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Background: Sleep traits have been suggested to correlate with various diseases, but most evidence
is based on subjective sleep measurement. We investigated the associations of accelerometer-derived
objective sleep traits with diseases throughout physiological systems to ascertain whether the disease
spectrum related to objective sleep traits differs from that related to subjective sleep traits. Methods: In
88,461 UK Biobank (UKB) adults wearing accelerometers, multiple dimensions of sleep were objectively
derived: (a) nocturnal sleep duration and onset timing, (b) sleep rhythm (relative amplitude and
interdaily stability), and (c) sleep fragmentation (sleep efficiency and waking numbers). Associations
with International Classification of Diseases, 10th Revision-decoded diseases during follow-up were
estimated using the Cox model, and the results were compared with those of a published literature
search of subjectively measured sleep traits and diseases. National Health and Nutrition Examination
Survey (NHANES) data were used to validate the newly identified associations unreported by previous
studies. For the meta-analysis-reported associations (with subjective sleep traits) that were negative (with
objective sleep traits) in our study, reanalysis was done in UKB with subjective sleep traits, stratified by
objective measurements. Results: During the average 6.8-year follow-up, 172 diseases were associated
with sleep traits. Among them, 42 showed at least doubled disease risk, including age-related physical
debility (lowest versus highest quartile of relative amplitude, hazard ratio [HR] = 3.36, 95% confidence
interval [Cl]: 2.25, 5.02), gangrene (lowest versus highest quartile of interdaily stability, HR = 2.61, 95%
Cl:1.41,4.83), and fibrosis and cirrhosis of the liver (sleep onset timing >0030 versus 2300 to 2330, HR =
2.57,95% Cl:1.42,4.67). Atotal of 92 diseases had >20% burden attributable to sleep, such as Parkinson’s
disease (37.05%, 95% Cl: 21.02%, 49.83%), type 2 diabetes (36.12%, 95% CI: 29.00%, 42.52%), and
acute kidney failure (21.85%, 95% CI: 13.47%, 29.42%). Notably, 83 (48.3%) disease associations were
sleep rhythm specific, distinct from existing subjective-measure literature that focused on sleep duration.
Reanalysis in UKB showed a contamination of objectively short sleepers in self-report long sleepers, which
induced false-positive associations in subjective meta-analyses, including for ischemic heart disease
and depressive disorder. Newly identified associations of sleep rhythm with 4 diseases including chronic
obstructive pulmonary disease and diabetes were successfully replicated in NHANES. A mediation analysis
showed that inflammatory factors including leukocytes, eosinophils, and C-reactive protein contributed
significantly to all these newly identified sleep—disease associations. Conclusions: Objective sleep
traits showed a disease spectrum similar to but not identical to that of subjective sleep traits. Objective
measurement can be a useful complement to sleep—disease studies as it may help overcome false-positive
associations caused by misclassification bias of some subjective measurement such as sleep duration.
Comprehensive control of multiple sleep traits may be important for health as substantial disease burden
was attributed to different sleep traits.
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Introduction

Sleep is a fundamental life requirement and is critical for mul-
tiple biological functions, including brain waste clearance [1],
inflammatory cytokine release [2], and nutrient metabolism
[3]. With the widespread use of artificial lighting and the “24/7”
lifestyle, the human sleep experience has significantly changed
from that of our pre-industrial revolution ancestors [4,5]. Not
only sleep duration but also the timing, regularity (rhythmic
robustness), and continuity (fragmentation) of sleep have also
been profoundly affected [6]. Whether the human physiological
systems that evolved over deep history could adapt to the cur-
rent sleep pattern is a question that deserves specific attention
for its potential impact on human health [7].

Indeed, accumulating evidence suggests that sleep traits
might be associated with a number of diseases affecting
diverse systems, such as cardiovascular diseases, metabolic
disorders, and mental diseases [8,9]. However, in most pub-
lications to date, sleep has been measured by subjective recall
of the participants, which has been found to bear systematic
error in some aspects and may lead to misunderstanding of
sleep’s health impact [10]. Furthermore, the available litera-
ture has mainly focused on certain sleep traits, namely, sleep
duration, while other traits such as sleep timing and sleep
rhythm have less often been analyzed, despite animal studies
and some pilot studies in human beings having suggested that
disruption of other sleep traits also exerts substantial effects
on physiological homeostasis [11,12].

The development of objective sleep measurement technol-
ogy such as accelerometry has provided an alternative choice,
which is capable of measuring the indicators of different sleep
traits at one time and has shown higher accuracy in the mea-
surement of some sleep traits [13]. However, until now, there
has been no study comparing objective sleep measurement to

subjective sleep measurement in terms of their association with
diseases throughout different systems.

To begin addressing the abovementioned gaps, we con-
ducted a comprehensive analysis of the relationships between
various adverse outcomes and multiple objectively measured
sleep traits based on the UK Biobank (UKB) cohort and com-
pared the findings with those in previous publications con-
cerning diseases and subjective sleep traits. The goal of this
analysis was to determine whether the disease spectrum
related to objective sleep traits differ from that related to
subjective sleep traits and to quantitatively estimate the dis-
ease contribution of different objective sleep traits (Fig. 1).
Meanwhile, the National Health and Nutrition Examination
Survey (NHANES) was used to replicate the previously unre-
ported trait-disease associations found in our objective trait-
disease analyses in the UKB. This research may provide new
insights for future sleep-related studies in terms of the selec-
tion of sleep measurement methods.

Methods

Phenome-wide analysis of objective sleep traits

and diseases

Study population

Data were sourced from the UKB study. About half a million
residents were enrolled in 2006 to 2010 from 22 study centers
across the United Kingdom, as described in detail elsewhere
[14,15]. Accelerometer data were drawn from a subsample of
103,666 participants who wore a wrist-worn AX3 triaxial accel-
erometer (Axivity, Newcastle upon Tyne, UK) for 7 d during
2013 to 2015. We excluded unqualified accelerometry data,
after which 88,461 participants remained for the main analysis
(Fig. S1). Details on the accelerometer device used are shown
in Supplementary Methods.

V Depression IHD
@ S ﬁ Literature search
E——.. ch
= of meta-analysis v v
Diseases reanalyzed
008, I @ with - v v
Subjective ) False disease “',' UKB . Whpors subjective sleep
measurement association? i 1
V 'ﬂ:'E,;_I'Exi:'* —
M | oone, Adjustment for X X
o s hi \“"*"‘”@"’ o objective sleep
Objective Neglected Phenome-
measurement disease risk? wide study

(3 dimensions
x 363 diseases)

Literature search

.. Replication of COPD KF Diabetes D :
of original study uzrep‘med 0080, . iabetes Depression
@Vs associations with “',' NHANES ‘/ ‘/ \/ \/
— iy neglecte 0000,
1 v v v v

dime:;]s)i;t):ngleep “" UKB [ ]

Fig. 1. Flow chart of the study. Firstly, in 88,461 UK Biobank (UKB) adults wearing accelerometers, a prospective phenome-wide analysis was conducted of 363 International
Classification of Diseases, 10th Revision-decoded diseases and 3 dimensions of sleep traits: (a) nocturnal sleep duration and onset timing, (b) sleep rhythm (relative amplitude
and interdaily stability), and (c) sleep fragmentation (sleep efficiency and waking numbers). The results were compared with those of a literature search of subjectively measured
sleep traits and diseases, and 2 separate investigations were carried out. (a) For the meta-analysis-reported associations that were negative in our study, reanalysis was done
in the UKB with subjective sleep traits, stratified by objective measurements. Two diseases (depression and ischemic heart disease [IHD]) were found to have false-positive
associations with subjective sleep duration in the UKB, whose associations were eliminated when adjusted by objective sleep duration. (b) Newly identified associations
unreported by previous studies (of chronic obstructive pulmonary disease [COPD], kidney failure [KF], diabetes, and depression with sleep rhythm) were validated in the
National Health and Nutrition Examination Survey (NHANES) dataset. All 4 associations were successfully replicated. Depression indicates depressive episode and recurrent

depressive disorder.
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Measurement of sleep traits

As suggested by previous studies, 3 dimensions including 6 sleep
traits were derived to represent different aspects of sleep mea-
sures: (a) nocturnal sleep duration and sleep onset timing [16],
(b) sleep rhythm (including relative amplitude and interdaily
stability) [17], and (c) sleep fragmentation (including sleep effi-
ciency and nocturnal waking number, which represents the
number of awakenings during the sleep period time window)
[18]. All sleep traits were derived by processing raw accelerom-
eter data using GGIR (version 2.8.2) [16,19].

Measurement of covariates

Sociodemographic information (sex, ethnicity, education quali-
fication attainment, total household income, and employment
status), lifestyle behaviors (physical activity; smoking status;
alcohol drinking; consumption of tea, coffee, and sugar prod-
ucts; and intakes of vegetables, fruits, fish, red meat, and pro-
cessed meat), medication at baseline, and illness of father, mother,
and siblings were all self-reported. Age was calculated as the
intervals between the dates of birth and of accelerometer mea-
surements. The Townsend deprivation index was derived from
the postcode of residence. Standing height (cm) and weight
(kg) were measured at the assessment center and used to cal-
culate the body mass index (BMI).

Follow-up of diseases

Diagnosis of outcome was ascertained through linkage to the
National Health Service and Cancer Registry for any episodes
of hospitalization or to the National Death Index for date and
causes of death. Details of the linkage procedure are available
online (https://digital.nhs.uk/). All reported disease events were
coded following the International Classification of Diseases,
10th Revision or 9th Revision (ICD-10 or ICD-9). Events coded
by ICD-9 were converted to ICD-10 (https://www.cms.gov/).
Follow-up began with the date when participants completed
accelerometer-based measurements. Participants with specific
diseases before that date were excluded from related analyses.
Participants were censored on death or the most recent hospi-
talization (2021 September 30 for England and Wales and 2021
September 24 for Scotland), whichever came first.

All disease events coded according to the first 3 characters
of ICD-10 were selected and combined based on knowledge
about the diseases when appropriate. Certain irrelevant ICD-10
chapters were excluded, including those on perinatal diseases,
congenital malformations, deformations, and chromosomal
abnormalities. Within each chapter, outcomes with <100 events
(<80 for sex-specific analyses) were combined. These outcomes
were not analyzed in the detailed investigation of sleep traits
and individual diseases. The detailed list of ICD-10 codes ana-
lyzed is given in Table S1.

Statistical analysis

The Cox proportional hazard model was applied to estimate
hazard ratios (HRs) and 95% confidence intervals (CIs) for the
association of sleep traits and diseases, with stratification for
age (in 10-year intervals) and sex, along with adjustment for
ethnicity; education qualification attainment; total household
income; employment status; smoking status; alcohol drinking;
tea consumption; coffee consumption; sugar consumption; intakes
of vegetables, fruits, fish, red meat, and processed meat; physi-
cal activity (metabolic equivalent hours per day); medication
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for cholesterol, blood pressure, or diabetes at baseline; usage of
sleep medications, antidepressants, antipsychotics, or anxiolyt-
ics; BMI; and family history of related diseases [20]. To screen
disease chapters associated with sleep traits while avoiding type
Lerrors, the relatively conservative Bonferroni correction method
was employed for association analysis. The significance thresh-
old was defined as 0.05 divided by the number of sleep trait
categories (excluding the reference categories) and the number
disease chapters. For those disease chapters that showed sig-
nificant association with at least one sleep trait after Bonferroni’s
correction, the associations of each sleep trait with individual
diseases within the chapter were further examined where the
significance threshold was set as 0.05 after false discovery rate
(FDR) correction method (Benjamini-Hochberg procedure).

Assuming that each observed association is causal, we fur-
ther calculated the population-attributable fraction (PAF) for
each sleep trait on the associated diseases [21]. We coded sleep
traits as binary variables and compared participants with the
least risky level of sleep trait against all others, as suggested by
Newson [22].

Stratification analysis was additionally performed for the
identified trait-disease associations based on age (<65 versus
>65 years), biological sex (women versus men), education (col-
lege and above versus less than college), and chronotype (morn-
ingness versus eveningness). Four sensitivity analyses were
conducted separately by excluding (a) those who reported jobs
involving shift work or night shift work [18]; (b) those who
reported using sleep medications, antidepressants, antipsychot-
ics, or anxiolytics at baseline [18]; (c) those whose accelerome-
ter-wearing period included a daylight-saving time change or
who woke up in the afternoon on an average day [23,24]; and
(d) those who were lost or developed diseases within the first
2 years of follow-up. Post hoc analysis was conducted by calcu-

lating the E-value (E — value = RR + v/RR X RR — I, where RR
represents the observed relative risk) [25], which quantitatively
estimated how strong the effect size of an unmeasured con-
founder need to be, so that the main association that we analyzed
would be explained away by the unmeasured or residual con-
founder [26]. The larger the E-value, the less likely that the study
results were explained by confounding. For factors that showed
inverse associations with disease outcomes, E-values were cal-
culated using 1/RR instead of RR. All statistical analyses were
performed using R v4.2.2 and Stata 16.0 (StataCorp, TX, USA).

Comparison with studies of subjective

sleep measurement

Target of comparison: Literature search of subjective

sleep traits and diseases

A literature search was conducted to retrieve research articles
or meta-analyses that investigated the association of diseases
with subjectively measured sleep traits, referring to any of the
3 sleep dimensions analyzed in our study. A systematic search
was conducted using PubMed and Web of Science for articles
published before March 2024. Search terms included “sleep
AND X, “sleep duration AND X, “sleep onset AND X, “cir-
cadian rhythm AND X, “social jetlag AND X” (social jetlag
being a term commonly used to indicate sleep rhythm disrup-
tion), “sleep efficiency AND X, and “waking time AND X,
wherein X stands for a specific disease, like cystitis. The a priori
inclusion criteria were defined as any study that (a) exclusively
employed subjective measurement methods, such as questionnaires
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or interviews, to assess the sleep traits of participants; (b) focused
on the disease of interest as the primary outcome; (c) calculated
effect sizes and statistical significance; and (d) was written in
English. There are another 106 diseases named abstractly, such
as “other respiratory disorders”, and 57 diseases belonging to
“symptoms, signs and abnormal clinical and laboratory find-
ings, not elsewhere classified” (Chapter XVIII), which were
not to be included. Original research and meta-analyses
were separately summarized. Since the aim of the literature
search was to identify previously overlooked associations
between sleep traits and diseases, those diseases showing no
trait-disease association in our study were omitted. In com-
parison to the literature search, the inconsistent trait-disease
relationships in our results were further reanalyzed or repli-
cated with an independent population, as detailed in the fol-
lowing sections.

Identification of false disease associations: Reanalysis
with subjective sleep traits in UKB participants

For sleep trait-disease pairs found to have positive association
in subjective meta-analyses but not our objective analysis, we
performed a reanalysis based on subjective sleep traits in the
UKB. The subjective sleep traits were collected by questionnaire,
as described in detail elsewhere [27]. When multiple meta-
analyses were available for a trait-disease pair, only the consis-
tent results were reexamined. If the results of reanalysis aligned
with the meta-analysis rather than the objective results, the
reanalysis results were further stratified by the objective sleep
trait so as to investigate whether the association with subjective
sleep traits was caused by misclassification of objective sleep
traits. Similarly, negative associations in meta-analyses but not
in our analysis were likewise reanalyzed. Finally, correlations of
subjective and objective sleep traits were analyzed.

Validation of neglected disease associations:

Independent replication analysis

We plotted the disease types associated with each objective
sleep dimension and compared these patterns with findings
from subjective sleep literature to determine whether any
dimensions were overlooked in subjective studies. For such
dimensions, the significant disease associations identified based
on objective sleep traits in the UKB but not reported by previ-
ous subjective studies were replicated in the NHANES data-
set. During the 2011 to 2012 and 2013 to 2014 cycles of
NHANES, objective accelerometer records were collected from
the participants (ActiGraph model GT3X+, Pensacola, USA)
[22]. We selected a representative sample of 8,514 adults aged
>20 years from the NHANES dataset using a complex, strati-
fied, multistage sampling design and the same criteria as
applied in the UKB study. Sleep traits were estimated using
the monitor-independent movement summary method, which
was run with the ActCR package in R. Covariate selection also
followed the analysis in the UKB population where applicable,
with covariates including age, sex, ethnicity, education qualifi-
cation attainment, ratio of family income to poverty, employ-
ment status, smoking status, alcohol drinking, physical activity,
and BMI [28]. NHANES generally collected disease occurrence
information by questionnaire. The list of diseases and the ques-
tionnaire used can be found online (https://www.cdc.gov/nchs/
nhanes). According to NHANES analytic guidelines, sample
weights, strata, and primary sampling units were used to account
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for the complex survey design. Statistical analysis was generally
the same as in the UKB analysis, except that trait-disease
relationships were analyzed using weighted multivariable-
adjusted logistic regression instead of a Cox model. Finally,
mediation analysis was used to explore the potential patho-
logical mechanisms of newly identified associations, specifi-
cally whether immune factors, including leukocytes, C-reactive
protein (CRP), and eosinophils mediate the associations in
the UKB. This mediation analysis method was developed
based on the Cox model and under a counterfactual frame-
work [29,30].

Role of the funding source
The funders had no role in the study design, data collection,
data analysis, data interpretation, or writing of the report.

Results

General characteristics and sleep traits

of the participants

The 88,461 included participants were generally comparable to
those excluded, except for slight differences in age and employ-
ment status (Table S2). The included participants were on aver-
age 61.97 years (standard deviation, 7.83 years) old, and 43.42%
were males. Figure S2 illustrates the distribution of the sleep
traits (Fig. S2A) and their pairwise correlations (Fig. S2B).

Phenome-wide association analysis of diseases

related to sleep traits

During an average 6.80 + 0.87 years of follow-up, 113,146 person-
diseases were newly diagnosed (Table S3). After Bonferroni cor-
rection, 13 of the 17 disease chapters showed significant association
with at least one sleep trait; examples include mental and behav-
ioral disorders, circulatory system diseases, and digestive system
diseases (Fig. S3 and Table S4). Four chapters, including neoplasms
(Chapter II; P = 0.00096), were excluded from further analysis as
they did not meet the adjusted significance threshold (a =
0.00049). Collectively, the 13 chapters comprised a sum of 363
candidate diseases. Multivariate analysis showed that 172 (47.38%)
of those diseases were associated with at least one sleep trait, for a
cumulative 349 trait-disease associations (Fig. 2A and Table S5).
The top 5 chapters with the most trait-related diseases were abnor-
mal clinical and laboratory findings (Chapter XV, n = 33), circula-
tory diseases (Chapter IX, n = 29), digestive diseases (Chapter XI,
n = 20), musculoskeletal and connective diseases (Chapter XIII,
n = 18), and endocrine, nutritional, and metabolic diseases
(Chapter IV, n = 16). The respiratory system (Chapter X) and
genitourinary system (Chapter XIV), which were seldom reported
in sleep studies, also respectively had 10 and 9 disease—trait asso-
ciations (Fig. 2B). A total of 42 diseases exhibited over 2-fold risk
associated with a certain sleep trait, such as Parkinson disease
(G20, lowest versus highest quartile of relative amplitude, HR =
2.80,95% CI: 1.96, 4.02), age-related physical debility (R54, lowest
versus highest quartile of relative amplitude, HR = 3.36, 95% CI:
2.25,5.02), gangrene (R02, lowest versus highest quartile of inter-
daily stability, HR = 2.61, 95% CI: 1.41, 4.83), and fibrosis and
cirrhosis of liver (K74, sleep onset timing >0030 versus 2300 to
2330, HR =2.57,95% CI: 1.42, 4.67), accounting for 11.57% of all
diseases analyzed and 24.42% of those found to be associated with
sleep; meanwhile, 122 diseases (33.61% of all diseases and 70.93%
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of sleep-associated diseases) had at least 1.5-fold risk (Fig. 2C),
including type 2 diabetes mellitus (E11, lowest versus highest
quartile of interdaily stability, HR = 1.60, 95% CI: 1.40, 1.82),
respiratory failure (J96, lowest versus highest quartile of
sleep efficiency, HR = 1.79, 95% CI: 1.42, 2.26), fracture of
rib(s), the sternum, and the thoracic spine (S22, sleep dura-
tion <6 h versus 7 to 8 h, HR = 1.60, 95% CI: 1.22, 2.11),
and urinary incontinence (R32, sleep duration <6 h versus
7 to 8 h, HR = 1.60, 95% CI: 1.25, 2.04).

PAF was estimated for each sleep trait and its associated
diseases (Table S6). Among the 172 diseases found to be asso-
ciated with sleep, up to 52.29% of the risk of a single disease
could be attributed to a sleep trait, 92 (53.49%) diseases had
over 20% risk attributable to at least one sleep trait, and 44
(25.58%) diseases had attributable risk over 30% (Fig. S4).
Some common diseases showed considerable attributable
risk, such as Parkinson disease (G20; 37.05% by interdaily
stability), pulmonary heart diseases (I127; 49.91% by relative
amplitude), type 2 diabetes mellitus (E11; 22.39% by inter-
daily stability), obesity (E66; 31.63% by relative amplitude),
thyrotoxicosis (E05; 30.45% by sleep onset), and urinary
incontinence (R32; 24.42% by sleep efficiency).

Stratified analyses were performed for sex, age, education,
and chronotype. The results were similar between stratifying
variables, and no significant interaction was observed (in
Tables S7 to S10). To exclude the potential bias introduced by
shift work, sleep-related medications, or daylight-saving time,
sensitivity analyses were performed by excluding the respec-
tively exposed adults; the relationships of sleep traits and dis-
eases were generally unchanged (Table S11). Participants who
were lost or developed diseases within the first 2 years of
follow-up were also excluded in a separate round, and again,
the results were alike (Table S11). In general, the results
showed that the trait-disease relationships were robust com-
pared to the main analysis across all these sensitivity analysis.
Parkinson’s disease (G20, lowest versus highest quartile of
relative amplitude, HR = 3.00, 95% CI: 2.07, 4.35 in model 1;
HR =3.50,95% CI: 2.22, 5.53 in model 2; HR = 2.84, 95% CI:
1.96, 4.13 in model 3; HR = 2.68, 95% CI: 1.82, 3.94 in model
4) and age-related physical debility (R54, lowest versus highest
quartile of relative amplitude, HR = 3.31, 95% CI: 2.20, 4.98
in model 1; HR = 4.65, 95% CI: 2.78, 7.76 in model 2; HR =
3.29,95% CI: 2.17, 4.99 in model 3; HR = 3.26, 95% CI: 2.18,
4.88 in model 4) can be 2 examples. The E-values for FDR-
adjusted statistically significant associations between sleep
traits and diseases are in Table S12; these values indicate what
strength of association an unmeasured confounder would
need to have with exposures and morbidity for our estimates
to fit the null.

In total, the 172 diseases showed 259 associations with sleep
traits, among which the dimensions of sleep duration and onset
timing accounted for 82 (31.7%), while sleep rhythm and sleep
quality accounted for the rest (Fig. 2D, left). This is distinct
from the literature search of subjective sleep traits and disease
risk (original research studies), which showed that sleep dura-
tion or sleep timing were associated with 45 diseases, account-
ing for 57.7% of all the interested trait-disease pairs, while sleep
rhythm was associated with 12 diseases, accounting for only
15.4% (Fig. 2D, middle, and Table S13). Notably, the diseases
tended to not be affected by multiple dimensions of sleep, with
99 (57.6%) diseases showing association with only a single sleep
dimension.
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Identification of false disease associations
Comparison to published meta-analyses based

on subjective sleep

A meta-analysis-specific literature search for reports associat-
ing subjective sleep traits with disease risks was performed. A
total of 26 trait-disease pairs were analyzed by previous meta-
analyses (Table S14 and Fig. 2D, right). The involved diseases
were generally common diseases such as dementia, chronic
kidney disease, osteoporosis, essential (primary) hypertension,
type 2 diabetes, and stroke. For 9 sleep-disease relationships,
such as short sleep duration and osteoporosis, there were more
than one meta-analysis, which investigated the same sleep trait
but showed inconsistent conclusions; i.e., negative and positive
associations were reported in different meta-analyses. Sleep
duration was referred to by all included meta-analyses, while
other sleep traits were analyzed in only one of them. As shown
in Table S14, when compared to our results, most diseases
showed concordant positive association with subjective sleep
traits, such as short sleep duration in association with dementia,
essential (primary) hypertension, heart failure, overweight
and obesity, and type 2 diabetes. However, 3 diseases were
associated with subjective sleep duration but not its objective
measurement (Fig. 3A and C, left). Among those, 2 diseases
(ischemic heart diseases and depressive episode and recurrent
depressive disorder) were associated with long sleep and
the third (chronic kidney disease) with short sleep. Mean-
while, no negative trait-disease relationship in our study
was reported to be significantly positive by previous meta-
analyses (Table S14).

Reanalysis of the negative trait-disease associations that
were positive in previous meta-analyses

We reanalyzed the 3 inconsistently associated diseases in rela-
tion to subjective recall of sleep duration in the UKB partici-
pants. To ensure the comparability of the results, we restricted
analysis in the participants who had qualified accelerometer
data. The results recapitulated the significant associations of
subjectively long sleep duration with both ischemic heart dis-
eases and depressive episode and recurrent depressive disorder
(Fig. 3C, middle), which was in agreement with the meta-
analysis results.

Then, we investigated what may induce the different results
between subjective and objective sleep durations with respect
to the 3 diseases. Pearson analysis showed that the 2 measure-
ments showed a mild correlation only (r=0.201, P < 0.00001).
The proportion of long sleepers (>8 h) is 1.29-fold more by
self-report compared to that by objective measurement (Fig.
3B). When the 5,603 self-reported long sleepers were further
investigated, as many as 21.67% of them obtained no more
than 6 h of objective sleep, which should be defined as short
sleep (Fig. 3B). Since short sleep duration had been widely
perceived as harmful, further analysis was conducted to deter-
mine whether the association between subjectively long sleep
and disease risk remained when stratified by objective sleep
duration. The results showed that the increased risk of isch-
emic heart diseases in subjectively long sleepers existed only
in this subset of objectively short sleepers (HR = 1.54, 95%
CI: 1.23, 1.93) (Fig. 3C, right), while for the both subjectively
and objectively long sleepers, the effect size (HR) was 1.04
(95% CI: 0.70, 1.54). When the subset of objectively short
sleepers was excluded, the increased risk in subjectively long
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Fig. 3. Comparison of objective sleep measurement to self-reported sleep. (A) Published meta-analysis of subjective sleep traits and diseases. Purple pieces represent
the associations between disease and sleep duration. The red piece represents the association between disease and other sleep traits. The separate piece (23.08%)
represents those sleep-disease associations that were inconsistent between meta-analyses and our study with objective sleep traits. (B) Comparison of objectively
long sleep duration (>9 h) to self-reported long sleep duration. The bar plot illustrates the proportion of long sleepers by objective accelerometer and subjective
recall, compared by chi-square test (*** indicates P < 0.01). The pie plot illustrates the composition of subjectively long sleepers, within which objectively short
sleepers (<6 h) accounted for 21.67%. (C) Reanalysis of the subjective—objective-inconsistent diseases in the UKB based on subjective recall of sleep traits. Three
trait-disease associations were found to be negative in our objective analysis but positive in previous meta-analyses, including long sleep duration with ischemic
heart disease, long sleep duration with depressive episode and recurrent depressive disorder, and short sleep duration with chronic kidney disease. Reanalysis of
these diseases based on subjective sleep traits in the UKB recapitulated the 2 associations with subjectively long sleep duration ((C) middle; error bar in red) rather
than the non-association of objective measurement ((C) left; error bar in red). A further analysis examined the association of these diseases with subjectively long
sleep (short sleep for chronic kidney disease), stratified by objective sleep duration ((C) right; error bar in red). For the upper 2 diseases (ischemic heart disease;
depressive episode and recurrent depressive disorder), subjectively long sleepers were divided into 4 groups based on objective nocturnal sleep duration (<6, 6 to
7,7 to 8, and >8 h), and their disease risk was separately compared to those who reported a 7- to 8-h subjective sleep duration. For chronic kidney disease (below),
the reanalysis was done in subjectively short sleepers, although subjectively short sleep was not found to be associated with the disease in the UKB, as shown in
(C) (middle). obj, objective; sub, subjective.

sleepers disappeared. A similar result was obtained in the
analysis of depressive episode and recurrent depressive disor-
der, where objectively short sleepers contributed the highest
effect size (HR = 1.79, 95% CI: 1.27, 2.55), while the objec-
tively long sleepers did not achieve statistical significance (HR =
1.49, 95% CI: 0.94, 2.37) (Fig. 3C, right). As a recent publica-
tion of UKB adults reported that subjectively long sleep dura-
tion is associated with multiple cardiovascular diseases,
including but not limited to aforementioned ischemic heart
diseases [27], we further extended the reanalysis to stroke and
cardiovascular disease (that is, ischemic heart diseases and
stroke). Again, the increased risk of stroke and cardiovascular

Validation of neglected disease associations
Comparison to literature search of original studies

using subjective sleep

Comparison with the existing literature on subjective sleep
traits and disease risk showed that among the 172 sleep-related
diseases identified in our study, 90 presented associations with
sleep trait dimensions that had not been reported before
(Table S13), including acute kidney failure (N17) and chronic
obstructive pulmonary disease (COPD). Sleep rhythm (rela-
tive amplitude and interdaily stability) contributed to most
(61) of the newly discovered associations, while sleep dura-
tion/onset and sleep quality contributed to 20 and 9 diseases,

diseases in the self-reported long sleepers disappeared when
the subset of objectively short sleepers was removed (Fig. S5).
The effect sizes (HR) on stroke and cardiovascular diseases
were 1.06 (95% CI: 0.57, 2.00) and 1.09 (95% CI: 0.78, 1.54)
for objectively and subjectively long sleepers, respectively. The
association of subjectively short sleep with chronic kidney
disease was not found in the UKB (Fig. 3C), either before or
after stratification by objective measurement.
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respectively (Fig. S6).

Replications in an independent population

Of the diseases that were newly found to be associated with
sleep rhythm, 4 were also measured in NHANES: acute kidney
failure, COPD, diabetes mellitus, and depressive episode and
recurrent depressive disorder. Accordingly, we validated their
associations with sleep rhythm in the NHANES population
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(Fig. 4). Detailed descriptions of the NHANES population are
presented in Table S15. Relative to the UKB population, the
NHANES population are on average younger and have a higher
BMI. In the UKB population, acute kidney failure was associ-
ated with relative amplitude and interdaily stability in the
dose-response pattern (P4 = 1.58 X 10 **and 2.72 x 107%,
respectively). Likewise, in the NHANES population, the third
and fourth quartiles of relative amplitude were associated with

Relative amplitude
UK Biobank NHANES

1.69-fold (95% CI: 1.06, 2.69) and 1.76-fold (95% CI: 1.11, 2.78)
greater kidney failure risk (P,,.,q = 0.017), respectively, and the
fourth quartile of interdaily stability with 1.82-fold (95% CI:
1.14,2.82) greater kidney failure risk (P, ,q = 8.17 X 10™°). The
relationship between relative amplitude and COPD detected
in the UKB was similarly seen in NHANES (P,,.,q = 0.026) with
the third and fourth quartiles of relative amplitude being associ-
ated with 1.59-fold (95% CI: 0.95, 2.65) and 1.94-fold (95% CI:

Interdaily stability
UK Biobank NHANES
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Fig. 4. Replication of the newly discovered associations with sleep rhythm in the NHANES study. HRs and 95% confidence intervals (Cls) for the identified associations of
relative amplitude and interdaily stability were calculated in the UKB sample, with adjustment for age; sex; race; education; total household income; employment status;
smoking status; alcohol drinking; tea consumption; coffee consumption; sugar consumption; intakes of vegetables, fruits, fish, red meat, and processed meat; physical activity;
medication for cholesterol, blood pressure, or diabetes at baseline; usage of sleep medications; BMI; and family history of chronic bronchitis/emphysemain COPD. As a replication
analysis, the odds ratios and 95% Cl for these associations were calculated in the NHANES participants, with adjustment for age, sex, race, education, ratio of family income
to poverty, employment status, smoking status, alcohol drinking, physical activity, and BMI. The NHANES data were weighted by sample weights, strata, and primary sampling
units following the suggestion of the data provider. The P values for linear trends were calculated by taking the sleep trait quartiles as continuous variables. OR, odds ratio.
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0.96, 3.93) increased COPD risk, respectively. As for diabetes
mellitus, relative amplitude and interdaily stability presented
dose-response patterns (P4 = 3.92 x 10" and 3.90 x 1077,
respectively) in the UKB population. Likewise, in the NHANES
population, the third and fourth quartiles of relative amplitude
and interdaily stability were associated with diabetes mellitus
(Pyena = 5.00 x 10~ and 7.58 x 107%, respectively). Finally, a
consistent relationship of relative amplitude with depressive
episode and recurrent depressive disorder was also observed
in both populations (Py,.,q = 9.49 X 10~° and 4.44 x 107).

The unweighted results from the NHANES population are
similar to the weighted results (Fig. S7).

Mediation analysis

To explore potential mechanisms for the newly identified asso-
ciations of diseases with sleep rhythm, we examined inflam-
matory factors as mediators (Table S16), including leukocytes,
eosinophils, and CRP. The results showed that CRP contributed
a statistically significant mediation effect to all the 4 diseases’
associations with sleep rhythm (P < 0.001, respectively), and
CRP’s contribution ranged from 1.5% to 10.5%. Leukocytes
and eosinophils generally contributed especially to acute kid-
ney failure and COPD but not diabetes mellitus or depressive
episode and recurrent depressive disorder. All 3 inflammatory
factors contributed a mediation effect for COPD and acute
kidney failure. For example, to acute kidney failure, the 3
inflammatory factors CRP, eosinophils, and leukocytes respec-
tively contributed 10.5%, 8.2%, and 1.9% of the effect.

Discussion

Based on a dataset of 88,461 adults followed up for averagely
6.8 years, the present study showed that objectively measured
sleep traits are associated with 172 diseases affecting diverse
systems of the human body and that these associations account
for considerable attributable disease burden, up to 52%. Although
the associations were generally consistent with those in previ-
ous studies based on subjectively measured sleep traits, notable
differences emerged, especially in the analysis of long sleep
duration, where our objectively measured sleep duration barely
showed disease risk. Among the various associations, 57.6% of
diseases correlated with only one dimension of sleep traits, and
the most concerned sleep trait (sleep duration) by subjectively
measured studies did not contribute to the most diseases. On
the other hand, the analysis of objective sleep traits identified
anumber of disease associations not ever reported in previous
sleep studies, including the associations of sleep rhythm with
COPD and acute kidney failure. These associations were rep-
licated in the independent NHANES population (Fig. 1). These
results provide important insights into the landscape of sleep’s
health impact on the human body and suggest that the objective
sleep measurement technique can be a useful complement to
sleep—disease relationship studies.

The similarity and difference between subjective and objective
sleep measurement is a fundamental methodology issue for all
sleep-related studies. In some cases, the relationships of certain
diseases with both subjective and objective sleep traits have been
analyzed and compared [31-37]. For example, in 7,959 partici-
pants of the Whitehall I study, both subjectively and objectively
short sleep durations were found to be associated with higher
incidence of dementia [33]. Meanwhile, for some other dis-
eases, the objective and subjective measurements did not achieve
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agreement in association with diseases [33,34,36]. With the exist-
ing publications, it is difficult to determine whether similarity or
difference is dominant across associations with various diseases,
since there has been no study to compare objective and subjective
measurements in light of diseases throughout the human body,
according to the knowledge of the researchers of the present
study. When comparing our results to those of previously pub-
lished meta-analyses, only one significant association of actigraphy-
estimated long sleep with an adverse outcome was observed
after controlling the false-positive probability of multiple tests,
while a number of diseases have been suggested to be associated
with subjectively long sleep, even by meta-analyses [38]. In the
UKB, we saw that nearly a quarter of the self-reported long sleep-
ers actually slept no more than 6 h when estimated by objective
measurement. Subjective recall of sleep traits especially sleep
duration has long been suspected to bear systematic error [39].
The discrepancy between subjective and objective sleep durations
may be attributed to the misunderstanding of the sleep concept.
For example, some participants with difficulty falling asleep or
keeping stable sleep may have spent long time in bed but have
short real sleep. These objectively short sleepers, who bear a real
increased disease risk, may misclassify themselves as subjectively
long sleepers and introduce contamination to the effect estima-
tion of long sleep. As evidenced by our analyses, this dramatic
misclassification of sleep duration has introduced substantial bias
to the estimation of effect size for a number of diseases, including
stroke, ischemic heart diseases, cardiovascular disease, and
depressive episode and recurrent depressive disorder. Moreover,
several recent Mendelian randomization studies support this
conclusion, as their results showed no causal effect of long sleep
on cardiovascular diseases or stroke [40-42]. This finding may
help resolve the uncertainty about the health effect of long sleep
duration, which has been a concern of several clinical recom-
mendations [43]. It may also underscore the necessity of viewing
multiple sleep traits as a combination, because they may have
inherent correlation [44], especially when common morbidity
affecting different sleep traits exist, such as “insomnia with objec-
tively short sleep duration”. As Tubbs et al. [45] demonstrated,
there is an interaction between short sleep duration and insom-
nia severity on the risk of depression.

As a complex physiological process that occupies about one-
third of human life, emerging evidence is indicating that dif-
ferent dimensions of sleep may have different effects in relation
to different systems [11,12]. However, as illustrated in Fig. 2D,
the existing literature has disproportionately focused on sleep
duration rather than other sleep traits. Our analysis found sleep
timing and sleep rhythm to correlate with a comparable or even
greater number of diseases. More importantly, the associations
of diseases with different sleep dimensions are highly indepen-
dent, as 57.6% of diseases were associated with only one sleep
dimension, suggesting that a skewed focus on sleep traits may
lead to overlooking of some sleep-related diseases. Indeed,
among the newly discovered associations in our study, most
involved sleep rhythm—3 times as many as involved sleep dura-
tion. Recently, rhythmic oscillation has been proposed as one
of the hallmarks of health [46]. A robust rhythm needs both a
steady phase of oscillation and a robust amplitude of oscillation.
In our study, it means sleeping with stable sleep timing every
day (high interdaily stability) and sleeping at motionless night
(high relative amplitude, when compared with vigorous day-
time). As the circadian clock has been found to exist in almost
all organs and to regulate physiological processes including but
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not limited to DNA repair, cell cycle, mitochondrial dynamics,
metabolism, and specific functioning in certain organs or cells
[47,48], it is no wonder that accumulating evidence suggests
disruption of sleep rhythm to induce adverse eftects on mul-
tiple physiological systems [38]. Sleep onset timing also deserves
attention, as delaying sleep may increase exposure to artificial
lighting and caloric intake at night, which may confer damage
to human health [49]. Our results may suggest that the various
dimensions of sleep traits deserve more attention in future stud-
ies and that pursuing comprehensive control of sleep traits may
have greater benefit for health over merely ensuring adequate
sleep duration. Fortunately, 4 of the 6 sleep traits are behavior
related, which may be directly modified, and the remaining
2 can be improved when the first set is corrected [50], sug-
gesting that sleep intervention may bring substantial health
benefit. For example, the disruption of sleep rhythm can be
substantially improved if the unhealthy habit of social net-
working media use before sleep (so-called Twitter jetlag) can
be corrected [51]. Indeed, the estimated contribution of sleep
traits to some common diseases is generally comparable to
those of well-known risk factors, such as dementia (16.1%
by sleep duration, 20.9% by obesity [52], and 7.2% to 15.9% by
low education level [53]), cardiovascular disease (13.76% by
relative amplitude [to ischemic heart diseases], 10.2% by low
education level [54], and 6.7% to 10.7% by smoking [55]),
Parkinson’s disease (31.68% by relative amplitude, 17% to 23%
by pesticide/herbicide exposure, and 10% by repeated blows
to the head for male [56]), and type 2 diabetes (22.39% by
interdaily stability, 30% for Western dietary pattern [57], and
9% to 14% by smoking [58]).

In our study, sleep fragmentation (sleep efficiency and wak-
ing numbers) was found to be associated with a relatively small
number of diseases. This may suggest that representing sleep
fragmentation status is not an advantage of the current accel-
erometer technique. Since there has been no direct and entirely
accurate way to comprehensively measure sleep—wake physiol-
ogy in free-living humans, both subjective and objective sleep
measurements are imperfect in some aspects. Integrative mea-
surements taking advantage of each method may be a choice.

In our study, COPD was identified to associate with sleep
rhythm and to have a substantial PAF, which was replicated in
the independent NHANES population. Although one of the
most important diseases worldwide [59], COPD has not previ-
ously been reported to correlate with sleep rhythm. However,
some biological evidence may have existed. We found 10 respi-
ratory diseases to show association with sleep, over half of
which refer to inflammation and infection or related complica-
tions. On the other hand, several reviews have summarized the
role of sleep in immune system function, the disruption of
which may induce infectious disease and proinflammatory
responses [43,59]. Our results also suggested that leukocytes,
eosinophils, and C-creative protein have mediatory roles in the
sleep—COPD relationship [60]. Furthermore, some cases of
COPD are comorbid with asthma, meaning mechanisms by
which sleep affects asthma, such as blood eosinophils, fraction
of exhaled NO, and lung parenchymal abnormalities, may also
contribute to COPD [40,41,60].

Mediation by inflammation could also help to partially
explain the newly discovered relationship between sleep rhythm
and acute kidney failure. Moreover, we also found that sleep
rhythm may affect chronic kidney disease, diabetes, and pri-
mary hypertension, which are important risk factors of acute
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kidney failure and may consequently induce its occurrence
[42,61]. Disrupted sleep rhythm may also suppress the rhythmic
activity of xenobiotic metabolism in the liver [62], which may
induce chemical-related kidney damage. It is worth noting that
the 4 newly identified sleep-rhythm-related diseases such as
COPD have caused substantial global burden in the world
[63-66]. The most unfavorable quartile of sleep rhythm was
associated with generally 1.5- to 2-fold disease risk (Fig. 4), with
estimated PAFs by sleep rhythm to be over 15% (Table S6).
These results further emphasize the well-known fact that an
appropriate sleep pattern may comprehensively benefit the
physiology of the human body, and sleep behavior can be a
valuable intervention target. As to other trait-disease associa-
tions that have not ever been reported, their confirmation by
independent studies may spark interest in figuring out the
underlying mechanisms.

There are several major limitations in our study. First, the
UKB study was not designed to be a representative of the
nationwide population; only 5.45% of the invited participants
attended the baseline, who were mainly middle-aged or elder
and more susceptible to certain diseases [67], which may limit
the generalizability of the results. Second, the accelerometry
study took place in 2013 to 2015, while other covariates were
measured in 2006 to 2010. However, a previous study reported
that the covariates, except for medications, changed little over
time [68]. Third, accelerometer measurements were taken only
at a single time point, ignoring within-person changes or vari-
ability in movement behaviors over time. However, previous
analyses of UKB data showed that sleep and physical activity
patterns remained relatively stable over time. Fourth, there are
possibilities of residual confounding. We calculated E-values
to indicate to readers to interpret the associations with caution.
Fifth, reverse causation bias cannot be ruled out, although sen-
sitivity analyses were performed by excluding diseases devel-
oped within the first 2 years. We also replicated the newly
identified disease associations with sleep rhythm in the inde-
pendent NHANES population, which had a different age struc-
ture and BMI. While this may extend the generalizability of
our findings, the NHANES study was also observational, and
reverse causation bias may exist. Sixth, the literature search in
our study included many cross-sectional studies, for which it
was difficult to discern the temporal relationship between sleep
traits and disease occurrence as many diseases have been found
to disrupt sleep. This could have led to discrepancy when com-
paring our longitudinal results with the literature. Seventh, we
only obtained external data to validate a subset of the newly
identified trait-disease associations. The rest await replica-
tion in further studies. Finally, when identifying associa-
tions between sleep traits and individual diseases, the FDR
method was used to control for the probability of type I error,
but this method was not the most restrict. It may lead to false-
positive mistakes in our analysis with objective sleep traits or
weaken our capability to identify false-positive associations in
the publications of subjective studies.

Conclusion

The present study illustrates a landscape of 172 diseases associ-
ated with objectively measured sleep traits in adults. The results
revealed that not only sleep duration but also other sleep traits
contributed to a number of disease types with substantial attrib-
utable disease burden, emphasizing that comprehensive control
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of multiple sleep traits is necessary and may yield considerable
health benefit. The objective sleep measurements can be a use-
ful complement to sleep-disease studies, and integration of
subjective and objective methods may provide more complete
and accurate information about sleep’s health impact.

Ethical Approval

The UKB study has approval from the North West Multi-Center
Research Ethics Committee. All participants provided informed
consent for the study to have their records linked to hospital
admissions, cancer registries, and death registries.

Acknowledgments

This research has been conducted using UK Biobank Resource
under Application Number 89514.

Funding: This work is supported by the National Key R&D
Program of China (grant numbers: 2022YFC3602900 and
2022YFC2702900), the National Natural Science Founda-
tion of China (grant number: 82273747), and the Beijing
Municipal Health Development Research Fund (grant num-
ber: 2022-1G-1021).

Author contributions: Q.C. and S.W. conceived and designed
the study and contributed to the interpretation of the results
and critical revision of the manuscript for valuable intellectual
content. YYW,, QW, S.L., and L.T. accessed, verified, and ana-
lyzed the data. Q.C., Y.W., Q. W. and S.L. drafted the manuscript.
J.C. and S.Z. supervised the conduct of the study. The corre-
sponding authors attest that all listed authors meet authorship
criteria and that no others meeting the criteria have been omit-
ted. All authors had access to the data, have read and approved
the final manuscript, and accept responsibility for the decision
to submit for publication.

Competing interests: The authors declare that they have no
competing interests.

Data Availability

Details of how to access UK Biobank data and details of the data
release schedule are available from https://www.ukbiobank.
ac.uk.

Supplementary Materials

Supplementary Methods
Figs. S1 to S7
Tables S1 to S16

References

1. Yankova G, Bogomyakova O, Tulupov A. The glymphatic
system and meningeal lymphatics of the brain: New
understanding of brain clearance. Rev Neurosci.
2021;32(7):693-705.

2. Irwin MR. Sleep and inflammation: Partners in sickness and in
health. Nat Rev Immunol. 2019;19(11):702-715.

3. Grandner MA, Fernandez FX. The translational
neuroscience of sleep: A contextual framework. Science.
2021;374(6567):568-573.

4. Ekirch AR. What sleep research can learn from history. Sleep
Health. 2018;4(6):515-518.

Wang et al. 2025 | https://doi.org/10.34133/hds.0161

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Roenneberg T. Chronobiology: The human sleep project.
Nature. 2013;498(7455):427-428.

Mead MP, Reid KJ, Knutson KL. Night-to-night associations
between light exposure and sleep health. J Sleep Res.
2023;32(2):Article e13620.

Nunn CL, Samson DR, Krystal AD. Shining evolutionary light
on human sleep and sleep disorders. Evol Med Public Health.
2016;2016(1):227-243.

Tobaldini E, Fiorelli EM, Solbiati M, Costantino G, Nobili L,
Montano N. Short sleep duration and cardiometabolic risk:
From pathophysiology to clinical evidence. Nat Rev Cardiol.
2019;16(4):213-224.

Lloyd-Jones DM, Allen NB, Anderson CAM, Black T,

Brewer LC, Foraker RE, Grandner MA, Lavretsky H,

Perak AM, Sharma G, et al. Life’s Essential 8: Updating and
enhancing the American Heart Association’s construct of
cardiovascular health: A presidential advisory from the
American Heart Association. Circulation. 2022;146(5):e18-e43.
Benz F, Riemann D, Domschke K, Spiegelhalder K, Johann AF,
Marshall NS, Feige B. How many hours do you sleep? A
comparison of subjective and objective sleep duration
measures in a sample of insomnia patients and good sleepers.
J Sleep Res. 2023;32(2):Article e13802.

Meyer N, Harvey AG, Lockley SW, Dijk DJ. Circadian
rhythms and disorders of the timing of sleep. Lancet.
2022;400(10357):1061-1078.

Owen JE, Veasey SC. Impact of sleep disturbances on
neurodegeneration: Insight from studies in animal models.
Neurobiol Dis. 2020;139:Article 104820.

Jackson CL, Patel SR, Jackson WB 2nd, Lutsey PL, Redline S.
Agreement between self-reported and objectively measured
sleep duration among white, black, Hispanic, and

Chinese adults in the United States: Multi-ethnic study of
atherosclerosis. Sleep. 2018;41(6):2sy057.

Palmer LJ. UK Biobank: Bank on it. Lancet.
2007;369(9578):1980-1982.

Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J,
Downey P, Elliott P, Green J, Landray M, et al. UK Biobank:
An open access resource for identifying the causes of a wide
range of complex diseases of middle and old age. PLOS Med.
2015;12(3):Article e1001779.

van Hees VT, Sabia S, Jones SE, Wood AR, Anderson KN,
Kivimaki M, Frayling TM, Pack AI, Bucan M, Trenell M], et al.
Estimating sleep parameters using an accelerometer without
sleep diary. Sci Rep. 2018;8(1):12975.

Van Someren EJ, Swaab DE, Colenda CC, Cohen W,

McCall WV, Rosenquist PB. Bright light therapy: Improved
sensitivity to its effects on rest-activity rhythms in Alzheimer
patients by application of nonparametric methods. Chronobiol
Int. 1999;16(4):505-518.

Jones SE, van Hees VT, Mazzotti DR, Marques-Vidal P,

Sabia S, van der Spek A, Dashti HS, Engmann J, Kocevska D,
Tyrrell ], et al. Genetic studies of accelerometer-based sleep
measures yield new insights into human sleep behaviour.

Nat Commun. 2019;10(1):1585.

Migueles JH, Rowlands AV, Huber E Sabia S, van Hees VT.
GGIR: A research community-driven open source R package for
generating physical activity and sleep outcomes from multi-day
raw accelerometer data. ] Meas Phys Behav. 2019;2(3):188-196.
Lourida I, Hannon E, Littlejohns TJ, Langa KM, Hypponen E,
Kuzma E, Llewellyn DJ. Association of lifestyle and genetic risk
with incidence of dementia. JAMA. 2019;322(5):430-437.

1


https://doi.org/10.34133/hds.0161
https://www.ukbiobank.ac.uk/
https://www.ukbiobank.ac.uk/

Health Data Science

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Han H, Cao Y, Feng C, Zheng Y, Dhana K, Zhu S, Shang C,
Yuan C, Zong G. Association of a healthy lifestyle with all-cause
and cause-specific mortality among individuals with type 2
diabetes: A prospective study in UK Biobank. Diabetes Care.
2022;45(2):319-329.

Newson RB. Attributable and unattributable risks and fractions
and other scenario comparisons. Stata J. 2013;13(4):672-698.
Paudel S, Del Pozo Cruz B, Inan-Eroglu E, Ahmadi M,
Stamatakis E. Associations of changes in physical activity and
discretionary screen time with incident obesity and adiposity
changes: Longitudinal findings from the UK Biobank. Int |
Obes. 2022;46(3):597-604.

Wainberg M, Jones SE, Beaupre LM, Hill SL, Felsky D,

Rivas MA, Lim ASP, Ollila HM, Tripathy SJ. Association of
accelerometer-derived sleep measures with lifetime psychiatric
diagnoses: A cross-sectional study of 89,205 participants from
the UK Biobank. PLOS Med. 2021;18(10):Article e1003782.
Su S, Li X, Xu 'Y, McCall WV, Wang X. Epidemiology

of accelerometer-based sleep parameters in US school-

aged children and adults: NHANES 2011-2014. Sci Rep.
2022;12(1):7680.

Verbeek JH, Whaley P, Morgan RL, Taylor KW, Rooney AA,
Schwingshackl L, Hoving JL, Vittal Katikireddi S, Shea B,
Mustafa RA, et al. An approach to quantifying the potential
importance of residual confounding in systematic reviews of
observational studies: A GRADE concept paper. Environ Int.
2021;157:Article 106868.

Fan M, Sun D, Zhou T, Heianza Y, Lv ], Li L, Qi L. Sleep
patterns, genetic susceptibility, and incident cardiovascular
disease: A prospective study of 385292 UK biobank
participants. Eur Heart ]. 2020;41(11):1182-1189.

Tian X, Xue B, Wang B, Lei R, Shan X, Niu J, Luo B. Physical
activity reduces the role of blood cadmium on depression: A
cross-sectional analysis with NHANES data. Environ Pollut.
2022;304:Article 119211.

Bello-Chavolla OY, Bahena-Lopez JP, Antonio-Villa NE,
Vargas-Vazquez A, Gonzdlez-Diaz A, Marquez-Salinas A,
Fermin-Martinez CA, Naveja JJ, Aguilar-Salinas CA.
Predicting mortality due to SARS-CoV-2: A mechanistic
score relating obesity and diabetes to COVID-19 outcomes in
Mexico. J Clin Endocrinol Metab. 2020;105(8):dgaa346.

Cho SH, Huang YT. Mediation analysis with causally ordered
mediators using Cox proportional hazards model. Stat Med.
2019;38(9):1566-1581.

Richmond RC, Anderson EL, Dashti HS, Jones SE, Lane JM,
Strand LB, Brumpton B, Rutter MK, Wood AR, Straif K, et al.
Investigating causal relations between sleep traits and risk of
breast cancer in women: Mendelian randomisation study. BMJ.
2019;365:Article 12327.

Difrancesco S, Lamers E Riese H, Merikangas KR,

Beekman ATE Hemert AM, Schoevers RA, Penninx BWJH.
Sleep, circadian rhythm, and physical activity patterns in
depressive and anxiety disorders: A 2-week ambulatory
assessment study. Depress Anxiety. 2019;36(10):975-986.
Sabia S, Fayosse A, Dumurgier J, van Hees VT, Paquet C,
Sommerlad A, Kiviméki M, Dugravot A, Singh-Manoux A.
Association of sleep duration in middle and old age with
incidence of dementia. Nat Commun. 2021;12(1):2289.
Anderson KN, Catt M, Collerton J, Davies K, von Zglinicki T,
Kirkwood TBL, Jagger C. Assessment of sleep and circadian
rhythm disorders in the very old: The Newcastle 854+ Cohort
Study. Age Ageing. 2014;43(1):57-63.

Wang et al. 2025 | https://doi.org/10.34133/hds.0161

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Tsai SY, Lee PL, Gordon C, Cayanan E, Lee CN. Objective
sleep efficiency but not subjective sleep quality is associated
with longitudinal risk of depression in pregnant women:

A prospective observational cohort study. Int ] Nurs Stud.
2021;120:Article 103966.

Maglione JE, Ancoli-Israel S, Peters KW, Paudel ML, Yaffe K,
Ensrud KE, Stone KL, Study of Osteoporotic Fractures
Research Group. Subjective and objective sleep disturbance
and longitudinal risk of depression in a cohort of older
women. Sleep. 2014;37(7):1179-1187.

Aziz M, Ali SS, Das S, Younus A, Malik R, Latif MA,
Humayun C, Anugula D, Abbas G, Salami J, et al. Association
of subjective and objective sleep duration as well as

sleep quality with non-invasive markers of sub-clinical
cardiovascular disease (CVD): A systematic review.

J Atheroscler Thromb. 2017;24(3):208-226.

Emary PC, Corcoran KL, Coleman BC, Brown AL, Ciraco C,
DiDonato J, Wang L, Couban RJ, Sud A, Busse JW. The impact
of chiropractic care on prescription opioid use for non-cancer
spine pain: Protocol for a systematic review and meta-analysis.
Syst Rev. 2024;13(1):232.

Lauderdale DS, Knutson KL, Yan LL, Liu K, Rathouz PJ. Self-
reported and measured sleep duration: How similar are they?
Epidemiology. 2008;19(6):838-845.

Hu Z, Zhang H, Hu K, Song X. Associations between sleep
duration, lung function, FeNO and blood eosinophils among
current asthmatics (NHANES 2007-12). ] Breath Res.
2021;15(2):Article 026008.

Kim JS, Dashti HS, Huang T, Cade BE, Podolanczuk AJ,
O’Hearn DJ, Hoffman EA, Wang H, Blaikley J, Barr RG, et al.
Associations of sleep duration and sleep-wake rhythm with
lung parenchymal abnormalities on computed tomography:
The MESA study. J Sleep Res. 2022;31(2):Article e13475.
Lameire N, Van Biesen W, Vanholder R. Acute renal failure.
Lancet. 2005;365(9457):417-430.

Irwin MR. Why sleep is important for health: A
psychoneuroimmunology perspective. Annu Rev Psychol.
2015;66:143-172.

Liu M, Zhu H, Tang J, Chen H, Chen C, Luo J, Chen W.
Overview of a sleep monitoring protocol for a large natural
population. Phenomics. 2023;3(4):1-18.

Tubbs AS, Gallagher R, Perlis ML, Hale L, Branas C,

Barrett M, Gehrels JA, Alfonso-Miller P, Grandner MA.
Relationship between insomnia and depression in a
community sample depends on habitual sleep duration. Sleep
Biol Rhythms. 2020;18(2):143-153.

Lépez-Otin C, Kroemer G. Hallmarks of health. Cell.
2021;184(1):33-63.

Bass J, Lazar MA. Circadian time signatures of fitness and
disease. Science. 2016;354(6315):994-999.

Allada R, Bass J. Circadian mechanisms in medicine. N Engl |
Med. 2021;384(6):550-561.

Wilkinson MJ, Manoogian ENC, Zadourian A, Lo H,
Fakhouri S, Shoghi A, Wang X, Fleischer JG, Navlakha S,
Panda S, et al. Ten-hour time-restricted eating reduces
weight, blood pressure, and atherogenic lipids in patients with
metabolic syndrome. Cell Metab. 2020;31(1):92-104.e5.

Tsai SY, Lee WT, Lee CC, Jeng SE Weng WC. Behavioral-
educational sleep interventions for pediatric epilepsy: A
randomized controlled trial. Sleep. 2020;43(1):zsz211.
Leypunskiy E, Kiciman E, Shah M, Walch OJ, Rzhetsky A,
Dinner AR, Rust MJ. Geographically resolved rhythms in

12


https://doi.org/10.34133/hds.0161

Health Data Science

52.

53.

54.

55.

56.

57.

58.

59.

twitter use reveal social pressures on daily activity patterns.
Curr Biol. 2018;28(23):3763-3775.€5.

Lee M, Whitsel E, Avery C, Hughes TM, Griswold ME,

Sedaghat S, Gottesman RE Mosley TH, Heiss G, Lutsey PL.
Variation in population attributable fraction of dementia
associated with potentially modifiable risk factors by race and
ethnicity in the US. JAMA Netw Open. 2022;5(7):Article €2219672.
Borelli WV, Formoso CR, Bieger A, Ferreira PL, Zimmer ER,
Pascoal TA, Chaves MLF, Castilhos RM. Race-related
population attributable fraction of preventable risk factors

of dementia: A Latino population-based study. Alzheimers
Dement. 2023;15(1):Article e12408.

Li§, Liu Z, Joseph P, Hu B, Yin L, Tse LA, Rangarajan S,
Wang C, Wang Y, Islam S, et al. Modifiable risk factors
associated with cardiovascular disease and mortality in China:
A PURE substudy. Eur Heart J. 2022;43(30):2852-2863.
Global Cardiovascular Risk Consortium, Magnussen C,
Ojeda FM, Leong DP, Alegre-Diaz J, Amouyel P,

Aviles-Santa L, De Bacquer D, Ballantyne CM,

Bernabé-Ortiz A, et al. Global effect of modifiable risk factors
on cardiovascular disease and mortality. N Engl ] Med.
2023;389(14):1273-1285.

Payami H, Cohen G, Murchison CF, Sampson TR,

Standaert DG, Wallen ZD. Population fraction of Parkinson’s
disease attributable to preventable risk factors. NPJ Parkinsons
Dis. 2023;9(1):159.

Rajaobelina K, Dow C, Romana Mancini E, Dartois L,
Boutron-Ruault MC, Balkau B, Bonnet F, Fagherazzi G.
Population attributable fractions of the main type 2 diabetes
mellitus risk factors in women: Findings from the French E3N
cohort. J Diabetes. 2019;11(3):242-253.

Mehta N, Stenholm S, Minnisto S, Jousilahti P, Elo I. Excess
body weight, cigarette smoking, and type II diabetes incidence in
the national FINRISK studies. Ann Epidemiol. 2020;42:12-18.
Christenson SA, Smith BM, Bafadhel M, Putcha N. Chronic
obstructive pulmonary disease. Lancet. 2022;399(10342):
2227-2242.

Wang et al. 2025 | https://doi.org/10.34133/hds.0161

60.

61.

62.

63.

64.

65.

66.

67.

68.

David B, Bafadhel M, Koenderman L, De Soyza A.
Eosinophilic inflammation in COPD: From an inflammatory
marker to a treatable trait. Thorax. 2021;76(2):188-195.

Hsu CY, Ordofiez JD, Chertow GM, Fan D, McCulloch CE,
Go AS. The risk of acute renal failure in patients with chronic
kidney disease. Kidney Int. 2008;74(1):101-107.

Reinke H, Asher G. Circadian clock control of liver metabolic
functions. Gastroenterology. 2016;150(3):574-580.

GBD Chronic Respiratory Disease Collaborators. Prevalence
and attributable health burden of chronic respiratory diseases,
1990-2017: A systematic analysis for the Global Burden of
Disease Study 2017. Lancet Respir Med. 2020;8(6):585-596.
Sun P, Ming X, Song T, Chen Y, Yang X, Sun Z, Zheng X,
Tong L, Ma Z, Wan Z. Global burden of chronic kidney disease
in adolescents and young adults, 1990-2019: A systematic
analysis for the Global Burden of Disease Study 2019. Front
Endocrinol. 2024;15:1389342.

Jiang S, Yu T, Di D, Wang Y, Li W. Worldwide burden

and trends of diabetes among people aged 70 years and
older, 1990-2019: A systematic analysis for the Global
Burden of Disease Study 2019. Diabetes Metab Res Rev.
2024;40(3):Article e3745.

Kieling C, Buchweitz C, Caye A, Silvani ], Ameis SH,
Brunoni AR, Cost KT, Courtney DB, Georgiades K,
Merikangas KR, et al. Worldwide prevalence and disability
from mental disorders across childhood and adolescence:
Evidence from the Global Burden of Disease Study. JAMA
Psychiatry. 2024;81(4):347-356.

Fry A, Littlejohns TJ, Sudlow C, Doherty N, Adamska L,
Sprosen T, Collins R, Allen NE. Comparison of
sociodemographic and health-related characteristics of UK
Biobank participants with those of the general population.
Am ] Epidemiol. 2017;186(9):1026-1034.

Strain T, Wijndaele K, Dempsey PC, Sharp SJ, Pearce M,

Jeon J, Lindsay T, Wareham N, Brage S. Wearable-device-
measured physical activity and future health risk. Nat Med.
2020;26(9):1385-1391.

13


https://doi.org/10.34133/hds.0161

	Phenome-wide Analysis of Diseases in Relation to Objectively Measured Sleep Traits and Comparison with Subjective Sleep Traits in 88,461 Adults
	Introduction
	Methods
	Phenome-wide analysis of objective sleep traits and diseases
	Study population
	Measurement of sleep traits
	Measurement of covariates
	Follow-up of diseases
	Statistical analysis

	Comparison with studies of subjective sleep measurement
	Target of comparison: Literature search of subjective sleep traits and diseases
	Identification of false disease associations: Reanalysis with subjective sleep traits in UKB participants
	Validation of neglected disease associations: Independent replication analysis

	Role of the funding source

	Results
	General characteristics and sleep traits of the participants
	Phenome-wide association analysis of diseases related to sleep traits
	Identification of false disease associations
	Comparison to published meta-analyses based on subjective sleep
	Reanalysis of the negative trait–disease associations that were positive in previous meta-analyses

	Validation of neglected disease associations
	Comparison to literature search of original studies using subjective sleep
	Replications in an independent population
	Mediation analysis


	Discussion
	Conclusion
	Ethical Approval
	Acknowledgments
	Data Availability
	Supplementary Materials
	References


