on this on the willingness and 

capabilities of our users, and prospective users in this research should be considered 

when interpretating our recruitment and engagement levels (Mind, 2021). More 

specifically, the impact of COVID-19 on mental illness was witnessed during the study by 

the researcher during interviews where many of the user expressed worry, anxiety and 

depression during periods of lock down. This was not just limited to the user themselves, 

but also the researcher who was experiencing similar feelings however with the added 

pressure of having to feel “strong” in front of users, bearing in mind her role to empower 

and advocate. This was, at times, extremely difficult for the researcher. The collective 

researcher-user mental health during these times is critical to consider when interpreting 

this research. 

 

During the deployment of the prototype during the evaluation phase, there were a whole 

host of technical issues. Firstly, data from the data streams levels of spending, GPS and 

step count were not accurately collected from the pRMT app which meant there it was a 

large amount of missing data. This was a large disappointment for the research as well as 

the users, as these were three data streams that were predicted to have significant` utility 

into understanding EWS. Especially with levels of spending which had been designed and 

developed into RADAR-base as a result of user feedback. This missing data significantly 

impacted the month 3 interviews, where it was planned for the data to be feedback to 

the user. The large amounts missing data impacted the data visualisation as users 

expected to see this data, which in turn impacted engagement. Also, as RADAR-base was 

managed by the industrial sponsors of this doctoral research, there was a disconnect 

between the researcher and RADAR-base. The research only received the data once it had 

been collected at distinct time points, where it was often difficult to decipher issues until 

the data was processed. In other words, there was no active monitoring of the data. The 

researcher learnt about the data streams not being collected close to the 3-month 

interview point which also impacted the researcher’s interpretation of the data and 

subsequent visualisation. In hindsight, presented the data in a MATLAB figure was 
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deemed confusing by the users and the research should have considered more user-

friendly methods of presenting this data. But given the issues at the time, this was 

overlooked. A better approach would have been to consult users more about their 

preferences on data visualisation and strive towards this.  

Another technical issues with RADAR-Base for BD was the delivery of the aRMT self-report 

measures. Largely the daily delivered questionnaires such as the visual mood diary, 

personalised medication tracking were delivered correctly. However, the other self-report 

measures such as the Bipolar UK scale, QIDS-SR, ASRM, SHAPS were not delivered 

correctly which resulted in a huge amount of data loss. As even when they were delivered 

correctly, the three-hour slot to answer the questions was often missed by our users. This 

was because the users considered this to be too much of a short time frame to input the 

necessary data. This was a technical limitation of RADAR-Base that the time period to 

answer any self-report measures via aRMT could only be extended to three hours. The 

impact this had on the study was large, and it led to the redundancy of these measures 

from a statistical perspective as data was largely missing, infrequent and couldn’t be used 

to draw insights. Again, this was hugely disappointing to our users as these self-report 

questions were user-led and the insights gained from them did not live up to expectations 

of the predicted impacted 

Lastly as the tool was highly personalised to the specific user, it can be argued that this 

may impact the overall generalisability of the tool, making it less generalisable to a larger 

sample. Future research should consider the scalability of this level of personalisation as 

well as the impact on generalisability. It can also be argued that the non-alignment of the 

qualitative and quantitative data illustrates the shortcomings of relying on self-stories, as 

the non-alignment could be attributed to erroneous recall.  
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6.5 Chapter Summary   
 

A final prototype was developed and enrolled for a 6-month period of beta testing with 

n=8 users. Out of the n=8 that were enrolled in the study, n=6 completed the study which 

was defined by the full 6-month of data collection. Users were consulted during the 

various points of the 6 months via a series of interviews which were conducted at the 1-

month, 3-month, 6-month and post study periods. The interviews focused on gaining 

insights into the user experience of RADAR-base for BD, to ensure we were empowering 

users to be involved in the design and research of the self-tracking tool. In the post study 

data exploration interview, users were given an interactive dashboard of their descriptive 

data and asked to interpret this and connect this to their EWS. A series of interesting 

findings emerged where users collectively described a pattern between the frequency of 

their data and the connection to EWS; where high frequency in the data was related to 

EWS for mania and low frequency in the data was connected to depression. As an 

example, P001 described a spike in phone light levels to be connected to increased manic 

symptoms, which was also demonstrated in her Bipolar UK scale (via aRMT) which 

displayed hypomanic state around the same time period. This user also confirmed that 

her own personal journey entry also exhibited hypomanic symptoms at the same time 

period demonstrating that RADAR-Base is doing what “it’s meant to do”. Though our 

statistical findings do not necessarily align with the pattern that the users perceived in the 

data, it nonetheless sheds light on the complexity and individual variability in the 

experience of BD symptoms. Future research should aim in bridging this gap, as there 

were universal acceptance and utility of using RADAR-Base for BD, where users described 

that that it helped to cultivate self-awareness and ameliorate some of the challenges 

experienced during self-tracking, such as the ability to self-track when unwell.  
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Chapter 7: Discussion  
Chapter summary  

▪ The key contribution of this doctoral thesis is towards the knowledge of user 

involvement in the design and research of self-tracking in BD, serving as a first of 

its kind in combining methods seen in both HCI and PPI 

▪ Using this approach was advantageous in getting closer to understanding the 

complex individual variability in self-tracking, as our findings revealed intimate 

and intricate details of the experience of self-tracking and how technology can be 

tailored towards this. 

▪ The concept of individual variability was further expanded upon through the 

findings, such as subjective experience of quantitative data and the importance 

of tailoring and customisability. 

▪ How the self-tracking tool positively responded to the inherent challenges of 

self-tracking via the ability to passively sense data and specifically track clinically 

validated EWS is also explored. 

▪ Using a cohort-style user group was beneficial to the attrition rate of this study as 

the dropout rate was low (25%), compared to other studies in BD. 

▪ Finally, the implications of applying this methodology are reported upon, as well 

the as the researchers personal account of this.  

7.1 Implications for methodology of user involvement; drawing from PPI and HCI  

 

One of the most salient contributions of this doctoral work are towards user involvement 

in the design of self-tracking technology in BD. In an earlier chapter (Chapter 2), there was 

an exploration around the methods employed to design and research in this unique, yet 

emergent, domain of mental health technology. Mental health technology is an 

intersection point between healthcare and technology; therefore, we explored the 

approaches of user involvement within these two similar, yet distinct domains. 

Approaches in HCI and technology generally exhibited an extended “vocabulary” when it 

came to involving the user from user-centred design (UCD) to more participatory 
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democratic forms, considerations of non-use, design fictions, critical engagements and 

various other approaches (Baumer, 2015). These approaches typically employ an iterative 

process, where the user is involved in the cyclical development of the product from 

concept development to deployment (McCurdie et al., 2012). Whereas in healthcare 

approach, PPI is a more dominant form of involvement (Jennings et al., 2018).  This 

process of involvement is more linear, where the patient is involved throughout discrete 

parts of research development. PPI practices are on a spectrum stretching from low 

involvement to high involvement. The lower ends of this spectrum as referred to as 

tokenistic involvement, whereas the higher levels are when the patient is fully embedded. 

Aiming to establish an equal relationship between the researchers and PPI user, with 

shared decision making (often referred to as “co-production”) is at the high end of this 

participation ladder and described as the pinnacle by many researchers and clinicians, if 

not PPI users themselves. Co-design is often seen at the top of this hierarchy. Though the 

approaches seen in HCI and PPI have distinct mechanism and processes, it was concluded 

that they have three common goals when it comes to involving the user. This includes the 

following: 1) they aim to involve the user in research and development 2) they focus on 

understanding and empowering the user 3) they aim to make changes based on user 

feedback.  

These approaches of involving the user were explored within a scoping, academic 

literature review of current self-tracking of technology for BD and it was found that there 

was a large variability in how and when users are involved (Majid et al, 2021). Out of the 

11 novel smartphone apps included in this review, 4 (36%) self-monitoring apps were 

classified as having no mention of user involvement in design, 1 (9%) self-monitoring app 

was classified as having low user involvement, 3 (36%) self-monitoring apps were 

classified as having medium user involvement, and 2 (18%) self-monitoring apps were 

classified as having high user involvement. Despite the presence of extant approaches for 

the involvement of the user in the process of design and evaluation, there is large 

variability in whether the user is involved, how they are involved, and to what extent there 

is a reported emphasis on the voice of the user, which is the aim of such design 
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approaches. Demonstrating that currently, individual variability is not being accounted for 

in this domain as highlighted by Ortiz et al., 2021.  It was concluded that technology should 

be tailored according to users’ needs and preferences, in order to maximize the potential 

that technology has in order to improve the lives of those living with this condition.  In a 

bid to make changes in this domain, an expert review was carried out within this review 

to develop best practice ingredients of user involvement, which resulted in seven guiding 

principles. Essentially the best practice ingredients described that users should be 

involved early in the design process, and this should not just be limited to the design itself, 

but also to associated research ensuring end-to-end involvement. Communities in health 

care–based design and HCI design need to work together to increase awareness of the 

different methods available and to encourage the use and mixing of the methods as well 

as establish better mechanisms to reach the target user group.  

The motivation to empower users to become co-designers and/or co-researchers became 

the driving factor for this research and heavily influenced the methodology of the redesign 

of RADAR-Base for BD. The re-design of the self-tracking tool took part in three phases 

which are outlined in Chapter 4, Chapter 5 and Chapter 6 which are Concept Generation 

and Ideation, Prototype Design and Deployment and Evaluation, respectively. Throughout 

these sections, we strived to closely embed the best practice ingredients of user-

involvement as described in our review.  

For the Concept Generation and Ideation phase of this research, not only did we involve 

users in the design of the self-tracking tool (n=18), but we also involved them (n=2) in 

them in the design of the research to explore reasons, methods and challenges for self-

tracking for BD, as well as opportunities for technology for self-tracking. We ran a series 

of workshops in which n=18 users partook in, across two different locations in the UK 

(Nottingham and Northampton). Two users with lived experience of BD co-facilitated the 

workshops in order to create a more peer-to-peer environment. Using these methods, we 

uncovered novel findings in the understanding of self-tracking beyond other key studies 

which explored this using more traditional research methods such as surveys and 

interviews (Matthews, Murnane, & Snyder, 2017b; Murnane et al., 2016). For example, 
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the social nature of self-tracking was deemed to be the most important for our users, 

whereas in similar literature the clinical basis of self-tracking had more emphasis. This also 

sheds light on the differences that arise dependant who the app is being designed for. In 

clinical research, clinical researchers may design what they think is best for the patient 

and make this more palatable for the patient, so the patients and clinicians could 

collectively then judge the success of this in clinical terms. Whereas in our research as the 

focus was on the user in more holistic sense, and in relation to their own self-

management, where differing findings were revealed.  Our findings also shed light on the 

complexity of self-tracking, where over 50 methods of self-tracking method were 

described in the workshops. Overall, it was concluded self-tracking technology should be 

designed to account for personal struggles and individual variability for those with BD 

experience and provide users with the ability to have passive sensing methods coupled 

with increased control, constitution of ‘successes’, and ability to avoid tracking easily.  All 

of which we implemented in the next phase of research. 

The next phase of the research was the Prototype Design and Deployment phase where 

the findings from the workshop were further investigated in relation to the design of 

RADAR-Base for BD, focusing on EWS for mania and depression. We explored the findings 

with n=10 users who partook in the workshops to investigate this. Our findings uncovered 

the utility of a number of novel self-tracking tracking factors which have received little 

reference in the literature thus far such as levels of spending, personal hygiene levels, 

employment information and driving patterns. These self-tracking factors, as well as 

already established sensing capabilities of RADAR-Base, were connected to specific EWS 

for mania and depression. A description on how these factors would change according to 

the specific EWS was also provided from the users’ perspective. For example, for the 

presence of the EWS reckless pleasure seeking for mania, users connected the increase of 

pRMT collected sensing data such as app usage, phone usage, GPS location as well as 

levels of spending. The findings from the interview were used to create design 

recommendation for RADAR-Base, and to tailor this towards the needs, preferences and 

individual variability of those with BD. Several changes were made such as the ability to 
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sense levels of spending, implementation of user-led self-report measures (via aRMT app), 

as well as increased tailoring such as the ability to turn the sensing factors ON/OFF. A 

working prototype was established and enrolled for a series of alpha testing with n=2 

users, where more changes were commissioned to closely align the self-tracking tool to 

the experience of BD. As most of our users during this series of work were repeatedly 

involved and consulted during the research, we established a type of cohort-style group 

of users. Most of which expressed interest in the full testing of the app, as they had been 

so closely involved in the development and design thus far.  

A final prototype was developed and enrolled for a 6-month period of beta testing with 

n=8 users. Out of the n=8 that were enrolled in the study, n=6 completed the study which 

was defined by the full 6-month of data collection. Users were consulted during the 

various points of the 6 months via a series of interviews which were conducted at the 1-

month, 3-month, 6-month and post study periods. The interviews focused on gaining 

insights into the user experience of RADAR-base for BD, to ensure we were empowering 

users to be involved in the design and research of the self-tracking tool. In the post study 

data exploration interview, users were given an interactive dashboard of their descriptive 

data and asked to interpret this and connect this to their EWS. A series of interesting 

findings emerged where users collectively described a pattern between the frequency of 

their data and the connection to EWS; where high frequency in the data was related to 

EWS for mania and low frequency in the data was connected to depression. As an 

example, P001 described a spike in phone light levels to be connected to increased manic 

symptoms, which was also demonstrated in her Bipolar UK scale (via aRMT) which 

displayed hypomanic state around the same time period. This user also confirmed that 

her own personal journey entry also exhibited hypomanic symptoms at the same time 

period demonstrating that RADAR-Base is doing what “it’s meant to do”. Though our 

exploratory descriptive statistical do not necessarily align with the pattern that the users 

perceived in the data, it nonetheless sheds light on the complexity and individual 

variability in the experience of BD symptoms. Future research should aim in bridging this 

gap, as there were universal acceptance and utility of using RADAR-Base for BD, where 
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users described that that it helped to cultivate self-awareness and ameliorate some of the 

challenges experienced during self-tracking, such as the ability to self-track when unwell. 

Finally, RADAR-base did not achieve much of the promised functionality so there were key 

aspects of its potential acceptability and usability that could not be tested. If it did achieve 

better functionality, the complexity of the data and its relationships could be explored in 

a granular way. 

Key takeaways  

▪ This series of research is an example of high-level involvement of the user in the 

design and research for self-tracking for BD, serve as a first of its kind it combining 

methods seen in both PPI and HCI.  

▪ The intimate and intricate details of self-tracking, as well as the recommendations 

to develop a tool that was more closely aligned to the experience of BD are key 

advantages of using this approach.  

▪ The tool was universally demonstrated good levels of usability and acceptability, 

with further recommendations for improvement.  

▪ Using a cohort-style user group served large benefits to the attrition of the study 

which had a low drop out (25%), compared to what is seen in literature reporting 

dropout rates between 32%-38%.  

▪ However, the impact of employing this approach, as well as the personal 

experience of applying this approach and extended methodology will be reported 

upon in the next section of the discussion.  

7.2 Reflections on the methodology and impact on the research 

A reflexive personal account of conducting research at this intersection of healthcare and 

technology was provided in Chapter 6 of this research and will be elaborated upon here.  

7.2.1 Our methodology: help or hindrance? 

Though the application of this type of approach served benefits for the research in terms 

of motivations as demonstrated in the low dropout rates in the study, one must 

consider the collective experience of the methodology and how this impacts the results 
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of the study. This will be reflected in first person account from the researcher’s 

experience.  

    This doctoral research aimed to cultivate relationships with users to empower them to 

become co-researchers and co-designers for self-tracking technology for BD. I already had 

an existing background in mental health, with several years of working in the assessment 

and treatment of various mental health conditions. This served as a great tool to cultivate 

the empathy and understanding needed for the research motivations, and to build 

relationships with users. It also served as a great motivating factor of knowing the harsh 

realities of those living with severe mental health and being motivated to improve this. 

Having this unique background, which was applied to the development of technology is 

not commonplace and how this impacted the results and motivations of users must be 

considered. Firstly, to work with those with mental health, especially in the context of 

research was a fine-tuned task. Essentially you are going in with the attitude “I know 

things are not great for you and I want to try and help”. This requires a level of confidence, 

and the humility to step down and understand you are not the expert here. For many 

researchers, having control over the research is a large prerogative. Especially within 

doctoral studies where you are essentially trying to become the expert. However, in the 

case I was not the expert and had to understand that I would never be. The control was 

rightly given to the experts to guide the research as per their needs. Looking back in 

reflection, this requires a high level of confidence and motivation. This motivation never 

ceased and the goal of making sure the users felt as though they were the expert at every 

point during the study was always the desired outcome. But the process of trying to 

understand the perspective from multiple users with multiple experiences was in itself a 

complex task, it required active listening and looking for meaning in ambiguous contexts. 

I was able to draw on my clinical experience such the delivery of group and individual 

therapy in assisting with workshops and interviews respectively. The ability to understand 

safeguarding, how to keep users safe during the research, was also extremely crucial to 

the tasks. For example, what does one do when a user is visibility ill, or a harm to 

themselves and others. Due to my background in mental health, I had a clear idea on how 
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to deal with such situations. But this is not common amongst my peers in the Department 

of Computer Science who may be working on similar types of projects. This is one insight 

into the level of upskilling needed within this community.  

   However, is this closeness helpful or a hindrance in the context of this research must be 

considered. Questions such as did our users have a positive experience of using self-

tracking tool because of the tool? Or was it because of the relationships that arose as a 

result? For example, in one excerpt of feedback from a user she was describing how she 

kept forgetting to fill out the questionnaires via the aRMT via the following quote “and 

then I remembered I’ve got to fill out the questionnaires for Shazmin” (P003). Not the 

research study, but Shazmin. It must be considered that using this type of methodology 

meant that users were emotionally connected to the relationship within the research, and 

maybe not the tool itself. For example, during interviews, it was often the case that the 

conversation would deviate away from the schedule and the simple question of “how are 

you?” would open a conversation just between two human beings, sharing and talking 

about life itself. As a goal to empower users, these conversations were not shied away 

from but welcomed in the attempt to make users feel confident, feel welcomed and most 

importantly feel heard. As the latter parts of the research were conducted during the 

heights of COVID-19, where there was an additional pressure of mental health and 

loneliness, these conversations increased with some users simply having nobody else to 

speak to during this time. Again, how that impacted the results of the study is something 

to consider. Only future studies which attempt to replicate the results of this study would 

shed light on these implications. For example, it would be of interest to understand how 

the results of a future study would be impacted without the type of researcher-user 

relationship cultivated in this study, or with future researcher who had a different 

background (e.g., non mental health related). 

 

The researcher-user relationship that we established cultivated a level of support and 

assistance in the usage of the self-tracking for BD. For example, users were assisted by the 
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researcher to download the app, they had the researchers contact number if anything 

went wrong, they had regular check ins about the apps and reimbursed for their time (via 

Amazon vouchers). The point of contact was always me whom they had worked with to 

develop the app and then use the app over the course of almost 2 years. The level of 

personalised support and assistance, especially with a single researcher, in a study that 

was bigger with a larger user pool just would not be feasible, nor sustainable and how that 

would impact the outcomes are yet to be explored. Also, the regular check ins with a single 

researcher could also had created a sense of accountability, which may have influenced 

the study outcomes. For example, did the user members continue with the study because 

of their relationship with the researcher to support her motivations for doctoral studies? 

These are questions which must be explored within the design of similar research studies  

 

7.2.2 Personal difficulties of employing this methodology  

 

     Employing this methodology was not without its challenges from a personal 

perspective. The norms of what apply in traditional research did not apply when using this 

methodology Coming from a mental health background, there are a numerous policies 

and guidance in your conduct with the “patient”. For example, there is lone working policy 

where if you are seeing a patient by yourself, it was mandatory that another researcher 

knows the name, location, meeting start time, meeting end time and a check in at the end 

of the meeting. Due to this study sitting in the intersection between healthcare and 

technology, these polices were not tailored to this and simply not available. It was often 

the case where meetings were conducted in coffee shops, phone calls on personal numbers 

and a number of users were sending requests on social media platforms such as LinkedIn 

and Instagram. There were sometimes difficulties in knowing where the line when you are 

trying to empower someone essentially be your colleague, yet they are also the subject in 

the study. This was particularly difficult for me where I experienced dissonance between 

being an advocate and an also a responsible scientist.  
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Furthermore, it was particularly challenging working with mental health during the peaks 

of COVID-19. The impact of COVID-19 on general mental health were a huge cause of 

concern, where the pandemic had huge psychological impact on individuals (Talevi et al., 

2020). The impact that COVID-19 on those with existing mental health issues was hugely 

significant, with 1/3 of young people and adults experienced worsening mental health the 

pandemic (What Has the Impact of the Pandemic Been on Mental Health?, n.d.). Having 

to motivate myself, to work with a user group who have the additional pressure of COVID-

19 on their existing mental health issues was a hard task. It was taxing mentally, as I also 

had a role to perform which was to empower users and make them feel heard. But as the 

saying goes “it was like trying to pour from an empty cup” during this collectively testing 

time for all. The individual struggles of COVID-19 hugely impacted the latter parts of this 

research, namely the evaluation phase where both the user group as well as the researcher 

were trying to get through the social restrictions, anxiety and shock of COVID-19. Prior to 

COVID-19, our meetings were more in person, in workshop- style settings where the aim 

was to get everyone involved and excited about the future of self-tracking. There was a 

tangible feeling of community where users came together to discuss their experiences for 

the development of science. However, after COVID-19, these in person methodologies 

were no longer feasible and we had to move onto more 1-1 methods using MS Teams. This 

felt almost 2 dimensional compared to our methods pre-COVID and significantly impacted 

our engagement. Meetings with users got shorter and shorter and it was a struggle to 

sometimes get in contact with some users. Upkeeping the momentum of advocacy and 

empowerment was difficult during these latter phases of the study, impacting the quality 

of our results in this phase.    

Key takeaways  

▪ The background of the researcher could be contributing factor to success when 

trying to embed such a methodology which aims to empower patients as it 

requires a high level of empathy. Such as having a background in mental health 

and clinical practice (e.g., group, individual therapy) as the researcher did in this 

doctoral work.  
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▪ Future initiatives should look to upskill researchers who work in this space in 

emotional intelligence such as empathy who do not come from a mental health 

background in order to create more meaningful relationships with this unique set 

of users. 

▪ Future research should be considering the researcher-user relationship in the 

process of applying this methodology and investigate the impact of this on the 

adoption of technology.  

▪ There is an overwhelming need for the development of policies and procedures 

that safeguard researchers conducting research in severe mental health (e.g., lone 

working policy) which don’t fall under traditional healthcare departments in 

universities and research organisation (i.e., NHS). Such as the case in this research 

which was conducted in the School of Computer Science.  

▪ Specifically, there should be a policy guiding how to conduct such advocatory 

research in the context of severe mental health focusing on where to draw 

boundaries to protect both the user-researcher such as the Professional 

Boundaries and Relationship Policy as seen in the NHS.  

 

7.3 Implications for self-tracking technology 

 

The current research has numerous implications for self-tracking technology for BD. 

Implications apply to the design of self-tracking technology which have largely been 

covered in the previous section. However, this stretched beyond this to understanding 

the individual variability of BD, needs and preferences specifically for this technology 

which will be discussed in this section. Lastly, we will explore the role of validation in the 

design of self-tracking for BD focusing on EWS and passive sensing.  

7.3.1 Individual variability and self-tracking 

 

The lack of user involvement in the design and development may explain why individual 

variability of illness expereince is not considered in current self-tracking technology for 

https://www.elft.nhs.uk/sites/default/files/2022-01/1_professional_boundaries_and_relationship_policy_v2.pdf
https://www.elft.nhs.uk/sites/default/files/2022-01/1_professional_boundaries_and_relationship_policy_v2.pdf
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BD (Ortiz et al, 2021). Beyond our review which explored this (Majid et al, 2021), it was 

also reflected in a large review of the past decade on HCI and affective health (including 

BD) which found that out of 76 studies involved, only 16 studies reported clinical 

evaluations which was descried as those users who use mental health services or who 

meet the formal criteria for a specific mental health problem (Sanches et al., 2019). In 

response to this, this series of research has highlighted many findings in the individual 

differences of the experience of BD and connected this to the design and development of 

BD. This was firstly explored in the Concept Generation and Ideation phase when 

exploring reasons, methods and challenges self-tracking.  Specifically, when explorations 

methods of self-tracking it was revealed at how truly complex this is for those with BD. 

N=18 users talked about over 50 methods that they use to track their mental health with 

even more complex descriptions of how they apply and use these methods. There was 

some exploration on how numbers (i.e., qualitative information) are used to make sense 

of a qualitative experience such as mood changes, or EWS. For some users, they found 

counting items done on a to-do-list as a useful mechanism of understanding their mood. 

stated, “make a list of 20 things to do... if I get at least 5 done then that’s good”, while 

another user said, “take three things of this to do list, turn the page over and write those 

down… this is more manageable and if you get one thing of this list today then that’s 

great”. The completion of 5 things done of 20 constituted successes for one user, whereas 

for another user getting 1 out of 3 things done was success. This is just one insight into 

how variable the individual experience of a good day in BD can be.  

 

This individual variability doesn’t just apply to self-tracking to BD, but also the self-tracking 

discourse in HCI more generally and the concept of “normative ontology”; where an ideal 

is set within self-tracking technology without accounting for individual differences. In this 

paper, Spiel describes the mechanism of producing a step using self-tracking technology 

and questions whether the steps that are counted are produced in the same way from 

human to human. Indeed, she argues that currently a human step is “whatever a set of 

algorithms running on a portable computational device can detect and process”.  Martin 
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and Lynch (A. Martin & Lynch, 2009) unpicks the process of counting and aptly summarize 

that “how a count is produced depends very much on how is doing the counting, what the 

count if for, and the occupational and physical location of the counting event”. To relate 

this back to BD, Emily Martin (E. Martin, 2009) in her book Bipolar Expeditions described 

the concept of a “zero” day for her. A zero day is a day without change—an unremarkable 

day—which can actually be an indicator of improvement for those with BD, however this 

is unlikely to be treated in the same way for non-BD individuals who engage in self-

tracking who interpret this as an “off day”. Understanding this individual variability in our 

experiences of life, especially in the context of mental health, is hugely important 

consideration for future designers and researchers in the space as they have a 

responsibility to design technological experiences with meaning, but not experiences that 

define what is means to be “well” as this is inherently subjective, with high levels of 

variability dependent on the context.  

 

In the Prototype Design and Deployment phase of this research, there further insights into 

the individual experience of BD and it’s relation to self-tracking technology. An extensive 

list of useful self-tracking factors was provided in this research and some of what had 

received little attention in the self-tracking research thus far such as levels of spending, 

driving patterns and employment information. It was found that the utility of these 

tracking factors varied from user to user, and it was imperative for users to have control 

of which of these tracking factors they were engaging with in the use of technology, as 

they can significantly impact their willingness and trust of the system. Specially for more 

sensitive tracking factors described such as levels of spending. Being able to tailor the 

system, based on individual variability was a large output from this research which was 

not just limited to the tracking factors (via pRMT) but also the timing of self-report 

outcomes (via aRMT). The lack of tailoring was self-tracking technology for BD was 

described as a paint point by Ortiz et al., 2021, and by offering this to our users in the 

current research we hope to made first step at improving this.  

 



 

 

199 Majid, S. (2023) 

 

In the evaluation phase, individual variability and its connection to self-tracking 

technology was largely accounted for in exploration of the data produced in the study. 

The subjective interpretation of the data was compared to the statistical exploration of 

the day, where interpretative discrepancies arose. The subjective experience, or self-

expereince, of interpreting self-tracking data is of huge benefits, as these individuals are 

the experts of their own experience. Statistical methods operate at the different level, 

change is looked at through the lens of numbers, and mathematical significance is set at 

a fixed level. But as we have seen, and explored in previous sections, there may need to a 

level of tailoring and personalization to how we objectively measure in this case. Statistical 

models need to be tailored to be sensitive the definition of change set by the users, as 

this will differ from user to user. This was also echoed in the findings by Ortiz et al, where 

the review highlighted the difficulty in developing an overarching prediction algorithm for 

a variable group of patient and advocated for the development of personalized prediction 

models alongside other key authors such as Palmius et al., 2017; Pratap et al., 2019. 

Future research should aim to bridge the gap between subjective interpretation and 

objective analysis in self-tracking data by exploring the utility of personal predictive 

models.  

 

7.3.2 The role of validation: clinical tools and passive monitoring  
 

Another current pain point in the design of self-tracking tool is the lack of validity in terms 

of research data and clinical tools used (Nicholas et al., 2017a). This, combined with a lack 

of user involvement, suggested there are inherent issues in the current app marketplace 

for BD. The current research aimed to ameliorate some of these pain points but employing 

the use of validated clinical tools such as the EWS checklist (Lobban et al., 2011) and also 

collected data for a period of 6 months using the development self-tracking tool. The use 

of the early warning signs was largely welcomed by users, where in all tasks where these 

were employed, users identified a list of EWS that were relevant to them. In latter parts 

of the research, users also were able to use the EWS and connect this to self-tracking 

factors available in RADAR-Base and beyond. In the feedback during the evaluation tool, 
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users are described the self-tracking tool as being helpful for cultivating awareness 

“especially for someone who is new to learning about EWS” (P003). In the context of this 

research, the EWS checklists were used for exploration both from the researcher and 

users’ perspective. When trying to connect this to the data, this came with difficulties as 

only one user was able to draw connections between the EWS and the data. Whereas for 

other users, it was much more difficult to draw connections between specific EWS and 

the data, as for many of them there is an overlap. Unlike other studies in this space, there 

was no specific focus on the predictive quality of the self-tracking data and EWS. 

Therefore, we are unable to draw conclusions between EWS and self-tracking data 

beyond that from the users’ subjective experience, as the EWS data wasn’t used in the 

statistical analysis. The reason being as it’s a static measure of symptoms, not subject to 

change unlike the other aRMT data, which was used in the analysis, as the primary aim of 

the analysis was to understand if there were changes in the data according to experienced 

mood. EWS data would be useful in drawing predictions in passive monitoring (via pRMT) 

and active monitoring (via aRMT) data. In other words, how much of the change in the 

data is relevant to specific EWS.  But as mentioned in previous sections of this study, in 

order to draw predictions, algorithms first must be personalized to understand the 

individual variability that is present in EWS.  From the findings of this research, one 

method of achieving this would be by the involvements of users and the use of validated 

clinical tools such as the EWS checklist in the development and tailoring of predictive 

algorithms. Though this was beyond the scope of the current work, future research should 

consider this in order to move away from the issues that are seen in this domain of self-

tracking tech for BD.  

 

To account for the inherent challenges that are experienced during self-tracking for those 

with BD, there was a call to passively monitor and intervene (Murnane et al., 2016) in 

order to reduce users efforts and burdens, as opposed to more actively inputted self-

report data, and to also support the continuous collection of data. To account for this 

challenge, we enrolled a self-tracking tool that has both passive monitoring and active 
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monitoring capability. The utility of this was explored and the results proved that the 

passive collection of data does indeed assist in the challenges that those with BD 

experience in self-tracking as exemplified by this key quote by a user when examining 

their collective experience of the pRMT app "it gives me insight into when I’m manic and 

when I’m depressed – when I’m depressed, I can look back as I don’t remember” (P008). 

The utility of this was further demonstrated when exploring the data with users, where 

patterns of the data was described to provide insight into EWS for mania and depression. 

The findings of this research demonstrate the utility of passively collection data in terms 

of user acceptance and for the exploration of EWS. Future studies to aim to explore this 

further.  

 

Key takeaways  

▪ The subjective experience of converting a qualitative expereince into something 

quantitative (i.e., what numbers mean) has high degree of individual variability 

within BD 

▪ The ability to customize technology are useful features in aligning technology to 

users’ needs and preferences 

▪ When looking at quantitative data, it is important to give value to the users’ 

subjective interpretation of the data, rather than just relying on statistical 

methods which have sensitivity thresholds set a fixed level rather than being 

personalized  

▪ From the users’ subjective experience, employing the EWS checklist as a clinically 

valid tool to explore relapse was useful in this study. However future studies 

should consider the predictive quality of this tool in the context of active and 

passive sensing methods. 

▪ Users showed acceptance of passive sensing methods in responding to some of 

the inherent challenges users experience when self-tracking  

 

7.4 Implications for bipolar disorder  
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Cultivating self-awareness plays a key role in psychological treatment for BD, which when 

in adjunct to pharmacological treatment, has the largest evidence base in the treatment 

and management of BD including reducing onset of new episodes, length of hospital stay 

and adherence to drug treatment  (Rabelo et al., 2021). The current research provides 

evidence on the usability and acceptance of novel self-tracking tool, which has been 

designed closely to users’ needs and preferences in order to aid self-awareness in BD. 

Cultivating self-awareness was indicated by our users as a positive outcome of RADAR-

base usage and users understood more about their EWS through the data.  

This study also tackles the lack of parity of the involvement of users with physical and 

mental health issues in the development of technology, where those with the latter are 

less likely to be involved than the former (Goodwin et al., 2016). Why this is the case has 

been touched upon in Chapter 2 and it has been described that there are inherent 

difficulties and systemic issues that make it difficult to involve users with mental health 

issues. However, the current study proves that high level involvement is possible. But one 

thing that hasn’t been considered, and that has been learnt though the course of this 

research, is the real-life gravity of stigma in BD. Stigma is defined as “negative or 

discriminatory attitudes that others have about mental illness” (Borenstein, 2020). When 

considering the research, studies has shown that high levels of self-perceived stigma are 

associated the lower levels of functioning in BD (Vázquez et al., 2011). When investigating 

this further in a large study (n=80), it was found that the three predictors of functioning 

were severity of depression, perceived social support and internalised stigmatisation 

(Cerit et al., 2012). When describing functioning in this study, it was defined as “social 

function” including household relationships, participation in social activities, daily 

activities and hobbies, taking initiative and self-sufficiency, occupation and others. The 

role of this perceived stigma on users’ ability and willingness to be involved in research 

and design should be considered, as it could play a significant role. This perceived stigma 

is something I witnessed during this research, when on one occasion I gave a talk to boost 

study recruitment at Bipolar UK, I talked about the aims of the research which were to 

empower users to be parts of self-tracking for BD. I was inundated with emails after this 
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with people thanking me, with one lady saying that she had been brought to tears because 

it’s not very often that they get asked “what they want” when it comes to BD. The 

perceived stigma and feeling of disenfranchisement are common in BD and as researchers 

and designers must become mindful of when thinking about the barriers of involvement. 

It is our role as researchers and designers to tailor our practices to true advocacy, moving 

away from disenfranchisement, if we truly want to get close to user’s needs, preferences 

and experiences.  

Key takeaways  

▪ Stigma in BD could play a role in user involvement in research and design of self-

tracking technology.  

▪ It is the role of future research and designers to consider this as a barrier to 

involvement, and strive to tailor their practices towards advocacy with a sensitivity 

towards the high levels of marginalisation in BD 

7.5 Responsible Research and Innovation Practices  

The current research aligns with the framework for Responsible Research and Innovation 

as outlined by EPSRC, who have partly funded this research (EPSRC, 2023). This framework 

outlines the process that seeks to encourage the cultivation of creativity and the creation 

of opportunities for scientific and innovative endeavours that align with societal values 

and serve the greater public good. Responsible research and innovation recognize that 

innovation can give rise to inquiries and ethical dilemmas, frequently carries ambiguity in 

its objectives and motivations, and remains unpredictable in its potential outcomes, 

whether positive or negative. The framework outlines a process titled the AREA approach 

defined by the following steps: anticipate, reflect, engage and act.  

The current research aligns with the first step framework by anticipating the role of the 

user in the development of self-tracking technology, considering the impact of low user 

involvement. Secondly, throughout the central thesis this was reflected upon often with 

involvement of users with BD to ideate what constitutes better research and development 

in the space. In terms of engagement, those with BD closely collaborated with the 
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researcher to define research, conduct data collection as well as analysis, ultimately 

defining the trajectory the research would take as per the final “act” stage.  

7.6 Overall Limitations  

There were inherent limitations of this research which had significant impact on the scope 

of this work. First it is important to consider the sample. Whether the cohort style user 

group that we employed in this study has been a help or a hindrance has been considered 

in other part of this discussion. The other aspect to consider is the presence of relapse 

within our sample, as a large percentage of our user group were in points of remission 

experiencing euthymic mood for large parts of the study. Much of our sample (75%) had 

more than 7 years lived expereince of BD in Concept Generation and Ideation phase as 

well as Prototype Design and Deployment phase. This was similar for the evaluation phase 

where an even larger proportion of the sample (87.5%) had over 7 years lived experience 

of BD. This sample may not represent the experiences, needs and preferences of those 

compared to those who earlier in their journey of BD and future research should consider 

this. This is highlighted by the number of users in the different packages of research who 

already had existing methods of self-tracking demonstrating some level of insight into 

their condition, as well a detailed viewpoint when it came to making suggestions towards 

RADAR-base. However, future studies should consider those who are earlier in their BD 

and self-tracking journey to compare findings as it could be the case that needs, and 

preferences will be distinct dependant on where you are on this trajectory of recovery.  

There were a host of technical limitations of RADAR-base that impacted the study, as well 

as the quality of data in this study. For the Prototype Design and Deployment phase, there 

were limitations in terms of time and resources relevant to making changes that were 

user led, and a number had to be chosen according to the project timelines and feasibility. 

RADAR-base was used as a base for exploration for the users, which may primed their 

thinking of what self-tracking for BD should look like. It prevented the “blue-sky” thinking, 

which is a form of creative brainstorming with no limitations, and not guided by what you 

have done or capable of doing. However, there were constraints in thinking based on the 

capabilities of RADAR-Base in this research. Future studies should promote “blue-sky” 
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thinking in future and allows users to think from scratch without any perceived limitation, 

to see whether there is difference in thinking in relation to design.  

During the deployment of the prototype during the evaluation phase, there were a whole 

host of issues. Firstly, data from the following data streams levels of spending, GPS and 

step count were just not accurately collected from the pRMT app which meant there it 

was a large amount of missing data or in some cases, no data. This was a large 

disappointment for the research as well as the users, as these were three data streams 

that were predicted to have large utility into understanding EWS. Especially with levels of 

spending which had been designed and developed into RADAR-base as a result of user 

feedback. This missing data significantly impacted the month 3 interviews, where it was 

planned for the data to be feedback to the user. The large amounts missing data impacted 

the data visualisation as users expected to see this data, which in turn impacted 

engagement. Also, as RADAR-base was managed by the industrial sponsors of this 

doctoral research, there was a disconnect between the researcher and RADAR-base. The 

research only received the data once it had been collected at distinct time points, where 

it was often difficult to decipher issues until the data was processed. In other words, there 

was no capabilities of the active monitoring of the data. The researcher learnt about the 

data streams not being collected close to the 3-month interview point which also 

impacted the researcher’s interpretation of the data and subsequent visualisation. In 

hindsight, presented the data in a MATLAB figure was deemed confusing by the users and 

the research should have considered more user-friendly methods of presenting this data. 

But given the issues at the time, this was overlooked.  

Another technical issues with RADAR-Base for BD was the delivery of the aRMT self-report 

measures. Largely the daily delivered questionnaires such as the visual mood diary, 

personalised medication tracking were delivered correctly. However, the other self-report 

measures such as the Bipolar UK scale, QIDS-SR, ASRM, SHAPS were not delivered 

correctly which resulted in a huge amount of data loss. As even when they were delivered 

correctly, the three-hour slot to answer the questions was often missed by our users. This 

was a technical limitation of RADAR-Base that the time period to answer any self-report 
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measures via aRMT could only be extended to three hours. The impact this had on the 

study was large, and it led to the redundancy of these measures from a statistical 

perspective as data was largely missing, infrequent and couldn’t be used to draw insights 

from the passively collected data. Again, this was hugely disappointing to our users as 

these self-report questions were user-led and the insights gained from them didn’t live up 

to expectations of what they could have been.  

 

7.7 Overall Conclusions 
The overall aim of this doctoral work was to explore the use of a mobile self-tracking tool 

which uses passive and active sensing techniques to understand EWS for relapse for those 

with BD, which is closely aligned to the personal and lived experience of its users through 

high levels of user-involvement throughout the course of design and evaluation. To 

ensure this high level of involvement, the research drew upon participatory involvement 

methods from both HCI and PPI. From the related work section of this thesis (Chapter 2), 

it was concluded that technology should be tailored according to users’ needs and 

preferences, in order to maximize the potential that technology has in improving the lives 

of those living with this condition. In a subsequent chapter of this doctoral research 

(Chapter 4), we explored reasons, methods and challenges for self-tracking for those with 

lived experience of BD via two user-led workshops with 18 users. Compared to previous 

studies on this topic, our findings revealed that the social, communicative basis to tracking 

was highly important, compared to the more clinical basis of tracking that was seen in 

other studies. Our findings also documented a large level of complexity in self-tracking, 

where 50 methods were described. Chapter 5 leveraged the findings on the intimate and 

intricate nature of self-tracking to guide the re-design of an existing self-tracking tool 

(RADAR-Base) via a series of interviews (n=10). Financial tracking was adapted as a 

capability for passive sensing and a range of user-led, active, self-report capabilities were 

added such as a daily visual mood diary, Bipolar UK mood scale, personalised medication 

tracking, diary for reflection, and a range of clinically validated tools to measure 

depression, mania and anhedonia. To account for individual variability in the experience 
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of BD, a level of tailoring was also developed where users can turn tracking factors on/off 

as they wish. A working prototype was subject to a series of alpha testing with two users 

which led to the prototype being user-orientated, such as extending time periods to 

answer questionnaires, trigger warnings for sensitive questionnaires, making the 

medication tracking more personalised. In the Evaluation Chapter (Chapter 6), a final 

prototype was developed and enrolled for a 6-month period of beta testing with eight  

users. A series of findings emerged where users collectively described a pattern between 

the frequency of their data and the connection to EWS; where high frequency in the data 

was related to EWS for mania and low frequency in the data was connected to depression. 

Though our statistical findings did not align with the pattern that the users perceived in 

the data, it nonetheless sheds light on the complexity and individual variability in the 

experience of BD symptoms, which was a core deliverable of this research. Users 

demonstrated acceptability of the tool, with indication that the tool helped to ameliorate 

some of the challenges that one experiences during self-tracking. However, there were 

also several improvements which should be considered by future research. In the final 

chapter of the thesis (Chapter 7), the core limitations of this doctoral work are discussed 

such as the technical difficulties of RADAR-Base and COVID-19 and how this impacted the 

research, especially during the evaluation phase of this research. Finally, a personal 

reflexive account of applying this methodology was provided with core insights on the 

researchers’ role in the process. Suggestions for the community of mental health 

technology research were also put forward such as initiatives to upskill in empathy and 

safeguarding policies for researchers working in advocatory research in mental health.  
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Appendices 

 

 

1. Full scales/graphs used in the study 
 

1.1 Visual mood diary using smiley faces (e.g. Daylio app (Daylio - Journal, Diary 

and Mood Tracker, n.d.) 
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1.2. Bipolar UK Scale – a 10-item mood scale with descriptions of mood  (Bipolar 

UK, n.d.) 
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1.3. Quick Inventory of Depressive Symptomology (QIDS-SR) 
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1.4. Altman Self-Rating Mania Scale (ASRM) 
 

ASRM 

Instructions  

1. On this questionnaire are groups of five statements; read each group of statements 

carefully. 

2. Choose the one statement in each group that best describes the way you have been 

feeling for the past week.  

3. Circle the number next to the statement you picked. 4. Please note: The word 

"occasionally" when used here means once or twice; "often" means several times or more; 

"frequently" means most of the time.  

 

1. Positive Mood 

o  I do not feel happier or more cheerful than usual. 

o  I occasionally feel happier or more cheerful than usual. 

o  I often feel happier or more cheerful than usual. 

o  I feel happier or more cheerful than usual most of the time. 

o  I feel happier or more cheerful than usual all of the time. 

2. Self-Confidence 

o  I do not feel more self-confident than usual. 

o  I occasionally feel more self-confident than usual. 

o  I often feel more self-confident than usual. 

o  I feel more self-confident than usual. 

o  I feel extremely self-confident all of the time. 

3. Sleep Patterns 

o  I do not need less sleep than usual. 

o  I occasionally need less sleep than usual. 

o  I often need less sleep than usual. 

o  I frequently need less sleep than usual. 

o  I can go all day and night without any sleep and still not feel tired. 

4. Speech 
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o  I do not talk more than usual. 

o  I occasionally talk more than usual. 

o  I often talk more than usual. 

o  I frequently talk more than usual. 

o  I talk constantly and cannot be interrupted. 

5. Activity Level 

o  I have not been more active (either socially, sexually, at work, home or school) 

than usual. 

o  I have occasionally been more active than usual. 

o  I have often been more active than usual. 

o  I have frequently been more active than usual. 

o  I am constantly active or on the go all the time. 
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1.5. Snaith-Hamilton Pleasure Scale (SHAPS) 
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2. Participant Information Sheet  
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3. Participant Consent Form 
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4.  Current Medication Form 
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5. Data collection stream form 

 

 

 

 

 

 

 

 

 

6. App usage data example 
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7. App Usage Data Example 
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7.Participant dashboards 

7.1 Dashboard for P001 (Presented in Tableau Reader 2021.4) 
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7.2 Dashboard for P002 (Presented in Tableau Reader 2021.4) 
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7.3 Dashboard for P003 (Presented in Tableau Reader 2021.4) 



 

 

260 Majid, S. (2023) 

 

7.4 Dashboard for P004 (Presented in Tableau Reader 2021.4) 
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7.5 Dashboard for P005 (Presented in Tableau Reader 2021.4) 
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7.6 Dashboard for P006 (Presented in Tableau Reader 2021.4) 
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