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A B S T R A C T

Background: Changes in sleep and circadian function are leading candidate markers for the detection of relapse in 
Major Depressive Disorder (MDD). Consumer-grade wearable devices may enable remote and real-time exami
nation of dynamic changes in sleep. Fitbit data from individuals with recurrent MDD were used to describe the 
longitudinal effects of sleep duration, quality, and regularity on subsequent depression relapse and severity.
Methods: Data were collected as part of a longitudinal observational mobile Health (mHealth) cohort study in 
people with recurrent MDD. Participants wore a Fitbit device and completed regular outcome assessments via 
email for a median follow-up of 541 days. We used multivariable regression models to test the effects of sleep 
features on depression outcomes. We considered respondents with at least one assessment of relapse (n = 218) or 
at least one assessment of depression severity (n = 393).
Results: Increased intra-individual variability in total sleep time, greater sleep fragmentation, lower sleep effi
ciency, and more variable sleep midpoints were associated with worse depression outcomes. Adjusted Population 
Attributable Fractions suggested that an intervention to increase sleep consistency in adults with MDD could 
reduce the population risk for depression relapse by up to 22 %.
Limitations: Limitations include a potentially underpowered primary outcome due to the smaller number of re
lapses identified than expected.
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Conclusion: Our study demonstrates a role for consumer-grade activity trackers in estimating relapse risk and 
depression severity in people with recurrent MDD. Variability in sleep duration and midpoint may be useful 
targets for stratified interventions.

1. Introduction

Major Depressive Disorder (MDD) affects 30–40 % of people at some 
point in their lifetime, is associated with poorer social and occupational 
functioning, increased physical comorbidity and premature mortality 
(Herrman et al., 2022), and is the leading mental health contributor to 
the global burden of disease (James et al., 2018). MDD follows a 
persistent, relapsing-remitting course in 55 % of patients and is a het
erogeneous, complex condition with multiple associated bio
psychosocial factors (Verduijn et al., 2017).

Approximately 90 % of patients with MDD report sleep problems 
(Pandi-Perumal et al., 2020). Disrupted sleep timing and continuity and 
excessive sleep are core diagnostic features of depression. Insomnia, 
poor sleep quality, and evening chronotype are robust risk factors for the 
development of depression and correlate with depression severity, while 
morning diurnal preference has been causally associated with lower 
depression risk (Pandi-Perumal et al., 2020; Daghlas et al., 2021). 
Overlapping and bidirectional mechanisms have been implicated in 
both sleep-circadian function and emotional regulation (Meyer et al., 
2024). Many pharmacological treatments for depression also influence 
sleep physiology and a range of genetic and neurotransmitter systems 
are implicated in MDD and sleep-circadian dysfunction (Pandi-Perumal 
et al., 2020). Environmental factors, including daylength and the timing 
of light exposure, can affect the circadian system, with implications on 
psychiatric risk (Burns et al., 2023).

Recent systematic reviews have shown sleep disturbances to be 
associated with depressive onset in both early (Scott et al., 2021) and 
late adulthood (Bao et al., 2017). Changes in sleep and circadian func
tion are also leading candidate markers for early identification of relapse 
in MDD. Short sleep duration has been associated with an increased risk 
of depression recurrence (Sun et al., 2018), while greater variability in 
sleep-wake timing and social jet lag (discrepancies in sleep duration 
between work and free days) have also been associated with lower mood 
(Bei et al., 2017).

Mobile health (mHealth) technologies, including consumer wear
ables and smartphones, have increasingly attracted interest as tools for 
remote and real-time examination of dynamic changes in mood, activity, 
and sleep variables (Matcham et al., 2019; Zhang et al., 2021). Con
sumer sleep technologies are widely available, affordable, and accept
able and offer longitudinal sleep monitoring in an individual’s typical 
sleep environment. They circumvent many of the limitations of con
ventional objective sleep and rest-activity measures: polysomnography 
is costly, cross-sectional, and typically only available in laboratory set
tings, while most clinical-grade actigraphy devices require data to be 
downloaded from the device manually, restricting long-term use.

Consumer wearables, therefore, represent a promising alternative to 
traditional actigraphy (de Zambotti et al., 2023). Studies comparing 
consumer sleep technologies with clinical/research-grade actigraphy 
have demonstrated equivalent or better performance of consumer 
technologies in healthy populations (Lee et al., 2019; Chinoy et al., 
2021) and those with insomnia (Kahawage et al., 2020; Hamill et al., 
2020). Compared to polysomnography, consumer devices perform 
similarly to clinical/research-grade actigraphy, with high sensitivity and 
moderate specificity for sleep/wake classification (de Zambotti et al., 
2018; Tedesco et al., 2019; Chinoy et al., 2021). mHealth holds 
considerable potential for developing Just-In-Time Adaptive In
terventions, using dynamic, individualised data to personalise the 
timing and content of sleep interventions.

Remote Assessment of Disease and Relapse – Major Depressive Dis
order (RADAR-MDD; Matcham et al., 2019) was an international, 

multicentre cohort study in people with recurrent MDD that leveraged 
data from smartphones and wearable devices. The design of RADAR- 
MDD was driven by extensive research with users with lived experi
ence of MDD and Patient and Public Involvement to maximise partici
pant uptake and long-term engagement with the project (Simblett et al., 
2019; Polhemus et al., 2020). RADAR-MDD identified the appearance, 
form factor, and cost of clinical-grade actigraphy devices as significant 
limitations for longitudinal studies with multi-year follow-up. The study 
is the largest remote measurement study in depression conducted to 
date.

We have previously reported short-term associations of sleep fea
tures with depressive symptomatology measured via app-delivered 
questionnaires (Zhang et al., 2021). Here, we extended our previous 
work in several ways. First, by leveraging the longitudinal design of 
RADAR-MDD to assess within-individual effects of sleep on depression, 
accounting for between-individual differences. Second, by considering 
longer-term effects over several months rather than several weeks. 
Third, by considering clinically-assessed depressive relapse in addition 
to depression severity. Our analysis considered the effects of (1) sleep 
duration, (2) sleep quality, and (3) sleep regularity on depression relapse 
and severity.

2. Methods

2.1. Study design and participants

This paper presents a secondary analysis of RADAR-MDD (Matcham 
et al., 2019), a dataset following people with recurrent MDD for a me
dian of 541 days (interquartile range (IQR): 401–730 days; Matcham 
et al., 2022). Participants were recruited from the UK, Netherlands and 
Spain, with ethical approvals from the Camberwell St Giles Research 
Ethics Committee in London (reference: 17/LO/1154), CEIC Fundacio 
Sant Joan de Deu in Barcelona (CI: PIC-128-17) and the Medische 
Ethische Toetsingscommissie VUmc in Amsterdam (METcVUmc regis
tratienummer 2018.012 – NL63557.029.17).

Eligible participants had at least two MDD episodes with at least one 
episode in the previous two years; were able to complete self-reported 
questionnaires via a smartphone; were fluent in English, Dutch, 
Catalan or Spanish; were willing and able to give informed consent; were 
an Android user or willing to switch to an Android phone for the study; 
and were aged >18 years. Individuals were excluded if they had a his
tory of bipolar disorder, schizoaffective disorder, schizophrenia, MDD 
with psychotic features, dementia, recent drug or alcohol misuse or a 
major medical illness (requiring long periods of hospitalisation). 
Recruitment occurred between November 2017 and June 2020, and 
follow-up ceased on 30th April 2021.

2.2. Patient and public involvement

RADAR-MDD was co-developed with service users in our Patient 
Advisory Board (PAB). They were involved in the choice of measures, 
the timing and issues of engagement, and the development of the 
analysis plan. Representatives of the PAB were invited to author and 
critically review this paper.

2.3. Procedure

Participants were asked to wear a wrist-worn Fitbit Charge device 
and complete regular questionnaires throughout follow-up, adminis
tered via email using the Research Electronic Data Capture (REDCap) 
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platform (Harris et al., 2009). Participants enrolled before September 
2019 received a Charge 2 device; all participants enrolled subsequently 
were offered a Charge 3 device since the previous model was dis
continued by Fitbit. Questionnaires assessed sociodemographic factors, 
medical and psychiatric history, service and medication use, health 
behaviours and clinical characteristics questionnaires (Supplementary 
Material 1).

2.4. Depression outcomes

We considered two outcomes assessed repeatedly every three months 
during follow-up:

1) MDD relapse was defined as meeting three criteria:

i. Meeting the World Health Organisation Composite International 
Diagnostic Interview – Short Form criteria for MDD (CIDI-SF). 
The CIDI-SF MDD criteria required individuals to endorse at least 
five of the nine MDD symptoms, one of which must be a core 
symptom of low mood or anhedonia. The CIDI-SF has excellent 
sensitivity and specificity in identifying current MDD state and is 
used extensively on web-based platforms (Kessler et al., 1998).

ii. Scoring >25 on the IDS-SR (Inventory for Depressive Symptom
atology – Self Report; Trivedi et al., 2004) indicating at least 
moderate symptom severity.

iii. Having been in a state of remission within the past six months.

A trained research worker called participants who met the above 
criteria to confirm their relapse status and questionnaire responses, 
assess the timing of relapse onset, and conduct risk assessments where 
appropriate. For this outcome only, we excluded participants who did 
not meet the CIDI-SF MDD criteria but scored over 25 on the IDS-SR 
(indicating chronically severe depression symptoms) to ensure the 
comparison group (‘Non-relapse’) included only those with low 
depression severity.

2) Depressive symptom severity was assessed based on total scores on 
the IDS-SR. Scores range from 0 to 80, and higher scores indicate 
increased depression severity.

2.5. Sleep features

The Fitbit device tracked sleep using accelerometer and photo
plethysmography sensors. Participants were asked to wear the device 
continuously, removing it only to charge the battery and when show
ering or swimming. The device has comparable performance to 
research-grade actigraphy devices in estimating sleep duration, sleep 
efficiency and sleep onset latency (de Zambotti et al., 2018, 2023; 
Tedesco et al., 2019).

Fitbit data were gathered continuously and summarised as daily in
dicators (e.g., ‘Total hours of sleep’). For each day, we focused on the 
primary sleep event, defined as the longest continuous sleep period, 
thereby excluding shorter sleep events such as napping. We considered 
13 sleep features split into three domains: (1) duration, (2) quality, and 
(3) regularity (Table 1). For each feature, we aggregated the daily 
measures for the four weeks before each 3-monthly outcome assessment. 
We also considered changes in sleep between successive outcome as
sessments (see Methodological Supplement). We used a four-week 
reference period for sleep following discussions with sleep consultants 
and psychiatrists, as well as past studies showing deteriorations in sleep 
quality in the four weeks before relapse (Young et al., 1991; Fang et al., 
2019). We were also motivated by the timing of potential future in
terventions. Four weeks was considered the minimum period needed for 
future screening tools to detect sleep disruptions and initiate an inter
vention. Within each four-week period, we included participants 
providing sleep information on at least 8 days. We chose a minimum of 

8 days to derive reliable summaries while minimising selection bias 
(participants wearing their Fitbit for more than eight days tended to 
have lower depressive symptoms and more stable sleep patterns; Sun 
et al., 2023).

2.6. Covariates

We considered covariates previously shown to affect sleep and 
depression (Bei et al., 2016), including variables measured at enrolment 
(age, gender, years of education and partnership status) and at each 3- 
monthly outcome assessment (atypical depression subtype, medication 
use, alcohol use, and hours of daylight in the previous month, a proxy for 
seasonal effects). Atypical depression is characterised by hypersomnia 
and increased appetite and has markedly different sleep phenotypes 
compared to other subtypes (Posternak, 2003). Atypical depression 
subtype was defined as mood reactivity between 0 and 2 and at least two 
symptoms from leaden paralysis, weight gain, increased appetite, 
hypersomnia, and interpersonal sensitivity (Novick et al., 2005). 
Medication use was measured using three binary variables capturing 
medications related to depression (antidepressants, antipsychotics, 
anticonvulsant, stimulating antidepressant), sleep (benzodiazepine, 
hypnotic) or ‘other’. Alcohol use was measured using the Alcohol Use 
Disorders Identification Test (AUDIT; Daeppen et al., 2000) total score 
(see Methodological Supplement).

2.7. Statistical analyses

The analyses were conducted in three parts. First, we described 
outcomes and covariates using appropriate summary statistics. Second, 
we tested the effect of each sleep feature on each depression outcome by 

Table 1 
Sleep features measured in the four weeks prior to outcome assessment, derived 
from daily summaries of continuously-collected Fitbit indicators. Continuous 
Fitbit.

Domain Feature Definition

Sleep 
duration

Total sleep timea Median daily hours spent asleep.
Change in total sleep 
timeb

Difference in median daily hours spent 
asleep over the four weeks before the 
current outcome assessment (T2) versus 
the four weeks before to the previous 
outcome assessment three months ago 
(T1).

Total sleep time, 
variancea

Intra-individual variance in median daily 
hours spent asleep.

Change in total sleep 
time, varianceb

Difference in intra-individual variance in 
median daily hours asleep from T2 to T1.

Sleep 
quality

Sleep efficiencya Median hours spent asleep as a proportion 
of hours spent in bed per day.

Sleep fragmentation 
indexa

Median daily number of awakenings 
divided by the hours spent asleep.

Sleep onset latencya Median time between last recorded step 
taken and Fitbit-derived sleep onset each 
day.

Sleep onset latency 
variancea

Intra-individual variance in median sleep 
onset.

Sleep 
regularity

Sleep midpointa Median midpoint between sleep onset and 
sleep offset.

Sleep midpoint, 
variancea

Intra-individual variance in median sleep 
midpoint.

Change in sleep 
midpointb

Difference in median sleep midpoint from 
T2 to T1.

Change in sleep 
midpoint varianceb

Difference in intra-individual variance in 
median sleep midpoint from T2 to T1.

Social jet laga Absolute difference between weekday 
and weekend sleep midpoints.

a Measured over the four weeks prior to each outcome assessment.
b Measured as the change between the four weeks before the current outcome 

assessment (T2) and the four weeks before the previous outcome assessment 
three months ago (T1).
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fitting a series of binary logistic (relapse) and linear (severity) multi
variable regression models. Each sleep feature was tested in a separate 
model. All models included (i) a participant-level random intercept to 
account for the clustering of repeated outcome assessments, (ii) the 
covariates listed above, (iii) quadratic terms for the sleep feature to 
allow for non-linear effects on depression, (iv) the participant’s mean 
value for the sleep feature to estimate within-person effects (see below). 
Models for depression severity additionally included the previous value 
of the outcome (at the previous three-monthly assessment) as both a 
linear and quadratic term, recognising that prior severity may have non- 
linear effects on current severity (Vittengl et al., 2016).

We summarised the effect of each sleep feature on depression using 
average marginal effects and adjusted predictions. The marginal effect is 
the partial derivative of the regression equation with respect to each 
variable in the model for each unit in the data. The average marginal 
effect (AME) is the mean of these partial derivatives over the sample. For 
relapse, the AME represents the percentage points change in the prob
ability of relapse per standard deviation difference in the sleep feature; 
for depression severity, the change in the IDS-SR total score (compared 
to three months ago) per standard deviation difference in the sleep 
feature. For selected sleep features, we additionally plotted adjusted 
predictions. These represent the model-predicted value of the outcome 
for a range of values for each sleep feature (from − 2 SD to +2 SD), 
holding other variables to their median values.

These models were estimated in a Bayesian framework using Stan 
and the brms package for R (Bürkner, 2017). All models were sampled 
for 40,000 iterations and thinned by retaining every 10th sample. We 
used weakly informative priors, centred on zero, to constrain estimates 
to plausible values and serve as a form of statistical regularisation by 
shrinking coefficients towards zero (Lemoine, 2019; see Methodological 
Supplement). No corrections were made for multiple testing (Sjölander 
and Vansteelandt, 2019). Posterior draws for AMEs were summarised as 
the median and 50 % and 89 % credible intervals. We retained all 
available outcome assessments under the missing at random 
assumption.

Third, to illustrate the potential for future sleep interventions, we 
calculated adjusted population attributable fractions (PAF) for depres
sion relapse. The PAF represents the fraction of cases in the population 
that would be prevented if a specific exposure was eliminated 
(Mansournia and Altman, 2018). Since sleep features were measured 
continuously, we dichotomised each feature to create a binary exposure 
where ‘1’ represents the upper quartile and ‘0’ represents the lower 
three quartiles. The PAF, therefore, represents the fraction of relapse 
cases prevented by an intervention that eliminates a dichotomised sleep 
exposure such as ‘high sleep variability’ or ‘low sleep efficiency’. We 
calculated adjusted PAFs from binary logistic regression models using 
the glm and AFglm functions in R.

2.7.1. Centring and standardisation of sleep features
To estimate the within-person effects of sleep on depression, we (i) 

participant-mean-centred each sleep feature by subtracting the mean of 
the participant’s repeated assessments and (ii) included in each model a 
term representing the participant’s mean value (Curran and Bauer, 
2011). Sleep features were additionally standardised (standard devia
tion = 0), and some were log-transformed (see Methodological Sup
plement for details).

2.8. Sensitivity analyses

We conducted two sensitivity analyses. First, we investigated 
whether the effect of sleep differed for participants with atypical 
depression by comparing models with and without an interaction term 
(sleep feature × atypical depression subtype). Models were compared 
using 10-fold cross-validation (Vehtari et al., 2016) implemented in the 
loo package for R (Vehtari et al., n.d.). Interaction terms were consid
ered significant if the expected log pointwise predictive density utility 

score (ELPD) was ≥4 and at least twice the ELPD standard error (Sivula 
et al., 2022). Second, we repeated the models for depression severity 
after removing four sleep items from the IDS-SR to ensure that any as
sociations were not the result of overlapping measures.

3. Results

Of 623 participants in the RADAR-MDD sample, we excluded 227 
participants who did not provide any information on sleep, two partic
ipants without any outcome assessments, and one participant with 
missing covariate information. Excluded participants were similar to 
those analysed in terms of age, gender, partnership status, and education 
(Supplementary Table 2.1). We have previously published recruitment 
rates, retention rates, and data availability for the RADAR-MDD study 
(Matcham et al., 2022).

We derived two analytical samples comprising people with infor
mation on depression relapse (n = 218 individuals; 624 assessments) 
and depression severity (n = 393 individuals; 1361 assessments), 
respectively. The analytical samples overlapped: all participants (n =
393) had information on depression severity, and a subset of these (n =
218) also had information on relapse. Table 2 presents participant 
characteristics at enrolment. Participants had a median age of 49–52 
years, and 24 % were male. Around half were living with a partner, and 
two-thirds were taking an antidepressant medication. For depression 
severity, the median (IQR) IDS-SR score was 30 (20, 42); relapse was 
recorded at 39/624 (6.2 %). Supplementary Table 3 presents charac
teristics of the depression severity sample (n = 393) stratified by 
completion rates, showing that participants who completed more 
outcome assessments tended to be older, female, and less likely to be 
taking an antidepressant at enrolment. Fig. 1 presents AMEs for a one 
standard deviation (SD) difference in each sleep feature (see Supple
mentary Table 2.2).

Table 2 
Characteristics of the analytical samples.

Depression relapsea Depression severitya

n = 218 individuals n = 393 individuals

Participant characteristics at enrolment
Ageb 52.0 (34.0, 58.9) 49.0 (32.0, 57.0)
Years of educationb 17.0 (14.0, 19.0) 16.0 (13.0, 18.0)
AUDIT total scoreb 3.0 (1.0, 5.0) 2.0 (0.0, 4.0)
Male genderc 52 (24) 93 (24)
Lives with partnerc 125 (57) 198 (50)
Medication (depression)c 137 (63) 269 (68)
Medication (sleep)c 21 (10) 72 (18)
Medication (other)c 5 (2) 8 (2)

Outcomes over follow-up
No. follow-up assessments 624 1361
Relapsed 39 (6.2) –
IDS-SR total scoreb 17.0 (12.0, 21.0) 28.0 (18.0, 37.0)

a There were two overlapping analytical samples. The sample for depression 
severity (n = 393) comprises participants with at least one assessment of the IDS- 
SR score. The sample for depression relapse is a subset of participants (n = 218) 
who additionally had at least one assessment of relapse. Depression severity 
scores in the relapse sample are lower due to the definition of the comparison 
group (i.e., ‘Non-relapse’), which excluded participants who had not relapsed 
but still had high severity (IDS-SR over 25).

b Median (IQR).
c N (%).
d Information on relapse was unavailable for some participants in the severity 

sample.
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3.1.1. Sleep duration
Greater intra-individual variability in total sleep time was associated 

with an increased probability of relapse and increased depression 
severity. A one standard deviation increase in ‘total sleep time variance’ 
was associated with a 2.8 % increase in the probability of relapse (89 % 
Credible Interval (CrI): 1.1, 4.6) and a 0.8 (89 % CrI: 0.4, 1.1) unit in
crease in depression severity. Greater sleep duration was associated with 
small increases in depression severity (0.4 unit increase in severity per 1 
SD difference in sleep duration; CrI: 0.0, 0.7), but we found no evidence 
of an effect on depression relapse.

3.1.2. Sleep quality
Higher sleep fragmentation was associated with an increased 

probability of relapse (AME = 1.4; CrI: − 0.2, 3.0) and higher depression 
severity (0.3; 89 % CrI: − 0.1, 0.7). Conversely, higher sleep efficiency 
was associated with a reduced probability of relapse (− 1.5; CrI: − 3.1, 
0.1) and lower depression severity (− 0.5; CrI: − 0.9, − 0.2). We found no 
evidence of an effect of sleep onset latency on either outcome.

3.1.3. Sleep regularity
More variable sleep midpoints were associated with an increased 

probability of relapse (AME = 2.8; CrI: 1.2, 4.5) and higher depression 
severity (AME = 0.4; CrI: 0.0, 0.7). Increases in sleep midpoints between 
successive outcome assessments were similarly associated with an 
increased probability of relapse and higher severity, but the credible 
intervals for relapse crossed zero, suggesting no effect.

Fig. 2 presents adjusted predictions for selected sleep features. These 
represent model-based predictions generated across a range of values for 
each sleep feature while holding other covariates to their median values. 

Fig. 1. Average marginal effects for a 1 SD difference in each sleep feature.
Notes. This figure presents the posterior distributions of the average marginal effects (AMEs) for each sleep feature and outcome. The points represent the median of 
the posterior distribution. The estimates represent the within-person effects, derived by person-mean centring each sleep feature and including the participant’s mean 
value (across repeated follow-up assessments) as a covariate in the model. The thick and thin lines represent the 50 % and 89 % credible intervals, respectively. The 
estimates are presented unadjusted (in red) and adjusted (in blue) for covariates measured at enrolment (age, gender, years of education, partnership status) and 
during follow-up (atypical depression subtype, medication use, alcohol use, hours of daylight). The AMEs are presented unadjusted (in red) and adjusted (in blue). 
“Δ” refers to the change in the respective sleep feature between two consecutive outcome assessments, three months apart (see Methodological Supplement for 
details).
For depression relapse, the AMEs represent the percentage point change in the probability of relapse per 1 SD difference in the respective sleep feature. For example, 
for ‘total sleep time variance’, the AME was 2.8, indicating that the probability of relapse was 2.8 % higher at assessments where participants’ sleep time variability 
was one standard deviation higher compared to their variability at other assessments. Since relapse was observed at just 6.2 % of outcome assessments, an increase of 
2.8 % represents almost a 50 % relative increase in the probability of relapse. For depression severity, the AME represents the units change in IDS-SR severity since 
the last 3-monthly outcome assessment per standard deviation difference in the respective sleep feature. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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For both outcomes, we found that participants with more variable sleep 
tended to experience poorer outcomes. For example, the predicted 
probability of relapse for participants with average sleep time variance 
was ~6 %, compared to 10–15 % for those with variances 1–2 SD above 
average. Conversely, participants with greater sleep efficiency were less 
likely to relapse and tended to report lower depression severity. For 
example, from a predicted probability of relapse of ~6 % among those 
with average sleep efficiency to 3–4 % among those with efficiency 1–2 
SD above average.

3.1.4. Adjusted population attributable fractions
Presented in Supplementary Table 2.3, most adjusted PAFs were 

small and had confidence intervals that crossed zero. For the dicho
tomised measure of ‘change in sleep time variance’ (1 = upper quartile 
of participants; 0 = lower quartiles), the PAF was 22 % (95 % Confi
dence Interval (CI): 3 %, 41 %). This suggests that if an intervention 
could eliminate this exposure (i.e., to eliminate large increases in sleep 
time variability), then 22 % of depression relapse cases in the population 
could be prevented.

3.1.5. Sensitivity analyses
We found no evidence of differences in the effect of sleep for par

ticipants with atypical depression. For all models, adding an interaction 

term (sleep feature × atypical subtype) resulted in negligible improve
ments in model fit (Supplementary Table 2.4). Our findings were also 
consistent when removing sleep items from IDS-SR, although some ef
fect sizes were slightly attenuated (Supplementary Table 2.2).

4. Discussion

We found that increased variability in sleep duration and sleep 
timing regularity, and greater sleep fragmentation were associated with 
elevated depression severity and relapse risk. Conversely, we found 
negative associations between sleep efficiency and depression outcomes. 
We have previously reported short-term associations between sleep 
features and depressive symptoms in RADAR-MDD (Zhang et al., 2021). 
The present analysis expands on earlier findings by estimating within- 
participant effects, including effect size estimates, more robust depres
sion outcomes, considering non-linear effects, and accounting for 
important confounders. Our findings suggest that moderate increases in 
variability in sleep parameters are associated with clinically meaningful 
increases in the probability of relapse. For example, greater sleep vari
ability was associated with increases in the probability of relapse from 6 
% to 9 %, a 50 % relative increase. While subject to several limitations 
listed below, these effect sizes nonetheless highlight the potential of 
interventions targeting sleep in MDD cohorts.

Fig. 2. Adjusted predictions for selected sleep features.
Notes. This figure presents model-based predictions for each outcome, for a range of values for each sleep feature (− 2 to +2 standard deviations), while holding other 
covariates to their median values. The black line represents the median of the posterior distribution; the darker and lighter regions represent the 50 % and 89 % 
credible intervals, respectively.
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The Lancet Psychiatry Commission on Psychological Treatments 
Research in Tomorrow’s Science highlights the potential for technology to 
deliver novel interventions (Holmes et al., 2018). Our findings demon
strate the potential of consumer technologies to measure sleep param
eters that may be predictive of deterioration and relapse in MDD and 
thus provide targets for personalised intervention. These findings 
broaden the existing evidence base (Pandi-Perumal et al., 2020) to 
include measurements of variability in sleep parameters. Accurate as
sessments of sleep variability are challenging to capture using the con
ventional use of short-term PSG or Experience Sampling Method (ESM), 
which often exhibits subjective reporting bias (Palmier-Claus et al., 
2011). Our findings also highlight the importance of within-participant 
variability for predicting depression outcomes up to three months into 
the future, over and above absolute sleep duration. Furthermore, due to 
the longitudinal nature of the dataset, we were able to show that more 
variable sleep patterns preceded relapse and may, therefore, be target
able in interventions to improve depression outcomes.

Our work has limitations. First, when planning RADAR-MDD, we 
anticipated observing 100 relapses during follow-up (Trivedi et al., 
2006), whereas our analysis included only 39 relapse events. One 
explanation for this is our inclusive eligibility criteria: RADAR-MDD 
aimed to identify predictors of relapse and remission and, therefore, 
did not exclude participants based on their depression severity at 
enrolment. This meant many participants were unable to experience a 
relapse due to their pre-existing high depression severity at enrolment. 
The consistency of our findings for the two depression outcomes, with 
effects in similar directions for all sleep features, suggests that the 
absence of evidence for some relapse models may represent a lack of 
statistical power rather than a lack of association.

Second, we required participants to contribute sleep information for 
at least 8 days in the four weeks preceding each outcome assessment. 
This minimum was chosen to balance the need for reliable summaries of 
sleep parameters against the number of excluded observations. Third, 
firmware used by Fitbit devices varied over follow-up. When the Charge 
2 device was discontinued 18 months into recruitment, we made the 
pragmatic decision to start using the Charge 3 device instead, and there 
were numerous firmware updates during the follow-up period. The 
changes in proprietary algorithms used to determine heart rate may 
have influenced our results (Nelson et al., 2020). Fourth, to calculate 
PAFs, we dichotomised each sleep feature to identify participants in the 
upper quartile. This was a pragmatic decision to illustrate the potential 
of future interventions but is a poor representation of the continuous 
sleep features. Finally, the follow-up period for RADAR-MDD (2017 to 
2021) partially overlapped with the COVID-19 pandemic (from March 
2020). While previous analyses of this cohort suggest patterns of 
depressive symptoms and sleep were largely stable during this period 
(Leightley et al., 2021), the available sample size meant we were unable 
to examine differences from before and after the pandemic onset.

There is an ongoing debate about the accuracy of optical heart rate 
measurements using photoplethysmography across different skin tones 
(de Zambotti et al., 2023). Darker skin tones absorb more green light 
and, therefore, reduce the accuracy of heart rate estimation, which is 
used in sleep/wake classification (Bent et al., 2020). However, evidence 
is conflicting, with a recent validation study comparing a range of de
vices (including the Fitbit Charge 2) reporting no statistically significant 
differences in accuracy across different skin tones (Colvonen, 2021). 
These findings relied on a small sample and an imperfect skin tone 
measurement, however. A recent systematic review highlighted the 
need for higher-quality evidence on the accuracy of wearable devices 
among minority ethnic groups and the subsequent impacts on health and 
care disparities (Koerber et al., 2022). Due to differing ethical committee 
requirements, we could not collect ethnicity data from two of the three 
countries we recruited from. This prevented us from investigating the 
role of ethnicity or from including it as a covariate in our analyses and 
limits the generalizability of our findings for individuals with different 
skin tones.

Furthermore, the high physical and mental health comorbidity of our 
study population reflects the frequent association between depression 
and other illnesses in clinical and epidemiological studies (Von Korff 
et al., 2009). The differences in the exact patterns of comorbidity be
tween our sample and clinical populations may affect the generaliz
ability of our findings. The high rate of comorbidity may further have 
introduced a degree of “noise” in our models for the association between 
sleep parameters and depressive relapse, potentially weakening the as
sociations we report.

Our analyses required participants to use a wrist-worn wearable 
device and an Android smartphone for up to two years. This introduced 
potential selection effects, as some individuals may have declined 
participation to avoid switching phones or because they weren’t 
comfortable with remote data collection. Further work is needed to 
understand barriers to uptake for mHeath studies and interventions 
(Oetzmann et al., 2022).

A strength of the study is the inclusion of covariates, including 
atypical depression, which has a unique sleep phenotype, and seasonal 
changes in daylength. While we made every effort to adjust our models 
appropriately, aspects such as medication use are complex and chal
lenging to capture effectively longitudinally. We relied on self-reported 
medication use at each time point and coded medications considered to 
impact sleep or depression, an imperfect method which limits infor
mation about changes in medication over time.

Future analyses should extend this work by developing multivariable 
prediction models for depression relapse based on sleep and other 
wearable biomarkers. Such models could explore alternative windows 
for sleep aggregation (e.g., 1, 2, or 3 weeks) besides the 4-week window 
used in our analyses. Robust, validated predictive models would enable 
stratified interventions targeting individuals with more variable sleep 
duration or timing. Our analyses suggested that effective interventions 
to reduce sleep variability could reduce around 20 % of the population 
risk for depression relapse. While this estimate relies on strong causal 
assumptions and presumes the availability of an intervention that can 
eliminate the exposure, it nonetheless illustrates the potential of future 
interventions. Our analysis focused on the sleep-depression relationship, 
mirroring the anticipated clinical implementation where interventions 
would target sleep (duration, quality, or regularity) with the aim of 
reducing subsequent relapse events. Nevertheless, it is crucial for future 
studies to explore the reciprocal association, acknowledging the prob
able existence of bi-directional relationships between sleep and 
depression.

Disordered sleep is a prevalent and disruptive feature of depression 
that is challenging to capture. Our study demonstrates a role for 
commercially available activity trackers in estimating relapse risk and 
depression severity in people with established, recurrent MDD. Specif
ically, variability in sleep duration and midpoint may be useful targets 
for stratified interventions.
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