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Abstract 

Background 

Remote sensing for the measurement and management of long-term conditions such as Major 

Depressive Disorder (MDD) is becoming more prevalent. User-engagement is essential to 

yield any benefits. We tested three hypotheses examining associations between clinical 

characteristics, perceptions of remote sensing, and objective user engagement metrics.  

Methods 

The Remote Assessment of Disease and Relapse – Major Depressive Disorder (RADAR-

MDD) study is a multicentre longitudinal observational cohort study in people with recurrent 

MDD. Participants wore a Fitbit and completed app-based assessments every two weeks for 

a median of 18 months. Multivariable random effects regression models pooling data across 

timepoints were used to examine associations between variables.  

Results 

A total of 547 participants (87.8% of the total sample) were included in the current analysis. 

Higher levels of anxiety were associated with lower levels of perceived technology ease of 

use; increased functional disability was associated with small differences in perceptions of 

technology usefulness and usability. Participants who reported higher system ease of use, 

usefulness, and acceptability subsequently completed more app-based questionnaires and 

tended to wear their FitBit activity tracker for longer. All effect sizes were small and unlikely to 

be of practical significance.  

Limitations 

Symptoms of depression, anxiety, functional disability, and perceptions of system usability are 

measured at the same time. These therefore represent cross-sectional associations rather 

than predictions of future perceptions.  

Conclusions 

These findings suggest that perceived usability and actual use of remote measurement 

technologies in people with MDD are robust across differences in severity of depression, 

anxiety, and functional impairment.  
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Introduction 

Depressive disorders are the third leading cause of Years Lived with Disability (YLD), 

contributing to 14.3% of all-age YLD (James et al., 2018).  Major depressive disorder (MDD) 

is a severe form of depression, widely experienced as a chronic condition characterised by 

periods of recovery and relapse (Verduijn et al., 2017). Symptoms include anhedonia and low 

mood, often combined with a range of other cognitive, physical, behavioural and emotional 

symptoms such as a loss of concentration, changes in appetite, reduced levels of activity and 

feelings of guilt or worthlessness. The chronic nature of MDD means that those affected 

should ideally have regular symptom monitoring, which is conventionally conducted via self-

reported questionnaires or clinical interviews. These forms of symptom measurement are 

necessarily infrequent and subject to recall bias (Schmier and Halpern, 2004).  

Harnessing mobile technologies (such as smartphones and/or wearable devices) to assess, 

manage and support chronic illness is becoming increasingly popular for capture of high-

frequency multimodal behavioural, psychological, and physiological data in naturalistic 

settings (Dobkin, 2013). This form of data collection via remote sensing overcomes many of 

the limitations posed by conventional outcome assessment at minimal additional burden to 

patients (Mohr et al., 2020). There is also a growing literature reporting associations between 

depression severity and data collected via inbuilt smartphone sensors and wearables such as 

homestay, sleep duration and activity levels (Rohani et al., 2018; Laiou et al., 2022; Zhang et 

al., 2021). This growing research and clinical interest have been matched by commensurate 

industry investment.  Over $400 million in venture capital investment have been allocated to 

the development of mental health applications (apps) throughout 2019 (Connolly et al., 2020).   

Yielding benefits from any form of mobile technology relies on user-engagement (Bakker and 

Rickard, 2019). Engagement, defined as not only initial uptake of a new system, but sustained 

usage and interaction over time (O’Brien and Toms, 2008), is dependent on a range of 

interconnected processes, defined usefully in the Technology Acceptance Model (TAM, 

supplementary figure 1, (Lee et al., 2003)). The TAM, originally adapted from the Theory of 

Reasoned Action (Ajzen and Fishbein, 1980), proposes that adoption and use of a novel 

system is dependent on intention to use the system, which in turn is influenced by inter-related 

perceptions of usefulness and ease of use. External variables, which are independent from 

the technology being assessed, may include social, cognitive, or experiential variables, 

hypothesised to impact perceptions of system usefulness and ease of use. The TAM has been 

widely used to inform the development and implementation of health informatics; from the 

introduction of telemedicine and electronic health records to the development of mobile 

applications (apps) and digital interventions (Rahimi et al., 2018).  

Remote sensing is a new application of the TAM, requiring individuals to engage with novel 

technologies for long periods of time, without necessarily receiving any intervention or 

immediate reward for doing so (McGrady et al., 2010). Recent systematic review evidence 

has emphasised the importance of this distinction: whereas engagement with digital behaviour 

change interventions (DBCI) tends to be linked with the target outcome, sustained 

commitment to remote sensing depends on less tangible outcomes to motivate users (White 

et al., 2022).   

Remote sensing presents novel challenges, particularly in clinical populations. Use of a new 

technology may not solely depend on an individual’s intentions and perceptions, but also 

presentation of symptoms which will influence their ability to adapt to the system requirements 



and maintain use throughout fluctuations in symptom severity (Simblett et al., 2018). We 

therefore hypothesise an additional pathway between clinical characteristics and actual 

system use (hypothesis 1).  

Within the context of MDD, there are several elements of living with chronic mental illness 

which could be linked with both perceptions of system usability and actual use. Cognitive 

models of depression highlight the importance of the negative schemas individuals with 

depression have about themselves, the world and the future (Beck, 1967). These 

dysfunctional attitudes contribute to a bias in information processing, whereby negative 

experiences and information are prioritised to fit with pre-existing negative schemas (Huntley 

and Fisher, 2016). Individuals with MDD experiencing high levels of depression or anxiety, 

faced with the challenge of mastering a new technological system, may therefore have 

worsened subjective perceptions of the usability or acceptability of a novel system (Patel et 

al., 2020).  

The experience of living with MDD may also have a direct impact on engagement with 

technology. For example, symptoms of MDD include a loss of interest in daily activities and 

forgetfulness, which can affect intrinsic motivation to behave proactively (Franzen and 

Brinkmann, 2016). Using wearables or smartphone apps to monitor symptoms can be seen 

as a self-management behaviour, requiring individuals to sustain enthusiasm to continue to 

engage with the technology (Connolly et al., 2020). Furthermore, high levels of functional 

disability are prevalent in MDD, with depression frequently impacting the extent to which an 

individual can participate in and enjoy their normal daily activities (Luty et al., 2002). An 

increase in depression severity might be associated with reduced engagement with mobile 

technologies for some, whereas it may trigger more diligent health monitoring in others 

(Simblett et al., 2019b).  

An analysis of students’ smartphone use over one week revealed a significant association 

between reduced depression severity and increased general smartphone use (Elhai et al., 

2018). Better emotional health has also been associated with increased engagement with both 

smartphone apps and wearable technologies in people with bipolar disorder (Van Til et al., 

2020). However, there is no evidence that the severity of depression and anxiety symptoms 

impact health app use in people with pre-existing depression or anxiety (Mohr et al., 2021). 

Whilst this is a burgeoning field of research, multiple systematic reviews have highlighted the 

lack of adequate reporting with regards to the acceptability, usability and indicators of long-

term engagement with mobile technology (Batra et al., 2017; De Angel et al., 2022; Lee et al., 

2021). One review examining usability of wearable devices in chronic conditions could not 

provide any substantial conclusions due to the poor quality of reporting in the field (Keogh et 

al., 2021). Similarly, in a systematic review examining the passive monitoring of depression 

via smartphone sensors, de Angel et al., (2022) were unable to conduct a meta-analysis for 

the same reason. There is a clear need for higher quality datasets in clinical populations.  

Here, we report findings from Remote Assessment of Disease and Relapse—Major 

Depressive Disorder (RADAR-MDD; (Matcham et al., 2019)), a longitudinal, observational 

cohort study being conducted as part of the Remote Assessment of Disease and Relapse – 

Central Nervous System (RADAR-CNS; www.radar-cns.org) programme. RADAR-MDD aims 

to use data collected passively via wearable devices and smartphone sensors, combined with 

app-delivered assessments, to predict relapse in people with MDD. With over 600 individuals 

participating in the study for a median of 541 days (Matcham et al., 2022), RADAR-MDD 

provides insights into relationships between clinical presentation, perceptions of technology 



usability, and long-term engagement in a major depression population. Accordingly, we aim 

to test the following hypotheses:  

H1 More severe clinical symptoms (depression and anxiety) and functional impairment are 

associated with lower levels of FitBit wear-time and app questionnaire responses.  

H2 More severe clinical symptoms and functional impairment are associated with lower 

levels of self-reported system (Fitbit and app) usability and acceptability. 

H3 Low levels of self-reported system usability and acceptability are associated with lower 

levels of FitBit wear-time and app questionnaire responses. 

Methods 

Study Design 

RADAR-MDD is a multicentre, longitudinal, observational cohort study in people with recurrent 

MDD. Participants were enrolled from three recruitment sites: King’s College London (KCL; 

London, United Kingdom); Amsterdam University Medical Centre, location VUmc 

(Amsterdam, The Netherlands); and Centro de Investigación Biomédica en Red (CIBER; 

Barcelona, Spain). A detailed description of the recruitment process at each site is provided 

elsewhere (Matcham et al., 2019).  

Study Population 

A total of 623 individuals were enrolled in RADAR-MDD and followed-up for a median of 

541 days (interquartile range (IQR): 401-730; (Matcham et al., 2022)). To be eligible for 

inclusion in RADAR-MDD individuals needed to: have recurrent MDD (a lifetime history of 

≥2 episodes, the most recent of which must have been within the past 2 years); able and 

willing to complete self-reported assessments via smartphone; able to give informed 

consent; be fluent in English, Dutch, Catalan or Spanish; have an existing Android 

smartphone or be willing to swap to an Android for the purposes of the study; and be aged 

over 18 years old. Individuals with a lifetime history of bipolar disorder, schizophrenia, 

MDD with psychotic features or schizoaffective disorder, dementia, recent history of drug 

or alcohol misuse or major medical diagnosis were excluded. 

Data Collection 

RADAR-MDD collected data from a range of sources, detailed in other publications (Matcham 

et al., 2022, 2019). Here we describe the measures used in the current analysis (Figure 1). 

Clinical characteristics 

Participants completed assessments of depression, anxiety, and functional disability severity 

every 3 months via REDCap automated surveys (Harris et al., 2009). Only data collected at 



3- and 12-month follow-up time points were used in the current analysis to align with when 

self-reported usability and acceptability questionnaires were delivered.  

Current depression severity was measured using the Inventory of Depressive 

Symptomatology – Self Report (IDS-SR; (Rush et al., 2000)). The IDS-SR contains 30 items, 

covering typical MDD symptoms as well as subtypes including melancholic and atypical 

depression. Response options ranged from 0-3 with 0 indicating the lowest level of severity, 

frequency, or duration of a symptom, and 3 indicating the highest level of severity, frequency 

or duration of a symptom. Scores are summed to create an overall score ranging between 0-

84, with higher scores indicating increasing depression severity. 

Symptoms of anxiety were measured using the Generalised Anxiety Disorder (GAD-7; (Spitzer 

et al., 2006)) questionnaire that consists of 7 items assessing how often an anxiety symptom 

was experienced within the last two weeks. Response options ranged between 0 (“Not at all”) 

and 3 (“Nearly every day”). Responses to each item are summed to create a total score 

ranging from 0-21 with higher scores indicating greater anxiety severity.  

Functional disability was assessed using the Work and Social Adjustment Scale (WSAS; 

(Mundt et al., 2002)). This questionnaire has 5 items relating to different aspects of function 

(ability to work, home management, social leisure activities, private leisure activities, and 

maintenance of relationships), each scored according to how severely their depression affects 

each domain. Scores for each item range between 0 (not at all) and 8 (very severely), with a 

total score ranging from 0-40 indicating increased severity of functional disability.  

Usability and Acceptability  

Self-reported perceptions of system usability and acceptability were measured via REDCap 

surveys emailed to participants at 3, 12, and 24 months after enrolment. The present analysis 

excludes usability and acceptability data collected at 24 months since, as this was the end of 

the study, information on subsequent app and Fitbit usage beyond 24 months were 

unavailable.   

Perceptions of system usability were measured with the Post-Study System Usability 

Questionnaire (PSSUQ; (Lewis, 1992). The PSSUQ contains 19-items with responses ranging 

from 1 (strongly agree) to 7 (strongly disagree) for a range of system usability descriptors such 

as efficiency, ease of manipulation and flexibility. A total score was derived by summing the 

individual items.  Higher scores indicate lower levels of perceived system usability, however 

for ease of interpretation, scores were reversed in our analyses, with higher scores 

representing increased perceived usability. 

Perceptions of system acceptability were measured using the Technology Acceptance Model 

– Fast Form (TAM-FF; (Chin et al., 2008)). The TAM-FF has 16-items which reflect three 

subscales: perceived usefulness, ease of use, and predicted future use. Each item is scored 

from 0 (strongly agree) to 7 (strongly disagree). We derive a total score by summing the 16 

items as well as scores for subscales (perceived usefulness and ease of use) calculated as 

the mean of each subscale. Higher scores indicate lower levels of perceived system 

acceptability, however for ease of interpretation, scores were reversed in our analyses, with 

higher scores representing increased perceived acceptability. 

Smartphone app and wearable device usage  

We considered two measures of usage. First, engagement with the RADAR-base active 

remote measurement (aRMT) app (Matcham et al., 2022, 2019; Ranjan et al., 2019) was 



assessed based on the number of PHQ-8 questionnaires completed in the three months after 

each  follow-up assessment. Participants were sent fortnightly self-report PHQ-8 

questionnaires via the mobile app. We counted the number of questionnaires (between 0 and 

9) at 3-6 and 12-15 months separately (Figure 1). 

Secondly, the proportion of the time that participants were wearing their FitBit device was 

assessed also in the three months after each follow-up assessment. This was measured 

based on the availability of heart rate data for each 15-minute period of each day. We 

calculated the proportion of 15-minute periods with heart rate data per day and then the mean 

of all days per month. We then summed and rescaled the means for the three months after 

each follow-up assessment (3-6 and 12-15 months, separately). This gave an outcome 

ranging 0 to 1 where ‘0’ indicated participants never wore their FitBit; ‘1’ indicated they always 

wore their FitBit.     

For both usage measures, we excluded observations where a participant withdrew midway 

through a 3-month period (e.g., withdrew at 3-6 or 12-15 months). This was to ensure that 

usage measures were calculated for the same time period (3 months) for all participants.  

Covariates 

At enrolment, participants completed detailed socio-demographic questionnaires detailing 

their age, gender, educational attainment as well as indicators of socioeconomic status, social 

environment, previous experience of using mobile technologies, and lifetime traumatic events 

(measured via the List of Threatening Experiences – Questionnaire (LTE-Q; Brugha & Cragg, 

1990). A detailed summary of the baseline demographic variables collected can be found in 

our protocol paper (Matcham et al., 2019). At follow-up assessments participants were asked 

about lifetime traumatic events in the past three months. All covariates were collected via the 

Research Electronic Data Capture (REDCap) software (Harris et al., 2009). 

 

 

  Figure 1. Summary of measures and follow-up periods.  



Patient and Public Involvement 

The study was co-developed with service users in our Patient Advisory Board. They were 

involved in the choice of measures, the timing and issues of engagement and have also been 

involved in developing the analysis plan and representatives are authors of this paper and 

critically reviewed it. 

Statistical Analysis 

The analysis was conducted in three stages. First, we described socio-demographic 

characteristics of the sample at enrolment (0 months) and clinical variables, usability and 

usage at follow-up (3 and 12 months) using appropriate summary statistics (median and inter 

quartile range (IQR) for continuous variables; frequency and percentage for categorical 

variables). 

Second, we calculated Pearson correlations between clinical variables (in the current time-

point), usability (in the current time-point) and usage (over the next three months). A sandwich 

estimator (Lumley, 2004) was used to account for repeated measures per participant (at 3 and 

12 months). 95% confidence intervals were estimated with a percentile bootstrap (1000 

repetitions). 

Third, we used multivariable random effects regression models to consider three sets of 

relationships, shown in Figure 1, between: clinical variables and perceived usability, both 

measured in the current time-point (H1); perceived usability in the current time-point and usage 

over the subsequent three months (H2); and clinical variables in the current time-point and 

usage over the subsequent three months (H3). We pooled information collected at 3 and 12 

months, such that participants had one or two assessments of each outcome. All models 

included a participant-level random intercept. 

Continuous outcomes (PSSUQ total score, TAM-FF total, and sub-scores) were modelled 

using linear regression models. The number of PHQ-8 questionnaires completed was 

modelled using a sequential ordinal model (Bürkner and Vuorre, 2019; Min and Agresti, 2005; 

Valle et al., 2019). This models the outcome as a counting process where achieving a count 

of k requires that all lower counts of 1 to k-1 have already been achieved. Lastly, the proportion 

of time wearing a FitBit was modelled using zero-inflated beta regression (Ospina and Ferrari, 

2012). This model assumes the outcome has a mixed continuous-discrete distribution, where 

a beta distribution is used to model the continuous part of the outcome (the proportion of time 

wearing a FitBit, among those who ever wear a FitBit) and a logistic distribution is used to 

model the discrete part (the log odds of never wearing a FitBit). 

We chose appropriate adjustment sets for each model by specifying directed acyclic graphs 

(DAGs) that specified relationships between potential confounders and the exposure and 

outcome of interest (see supplementary materials for details). Models considering clinical 

variables and usage (H1) were adjusted for age, comorbid conditions, years of education, 

employment status and previous wearable use. Models for clinical variables and perceived 

usability (H2) were adjusted for age and years of education. Models considering the effect of 

perceived usability on usage (H3) were adjusted for comorbid conditions, employment status, 

previous wearable use, and physical impairment (WSAS).   

All models were estimated in a Bayesian framework using the brms package (Bürkner and 

Vuorre, 2019) for R (R Core Team, 2021). We used noninformative priors (flat priors for fixed 



effects and half student-t priors for random effects). Estimates were summarised based on the 

posterior distribution of expected values from each model. We calculated the difference in the 

expected values of the outcome for a 1 standard deviation (SD) difference in the exposure. All 

continuous variables were standardised (rescaled to have a mean of 0 and standard deviation 

of 1) before including in regression models. All code used in these analyses is available at 

https://osf.io/e9by5. 

Results 

The analytical sample included 547 individuals, having excluded participants without any 

information on clinical variables (n=7), usability and acceptability (n=65), and covariates (n=4). 

Excluded participants were similar to the analytical sample in terms of age (median of 51 and 

48, respectively), male gender (25% and 24%), years of education (15 and 16) and the 

percentage reporting 2+ comorbid conditions (39% vs. 31%). 

Table 1 describes the analytical sample. Most participants in the analytical sample were 

female (76%). The median age was 48 (interquartile range (IQR) = 32-58), 27% reported two 

or more comorbid conditions and 41% were in paid employment at the time of enrolment. 

Further description of sociodemographic covariates in relation to the outcomes is presented 

in Supplementary Table 1. 

Figure 2 presents the distribution of usability and usage measures at 3- and 12-month follow-

up assessments. Both usage outcomes (Fitbit wear time and PHQ8 completions) exhibited a 

large number of zeros. For FitBit wear time, 19% of assessments (202 of 1082) were zero, 

indicating that the participant did not wear their FitBit device during that 3-month period. The 

remaining 81% of responses were distributed around a median of 0.89 (IQR = 0.60, 0.96). For 

PHQ-8 completions, 19% (186 of 975) of assessments participants returned no 

questionnaires; the remaining responses were distributed around a median of 5 

questionnaires returned (IQR = 3, 6). 

https://osf.io/e9by5


 

Figure 2. Distributions of (i) usability and acceptability measures; (ii) outcome measures. N 

= 547 participants. 

 

 



Table 1. Description of the analytical sample.  

  
0 months 

N = 547 
3 months 
N = 547 

12 months 

N = 535 

Demographic characteristics 

Agea 48 (32, 58) [18, 80] – – 

Male genderb 133 (24%) – – 

Number of comorbid conditionsb 

 0 279 (51%) – – 

 1 96 (18%) – – 

 2+ 172 (32%) – – 

Years of educationa 16.0 (13.0, 19.0) [0.0, 55.0] – – 

Currently workingb 226 (41%) – – 

Recent life events, last 3 
months 

   

 0 229 (42%) 225 (42%) 189 (45%) 

 1 164 (30%) 140 (26%) 127 (30%) 

 2 78 (14%) 79 (15%) 54 (13%) 

 3+ 73 (13%) 97 (18%) 51 (12%) 

Clinical variables 

Inventory of Depressive Symptomatology-Self Report (IDS-SR) 

 Median (IQR) [Range] 30 (20, 41) [0, 70] 31 (22, 43) [0, 71] 30 (19, 42) [0, 69] 

 N missing 11 10 104 

Generalised Anxiety Disorder-7 

 Median (IQR) [Range] 8.0 (5.0, 13.0) [0.0, 21.0] 8.0 (5.0, 14.0) [0.0, 21.0] 7.0 (4.0, 13.0) [0.0, 21.0] 

 N missing 3 4 112 

Work and Social Adjustment Scale (WSAS) 

 Median (IQR) [Range] 20 (11, 28) [0, 40] 21 (11, 29) [0, 40] 19 (10, 29) [0, 40] 

 N missing 4 4 113 



Usability and acceptability 

Post-Study System Usability Questionnaire (PSSUQ; reversed) 

 Median (IQR) [Range] – 94 (75, 106) [0, 114] 93 (73, 107) [0, 114] 

 N missing – 5 120 

Technology Acceptance Model (TAM; reversed) 

 Median (IQR) [Range] – 86 (71, 101) [7, 112] 87 (68, 103) [0, 112] 

 N missing – 6 126 

Perceived usefulness 

 Median (IQR) [Range] – 5.17 (4.17, 6.33) [0.50, 7.00] 5.33 (4.00, 6.50) [0.00, 7.00] 

 N missing – 8 126 

Perceived ease of use 

 Median (IQR) [Range] – 5.83 (4.67, 6.67) [0.17, 7.00] 5.67 (4.50, 6.83) [0.00, 7.00] 

 N missing – 8 126 

Usage 

Proportion of time wearing FitBit, next 3 months 

 Median (IQR) [Range] – 0.90 (0.56, 0.97) [0.00, 1.00] 0.74 (0.17, 0.94) [0.00, 1.00] 

 N missing – 0 0 

Number of PHQ-8 questionnaire completions, next 3 months 

 0 – 86 (16%) 100 (23%) 

 1 – 39 (7.2%) 40 (9.3%) 

 2 – 53 (9.8%) 42 (9.7%) 

 3 – 63 (12%) 43 (10.0%) 

 4 – 56 (10%) 36 (8.3%) 

 5 – 95 (17%) 74 (17%) 

 6 – 151 (28%) 97 (22%) 

a Median (IQR) [Range] 
b n (%) 
c Recent life events was measured at enrolment and follow-up. At enrolment, this measure captured events occurring “in 
the last year”. At follow-up, it captured events occurring in the past three months. 



Figure 3 presents bivariate correlations between clinical variables, useability and usage. 

We found small negative correlations between clinical variables (GAD-7, IDS-SR, WSAS) 

and both usability and usage. Conversely, we saw small negative correlations between 

usability and the two usage outcomes. 

 

Figure 3. Pearson correlations between clinical variables, usability, and usage (547 

participants) [95% bootstrap percentile confidence interval] 

 

Tables 2-3 (and supplementary Figures 2-4) summarise a series of multivariable regression 

models that tested our three hypotheses in turn (H1, H2, and H3). These tables and figures 

present the expected difference in the outcome for a one standard deviation (1 SD) 

difference in the exposure, holding other covariates to their average values.  

Overall, we find results consistent with the correlation matrix above: there were very small 

negative associations for clinical variables with perceived usability (Table 2) and 

subsequent usage (Table 3); and very small positive associations for perceived usability 

and usage with subsequent usage (Table 3). In all cases, the observed effects sizes were 

consistent with no overall effect. 

For example, regarding the effect of clinical variables on perceived usability (H1), a 1 SD 

increase in GAD-7 was associated with reductions in perceived ease of use and usefulness 

of only 0.11 and 0.05, respectively. Both scales range from 0-7, making this a negligible 

change. Similarly, a 1 SD change in WSAS was associated with a 2-unit reduction in 

PSSUQ, a scale ranging from 0-114. 

 

 



 

Table 2. Influence of clinical variables on perceived usability (H1; 547 participants). Estimates show 

estimated difference in each outcome per 1 standard deviation difference in each predictor [95% 

Credible Intervals].            

 Outcome 

 PSSUQ TAM-FF TAM-FF TAM-FF 

 Total score Total score Ease of use Usefulness 

 Estimated change in score Estimated change in score Estimated change in score Estimated change in score 

GAD-7 -0.76 [-2.48, 0.95] -0.62 [-2.04, 0.79] -0.11 [-0.21, -0.01] -0.05 [-0.14, 0.04] 

IDS-SR -1.27 [-3.04, 0.45] -0.54 [-2.00, 0.92] -0.10 [-0.20, 0.01] -0.08 [-0.18, 0.01] 

WSAS -1.95 [-3.72, -0.19] -0.87 [-2.33, 0.59] -0.10 [-0.20, 0.00] -0.12 [-0.21, -0.02] 

Adjusted for age and years of education. 

95% CrI = 95% credible intervals. 

 

We found similarly weak effects of perceived usability on the number of PHQ-8 

questionnaires completed and FitBit wear time (H2; Table 3). A 1 SD increase in the TAM-

FF questionnaire was associated with a 0.29 increase in the number of questionnaires 

completed over the next 3 months. Perceived usability did not appear to influence FitBit 

wear time. The observed effects (e.g., increases of 2% or 3%) were in the expected direction 

but of no practical significance. 

Finally, we found very small negative effects of clinical variables on the number of PHQ-8 

questionnaires completed, but again these were not of practical significance. We found no 

evidence of effects of clinical variables on FitBit wear time. 

Table 3. Influence of usability (H2) and clinical variables (H3) on the number of PHQ-8 completions and FitBit 

wear time (547 participants). Estimates show predicted difference in each outcome per standard deviation 

difference in each predictor [95% Credible Intervals].        

   Outcomes measured over next 3 months 

   Number of PHQ-8 
questionnaires 

completed 

Proportion of time 
wearing FitBit 

   Estimated change in 
mean count 

Estimated change in 
proportion 

H2 Influence of usability and acceptability on subsequent usagea 

 PSSUQ  0.12 [-0.04, 0.28] 0.01 [-0.00, 0.03] 

 TAM-FF (Total score)  0.29 [0.12, 0.46] 0.01 [-0.00, 0.03] 

 TAM-FF (Ease of Use)  0.33 [0.15, 0.50] 0.02 [0.00, 0.04] 

 TAM-FF (Usefulness)  0.24 [0.07, 0.41] 0.02 [-0.00, 0.04] 

H3 Influence of clinical variablesb 

 GAD-7  -0.13 [-0.25, -0.00] -0.00 [-0.02, 0.02] 

 IDS-SR  -0.08 [-0.21, 0.05] -0.02 [-0.04, 0.00] 

 WSAS  -0.06 [-0.18, 0.07] -0.03 [-0.05, -0.01] 

a Adjusted for comorbid conditions, employment status, previous wearable use, and WSAS. 

b Adjusted for age, comorbid conditions, years of education, employment status, and previous wearable 
use, recent life events. 



Discussion 

We tested three hypotheses: 1) more severe clinical symptoms (depression, anxiety and 

functional disability) would be associated with lower levels of FitBit wear-time and fewer app 

questionnaire responses; 2) more severe clinical symptoms would be associated with 

reduced perceptions of system usability and acceptability; and 3) lower levels of self-

reported system usability and acceptability would be associated with lower levels of FitBit 

wear-time and fewer app questionnaire responses. We found mixed evidence to support 

these hypotheses. Although the identified associations were in expected directions the 

effect sizes were extremely small. Large differences in each predictor were associated with 

very small differences in each outcome. 

We found some evidence of an association between other clinical symptoms (anxiety and 

functional disability) and engagement with the RADAR-base system. Higher levels of 

anxiety were associated with a lower number of completed app-based questionnaires, but 

not the proportion of time spent wearing a FitBit. Higher levels of functional disability were 

associated with a reduction of FitBit wear-time, but not with the number of app-based 

questionnaires completed. Depression severity was not associated with any measure of 

acceptability or usability, or with Fitbit wear time or questionnaire completions.  

These findings highlight a potential difference between elements of remote sensing 

requiring active engagement (such as responding to an app notification to complete a 

questionnaire) and passive engagement (such as wearing a fitness tracker). Active 

engagement requires more effort, time-management, cognitive capacity, and motivation; all 

of which may be compromised in people who are experiencing high levels of depression or 

anxiety (Lang et al., 1998; Rosa-Alcázar et al., 2021). Passive engagement may be robust 

to fluctuations in depression and anxiety, but more susceptible to changes in physical 

function, particularly as the technology in question measures physical activity. Although 

wearables require no active involvement from the wearer, they do provide feedback about 

the amount of activity an individual has undertaken. Individuals whose depression is having 

a significant impact on their ability to participate in their usual work, social or leisure activities 

may find this feedback de-motivating and increase the likelihood of them removing the 

device (Kerner and Goodyear, 2017; Kononova et al., 2019). On the other hand, providing 

a clear report with the results of the monitoring, with appropriate explanations, to each 

patient wearing a biosensor may provide the rationale to promote a change in individual 

behaviour. For instance, a patient receiving a report of a 7-day sensor monitoring of physical 

activity may realise that he/she is spending more time being sedentary than they thought, 

and this may trigger a behavioural change. 

We reported small associations between increased anxiety and reduced levels of perceived 

ease of use; and increased functional disability and reduced perceived usefulness and 

overall usability scores. Tsai, Lin, Chang, Chang and Lee (2020) reported a similar result in 

their investigation of perceptions of cardiac warning systems. People with high levels of 

anxiety were found to rate the technology as having a lower perceived ease of use, with the 

authors concluding that a lack of familiarity with novel technology and anxiety about 

mastering a new skill were key drivers of this association (Tsai et al., 2020). Although this 

study examined a different population, similar results have been reported elsewhere, with 

anxiety often highlighted as having a moderating influence on perceived ease of use across 

a range of digital technologies (Baki et al., 2018; Saadé and Kira, 2007).  



We identified an association between increased self-reported ease of use and usefulness, 

and an increase in the number of questionnaire completions, and overall Fitbit wear time. 

Higher overall acceptability scores were also associated with an increase in the number of 

questionnaires completed via the app. These findings are consistent with previous findings 

linking perceptions of system utility and usability with increased likelihood of long-term 

engagement (Or et al., 2011).  

Recent research has highlighted potential psychological and cognitive antecedents of 

intentions to interact with mobile technologies. Demographic characteristics such as higher 

educational attainment and lower age have been associated with reporting higher levels of 

satisfaction and improved usage statistics of health e-systems (Harrati et al., 2016). A large-

scale cross-sectional analysis highlighted several precursors of retention in digital health 

studies, with Pratab et al. (2020) emphasising that clinician referral, relevant clinical 

condition, financial incentive and older age are associated with increased participation. 

However, very little work has examined a wider range of clinical predictors of engagement 

with health technologies; systematic reviews in this field have largely identified a lack of 

adequate reporting in this field (Keogh et al., 2021; Lee et al., 2021) and have highlighted 

the lack of longitudinal data in clinical populations (De Angel et al., 2022). Our research 

goes some way to address these limitations in the existing literature.  

Analytic complexities 

There are several explanations for the small effect sizes identified in our analyses. Firstly, 

whilst we endeavoured to account for all relevant confounders in our analyses, there are 

unmeasured variables which may be critical in this context. Use of a novel health 

management system represents a complex and intricate relationship between personal, 

social, and technological factors, many of which we did not measure. Perceptions of self-

efficacy, for example, have been found to be an important predictor of ratings of ease of 

use and motivation to use wearable devices (Rupp et al., 2018). Technological trust is a 

domain becoming increasingly important as new technologies are developed and integrated 

into daily life (Hancock et al., 2011). In this context, having faith that a wearable device 

accurately transforms biological data into accurate and understandable summaries is 

critical. There is also some evidence to suggest that different personality traits, such as 

extraversion and conscientiousness are associated with increased perceptions of device 

usability and motivation to engage with wearable technologies (Rupp et al., 2018). Future 

research in clinical populations would benefit from measuring these individual 

characteristics which represent diagnosis-agnostic individual differences which may be 

critical for understanding these relationships.  

We also need to be mindful of the context in which these data have been collected. 

Participants enrolled in the RADAR-MDD study consented to take part in a longitudinal 

observational study with no health-related reward or benefit for doing so (Matcham et al., 

2019). Participants were paid for enrolling in the study, participating in qualitative interviews, 

and for providing outcome data every three months, but were not financially incentivised for 

completing app-based questionnaires or for wearing the Fitbit. Participants received the 

same amount of money for participating regardless of how much they engaged with the 

technology, making financial reimbursement unlikely to influence our results. RADAR-MDD 

represents use of technology in a unique environment; highly motivated participants were 



in close contact with the research team throughout the course of follow-up, with all concerns 

and complaints (technology- or health-related) managed and supported (Oetzmann et al., 

2022). Close communication between researchers and participants is essential to maintain 

trust and collaboration throughout the course of follow-up (Garland, Plemmons & Koontz, 

2006). This ongoing relationship with the research team may have mitigated the 

associations between perceptions of the system usability and actual system use; 

participants knew that the system was in development and that their participation would 

improve the functionality of the technology. If the system were implemented in the real-

world, these associations may have been much more prominent; whilst our findings may be 

generalisable to other research protocols, they may not generalise to real-world remote data 

collection.    

Study limitations 

We also need to acknowledge the limitations in our measurement of engagement. Typical 

methods of measuring app-engagement involve mining data logs to determine the number 

of times an app has been opened, notifications received, notifications responded to, amount 

of time spent using an app, for example (Cao & Lin., 2017). Whilst we had this data available 

via Google analytics, we identified large discrepancies between the amount of number of 

notifications reported as having been received by the participants, and the number of 

questionnaires completed, with many more questionnaires completed than notifications 

sent. As a questionnaire was only actionable upon receipt of a notification, we questioned 

the accuracy of Google metrics and instead chose to focus on completion rates as an 

indicator of engagement. Therefore in lieu of “gold-standard” methods of quantifying 

engagement with remote sensing technologies, our measures of system use (Fitbit wear-

time and questionnaire completions) should be viewed as proxy indicators of system 

engagement.  

Furthermore, whilst the TAM-FF and PSSUQ are useful indicators of perceived usability 

and acceptability of the technology they pose limitations. Firstly, they ask about the whole 

system, rather than differentiating between the Fitbit and the questionnaires. Whilst 

participants could make this distinction themselves while they were answering the 

questions, most did not. This means that if there are discrepancies between how people 

feel about the Fitbit and how they feel about the app-based questionnaires, we are not able 

to determine these differences.  

Finally, although we report associations between clinical characteristics and perceptions of 

system usability and engagement in the following 3-months, symptoms of depression, 

anxiety, functional disability, and perceptions of system usability are measured at the same 

time. These therefore represent cross-sectional associations rather than predictions of 

future perceptions.  

Conclusions 

We found some evidence to suggest that anxiety and functional disability may influence 

perceptions of system usability and system use in people with MDD, albeit with extremely 

small effect sizes. The RADAR-MDD reported high levels of engagement throughout the 

course of follow-up (Matcham et al., 2022) which appears to be largely robust across 

different levels of depression severity. These findings highlight several directions for future 



research. More comprehensive assessments into personality traits, technology anxiety and 

normative beliefs may provide further insight into the driving factors of engagement. The 

standardisation of engagement metrics would allow future studies to implement outcome 

measurements which are more direct indicators of system engagement. Our next steps will 

be to examine the ability of the data collected via the remote sensing devices to predict 

outcomes such as relapse and deterioration in depressive state. Finally, our findings should 

provide some reassurance for researchers aiming to test the utility of remote sensing in 

people with depression – despite all the challenges the condition imposes, people with more 

severe depressive symptoms are still able to participate effectively.   
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Supplementary Materials 

Supplementary Figure 1: Technology Acceptance Model and 

tested hypotheses.  

 

 

Technology Acceptance Model, adapted from Rahimi et al., 2018. Hypothesis 1: 

Association between clinical presentation and actual system use. Hypothesis 2: Association 

between external variables (clinical presentation) and perceptions of system usability and 

acceptability. Hypothesis 3: Association between perception of usability/acceptability and 

actual system use. *Specifically, clinical symptoms such as depression, anxiety, and 

functional disability. 

 

  



Supplementary Figure 2: Associations of clinical variables with 

usability and acceptability (n=547 participants) 

 

The estimated marginal means1 for each questionnaire (y-axis) plotted against a ± 

one standard deviation (SD) difference for each exposure (y-axis), holding other 

covariates to their median values. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1 Estimated marginal means are computed from posterior draws of the expected value of the 
posterior predictive distributions. See this page for details.  

https://paul-buerkner.github.io/brms/reference/posterior_epred.brmsfit.html


 

 

 

 

 

 

 

 

Supplementary Figure 3: Effect of perceived usability and 

acceptability on the number of PHQ-8 questionnaires 

completed over the following three months (n=547 participants) 

The estimated mean number of PHQ-8 questionnaires completed over the following 

three months (y-axis) plotted against a ± one SD range of each exposure (y-axis), 

holding other covariates at their median values. 

 



Supplementary Figure 4: Effect of perceived usability and 

acceptability on the proportion of time wearing a FitBit device 

over the following three months (n=547 participants) 

The estimated wear time proportion (y-axis) plotted against a ± one SD range of 

each exposure (y-axis), holding other covariates at their median values. 

 

 

 

  



Directed acyclic graphs (DAGs) 

The figures below present the DAGs used to inform the modelling of each pair of exposures 

(shown in yellow) and outcomes (shown in blue). Variables that were adjusted for in our 

models are shown in white. 

H1 Clinical variables and perceived usability and acceptability 

The adjustment set for this model was: Age, years of education. 

 

  



H2 Perceived usability and usage over the following three 

months 

The adjustment set for this model was: Age, the clinical variable*, previous wearable 

use, years of education. 

 

*either WSAS, IDS-SR, or GAD-7.  



 

H3 Clinical variables and usage over the following three months 

The adjustment set for this model was: Age, comorbid conditions, employment status, 

life event in the past three months, previous wearable use, years of education. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Table 1: Descriptive statistics for usage 

outcomes by sociodemographic variables 

This table summarises the two usage outcomes (PHQ-8 questionnaires completed and 
FitBit wear time) by sociodemographic variables. The numbers represent the median 
outcome for each group from all responses collected during follow-up. The number in 
brackets represents the number of responses; each individual responded multiple times 
handled via random effect models. 
            

 
Number of PHQ-8 questionnaires 

completed, next 3 months 

Proportion of time wearing 

FitBit, next 3 months 

 
Median [No. avail.] Median [No. avail.] 

Age group 



 18-30 4 [218] 0.65 [249] 

 
31-45 4 [209] 0.78 [238] 

 
46-65 5 [464] 0.86 [505] 

 
66+ 6 [84] 0.94 [90] 

Gender 

 
Male 4 [245] 0.79 [263] 

 
Female 5 [730] 0.82 [819] 

Number of comorbid conditions 

 
0 5 [494] 0.84 [550] 

1 4 [168] 0.76 [190] 

2 5 [313] 0.80 [342] 

Years of education 

 
<10 6 [77] 0.62 [86] 

10-20 5 [754] 0.82 [836] 

>20 5 [144] 0.82 [160] 

Employment status 

 
Working 5 [574] 0.82 [633] 

 
Not working 4 [401] 0.80 [449] 

 

 

 

 

 

 

 


