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Abstract

Background Time-use estimates are typically used to describe 24-hour movement behaviours. However, these
behaviours can additionally be characterised by other easily measured metrics. These include sleep quality (e.g., sleep
efficiency), 24-hour rest-activity rhythmicity (e.g., between-day rhythm variability), and directly measured acceleration
metrics (e.g., intensity gradient). Associations between these characteristics and youth mental health are unclear. This
study aimed to [1] compare 24-hour movement behaviour characteristics by sex and age groups, [2] determine which
movement behaviour characteristics were most strongly associated with mental health outcomes, and [3] investigate
the optimal time-use behaviour compositions for different mental health outcomes.

Methods Three-hundred-and-one children and adolescents (age 9-13 y; 60% girls) wore accelerometers for
24-hours/day over 7-days. Overall mental health, externalising, and internalising problems were self-reported using
the Strengths and Difficulties Questionnaire. 24-hour movement behaviour characteristics were categorised as time-
use estimates, sleep quality, 24-hour activity rhythmicity, and directly measured acceleration. Linear mixed models
and compositional data analysis were used to analyse the data in alignment with the study aims.

Results Time-use estimates, directly measured accelerations, and 24-hour rest-activity rhythm metrics indicated that
children were significantly more physically active (p=.01-<0.001) than adolescents. Children were also less sedentary
(p<.01), slept longer (p=.02-0.01), and had lower sleep efficiency. Boys were significantly more active than girls
(p<.001) who in turn accrued more time in sleep (p=.02). The timing of peak activity was significantly later among
adolescents (p=.047). Overall mental health and externalising problems were significantly associated with sleep,
sedentary time, sleep efficiency, amplitude, and inter-daily stability (p=.04-0.01). The optimal time-use compositions
were specific to overall mental health and externalising problems and were characterised by more sleep, light and
vigorous physical activity, and less sedentary time and moderate physical activity than the sample’s mean time-use
composition.

Conclusions Extracting and examining multiple movement behaviour characteristics from 24-hour accelerometer

data can provide a more rounded picture of the interplay between different elements of movement behaviours and
their relationships with mental health than single characteristics alone, such as time-use estimates. Applying multiple
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movement behaviour characteristics to the translation of research findings may enhance the impact of the data for

research users.

Keywords Time-use, Sleep quality, Circadian, Rest-activity rhythm, Directly measured acceleration, Youth,

Compositional analysis, Optimal, Goldilocks Day

Background

The paradigm of 24-hour movement behaviours rec-
ognises the inter-related influences that sleep, seden-
tary time (ST), and physical activity have on health and
wellbeing. This approach is now well established and is
reflected in the growth of national guidelines for children
and adolescents (youth) that focus on 24-hour move-
ment behaviours [1-4]. Further, advances in accelerom-
etry-based measurement methods have corresponded
with the increased number of studies reporting sleep,
sedentary behaviours, and physical activity in combina-
tion [5-7]. Among youth, empirical and review studies
of 24-hour movement behaviours show that achieving at
least one of the movement behaviour recommendations
is favourably associated with better weight status, dietary
patterns, and physical, cardiometabolic, and mental
health, with more favourable health outcomes associ-
ated with meeting more than one movement behaviour
recommendation [8—11]. Despite these positive relation-
ships, the most contemporary international prevalence
review concluded that only 7% of youth achieve all three
24-hour movement guidelines [5].

Recently, recommendations for analytical approaches
to assess associations with accelerometer-determined
24-hour movement behaviours have been made [12].
One such approach is compositional data analysis, which
allows co-dependent time-use estimates of 24-hour
movement behaviours to be analysed as movement
behaviour compositions in relation to health outcomes
[13]. In youth, cross-sectional and longitudinal associa-
tions have been reported between 24-hour movement
behaviour compositional time-use and adiposity [14],
fitness [14], skeletal health [15], cognitive function [16],
mental health [16], and psychosocial outcomes [17].
Moreover, it was recently shown that the optimal time-
use compositions for favourable physical health and
mental health outcomes had relatively higher moderate-
to-vigorous physical activity (MVPA) and sleep (and
relatively less ST), respectively [18]. Conversely, ST and
screen time were generally most strongly associated with
unfavourable outcomes (e.g., internalising mental health
problems, such as depression), but also positively related
to cognitive health [18]. Thus, 24-hour movement behav-
iour compositions differentially relate to health, depend-
ing on the outcomes of interest.

In addition to time-use estimates, 24-hour move-
ment behaviours can be characterised by other accel-
erometry-derived metrics. These include indicators

of sleep quality [19], elements of circadian or 24-hour
rest-activity rhythms [20], and directly measured move-
ment behaviour raw acceleration metrics [21]. Sleep
onset, efficiency, and regularity are example indicators
of sleep quality which may be related to depression [22]
and externalising mental health manifestations, such as
attention-deficit problems among youth [23]. 24-hour
rest-activity rhythms can be summarised by a cyclical
diurnal pattern consisting of periods of resting (usu-
ally sleep), increased morning activity, relatively higher
waking activity during the day, and decreased activity as
the next nocturnal sleep period approaches [20]. Vari-
ous parametric and non-parametric approaches have
been derived from accelerometer data to characterise
24-hour rhythmicity (e.g., regularity of rest-activity cycles
through consistent sleep and wake-up times) [20]. How-
ever, 24-hour rest-activity rhythms have seldom been
studied in relation to youth mental health. One recent
representative Dutch study found that higher intra-daily
variability (i.e., increased rest-activity rhythm fragmenta-
tion, for example, nocturnal waking and day time sleep)
was positively associated with internalising and exter-
nalising mental health problems in 10-11 year olds but
not 13—14 year old peers [24]. This line of investigation
may offer important insights to understanding relation-
ships between 24-hour movement behaviours and mental
health in youth, particularly as 24-hour activity rhythms
undergo significant change in early adolescence, when a
circadian phase delay is commonly observed [25].
Directly measured raw acceleration metrics can pro-
vide a picture of individuals’ 24-hour movement behav-
iour profiles beyond time estimated in sleep, sedentary
behaviours, and physical activity [12]. This is important
because how people accumulate their movement behav-
iours (i.e., their behaviour patterning) can influence
health outcomes differently [26]. Thus, data-driven accel-
erometer metrics that use all available data (unlike for
example, cut-point approaches that condense the activity
intensity continuum into a limited number of broad cat-
egories to produce time-use estimates) can enhance our
understanding of movement behaviour patterns and how
they relate to different health outcomes. Expressing sum-
mary acceleration values as the daily volume and inten-
sity distribution of movement behaviours can be studied
using two directly measured raw acceleration metrics:
the average acceleration (indicative of volume) and the
intensity gradient (indicative of intensity distribution)
[27]. These metrics have utility in describing movement
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behaviour volume and intensity profiles and their respec-
tive associations with health outcomes [21]. For example,
health-related quality of life has been shown to be inde-
pendently associated with average acceleration in youth,
whereas intensity gradient was independently associated
with adiposity and fitness [28].

Little is known about which 24-hour movement behav-
iour characteristics most strongly associate with youth
mental health when the characteristics are considered
collectively. Moreover, studying such characteristics
together using contemporary accelerometer methods
may further enhance our understanding of the interplay
between the different characteristics and mental health
outcomes. The aims of this study were to [1] compare
24-hour movement behaviour characteristics by sex and
age groups in a sample of children and adolescents liv-
ing in England, [2] determine which movement behav-
iour characteristics were most strongly associated with
mental health outcomes, and [3] investigate the optimal
time-use behaviour compositions for different mental
health outcomes. The focus on mental health outcomes
and optimal time-use compositions aligns the study to
the Framework for Viable Integrative Research in Time-
Use Epidemiology [29].

Methods

Participants

Participants were recruited from primary and secondary
schools across two studies in the West Lancashire region
of northwest England. The first study examined asso-
ciations between 24-hour movement behaviours, mental
health, and cognitive function. It took place in autumn
2019-20 and involved 382 participants aged 9-10 and
12-13 years. The second study was a school-based inter-
vention feasibility trial, which occurred in autumn 2022
involving 108 participants aged 9-10 years. Participants
in both studies provided written informed parental con-
sent following approval from the Edge Hill University
Research Ethics Committee (#SPA-REC-2018-007 and
#ETH2122-0062) and data were pooled for the current
analyses.

Anthropometric and demographic measures

Body mass and height were measured to the nearest
0.1 kg and 0.1 cm, respectively following standard pro-
cedures [30]. Body mass index (BMI) and BMI z-scores
(BMIz) were calculated for each participant [31] and
international age- and sex-specific BMI cut-points
applied to determine weight status [32]. For all mea-
surements, participants wore light clothing with shoes
removed. Participants’ dates of birth, home post codes,
and ethnicity were obtained from the schools” informa-
tion management systems. Decimal age and 2019 Eng-
lish Indices of Multiple Deprivation (EIMD) scores [33]
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were calculated using data collection dates and home
post codes, respectively. EIMD scores provide an area-
level relative measure of deprivation based on income,
employment, education, health, crime, housing, and
living environment. Area-level socioeconomic status
(SES) was represented by the EIMD decile score for each
participant.

Mental health

Mental health was measured in classrooms using the
Strengths and Difficulties Questionnaire (SDQ) [34].
All participants completed the SDQ, which includes
five subscales related to perceived emotional problems,
behavioural problems, hyperactivity, peer relationship
problems, and prosocial behaviour in the last six months.
Each subscale consists of five items which are scored on
a 3-point scale ranging from 0 (‘not true’) to 2 (‘certainly
true’). Scores for each subscale are computed by sum-
ming their respective items and range from 0 to 10. A
total difficulties score reflective of overall mental health
can also be computed by summing the four mental health
problems subscales, ranging from 0 to 40, with higher
scores reflecting increased mental health problems. Pro-
social behaviour is not included within the total diffi-
culties score as it is the positive mental health subscale
on the SDQ. When the SDQ is used with community
samples it is recommended that the broad constructs of
internalising problems (emotional problems and peer
relationships), externalising problems (behavioural prob-
lems and hyperactivity), and overall mental health are
reported [35]. Computed scores for each of the five sub-
scales and the total difficulties scale can be classified on a
four-band categorization: close to average, slightly raised,
high, and very high [36]. Support for the scale’s construct
validity has been demonstrated through correlations
between scores and clinical diagnoses of relevant mental
health disorders [34]. Internal consistency of the SDQ for
internalising problems, externalising problems, and over-
all mental health was Cronbach’s a=0.56, 0.68, and 0.75,
respectively.

Assessment of 24-hour movement behaviours

Participants were asked to wear ActiGraph GT9X tri-
axial accelerometers on their non-dominant wrist for
24-hours per day over 7 consecutive days. The devices
were initialised to record at 100 Hz and the subsequent
data were downloaded using ActiLife (versions 6.13.4).
The raw data files (gt3x format) were processed in R
using package GGIR version 2.8-2 [37]. Signal process-
ing included autocalibration using local gravity as a
reference [38], detection of implausible values, and iden-
tification of non-wear. Non-wear was imputed by default
in GGIR whereby invalid data were imputed by the aver-
age at similar time points on other days of the week [39].
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The raw triaxial accelerometer signals were converted to
one summary measure of acceleration (Euclidean Norm
Minus-One; ENMO) expressed in milligravitational units
(mg) [39]. ENMO values were reduced to 5-s epochs
and averaged over each of the 7 monitored days to rep-
resent average acceleration. Participants’ accelerom-
eter data were included in the analytical sample if valid
wear was recorded for 24-h.d™! (i.e, GGIR output vari-
able complete_24hcycle=1.0) on at least three weekdays
and one weekend day, and if post-calibration error was
<10 mg. All 24-hour movement behaviour character-
istic outcomes were calculated in GGIR as the average
weighted week (i.e., 5:2 ratio).

24-hour movement behaviour characteristics
Time-use estimates. Youth-specific non-dominant wrist
ENMO cut-points of 48 mg [40], 201 mg, and 707 mg [41]
defined the estimated upper threshold of ST and lower
threshold of light physical activity (LPA), moderate physi-
cal activity (MPA), and vigorous physical activity (VPA),
respectively. Sleep duration was estimated using a polysom-
nography-validated accelerometer algorithm based on the
distribution of change in the z-angle (i.e., corresponding to
the axis positioned perpendicular to the skin surface) [19].
Sleep quality. A range of GGIR-derived metrics were
used to represent sleep quality. These were sleep effi-
ciency (percentage of time in bed spent asleep), time of
sleep onset, and mean number of awakenings per night.
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24-hour rest-activity rhythms. We used a combination
of parametric and non-parametric metrics to describe
24-hour rest-activity rhythms. Extended cosine paramet-
ric methods are inverse-logit transformations of the stan-
dard cosine curve which tend to provide a better model
fit than the simple cosinor algorithm [20]. Extended
cosinor model metrics were calculated in GGIR through
the dependent package ActCr [42] and expressed as log
mg+1. Figure 1 provides a visual example of the cosinor
model and Table 1 presents descriptions of the 24-hour
rest-activity rhythm metrics used in this study. The
extended cosine metrics of interest were mesor (mean
activity level), amplitude (difference between the mini-
mum and maximum activity), and acrophase (timing of
the rhythm peak) [43]. Non-parametric metrics were
inter-daily stability (IS; consistency of the 24-hour rest-
activity rhythm between days; range 0-1), intra-daily
variability (IV; within-day fragmentation of the 24-hour
rest-activity rhythm; range 0-2), mean activity level
(in mg) during the most active 10-hours of the 24-hour
period (M10), and mean activity level (in mg) during the
least active 5-hours of the 24-hour period (L5).

Directly measured raw acceleration metrics. Activity
volume was expressed as the mean average acceleration
over 24-hours, and activity intensity distribution was rep-
resented by the intensity gradient metric [21]. Intensity
gradient is based on the relationship between log values
for intensity (i.e., incremental intensity bins, 0-25 mg,
25-50 mg, etc.) and time (i.e., accumulated time in each

24-hour period

< =
A A
Amplitude
g Mesor
2
=
3]
<
\ 4
Acrophase
S e | 1 ¥ | i

06 12 18 24

06 12 18

Time (24-hour clock)

Fig. 1 Description of the extended cosinor model and associated 24-hour rest-activity rhythm metrics
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Table 1 Descriptions of the 24-hour rest-activity rhythm metrics used in this study

Metric Description Explanation
Mesor (Midline  Mean level of activity over the 24-hour A person with a higher mesor has recorded more average activity across the 24-hour
estimating period period than someone with a lower mesor
statistic of
rhythm)
Amplitude Difference between the peak activity level A person with a higher amplitude has recorded more overall maximum activity relative
and minimum activity level to their minimum activity and has higher overall rhythmicity (more rhythmic changes)
than someone with a lower amplitude
Acrophase Timing of peak activity in the 24-hour A person’s peak activity occurs later in the 24-hour period when acrophase is at a later
period time than someone with an earlier acrophase. Later acrophase may reflect a more
delayed activity phase in the 24-hour period.
Inter-daily Day-to-day variability of the 24-hour rest- A person with consistent daily rest-activity rhythms over consecutive days has a higher
stability (IS) activity rhythm IS than someone with a weaker adherence to the circadian rhythm between days.
Intra-daily vari- ~ Within-day fragmentation of the 24-hour A person with a lower IV has a relatively stronger rest-activity rhythm (e.g., better sleep
ability (IV) rest-activity rhythm and transitions be- efficiency, lower fragmentation of rest-activity rhythms) than someone with higher IV.
tween rest and activity
M10 Mean activity level during the most active A person with a higher M10 would average more activity during waking hours than
10-hours of the 24-hour period someone with a lower M10 value.
L5 Mean activity level during the least active A person with a lower L5 would average less activity during resting (usually nocturnal)

5-hours of the 24-hour period

hours than someone with a higher L5 value. A higher L5 is reflective of less restful sleep.

intensity bin), and is always negative, reflecting less time
being accumulated in increasing intensity bins [21].

Data analysis

For aim 1, sex and age-group comparisons of 24-hour move-
ment behaviour characteristics were assessed using linear
mixed models. Age groups were defined as children (age
9-10 years) and adolescents (age 12—13 years). All models
accounted for school-level clustering and were adjusted for
SES. Analyses of time-use estimates and directly measured
raw acceleration metrics were additionally adjusted for
BMIz.

For aim 2, associations between mental health out-
comes and the five movement behaviour time-use
estimates were analysed using ‘one-for-remaining’ com-
positional data analysis using the R package composi-
tions (v. 1.40-5) [44]. Five-part time-use compositions
were expressed as five specific sets of four isometric
log-ratios (ILRs) [45], which were used in multivariate
linear regression models. Overall mental health, inter-
nalising problems, and externalising problems were the
dependent variables, and the composition ILRs were the
explanatory variables. Each set of ILRs contained one
ILR1 (i.e., the first pivot coordinate), which captured the
time in one time-use movement behaviour relative to
all the remaining behaviours (i.e., the geometric mean
of the remaining behaviours), ensuring that each of the
five behaviours were considered against all the remain-
ing ones. The models accounted for school-level cluster-
ing and were adjusted for sex, age, SES, and BMIz, which
are established influences on movement behaviours [16,
46). If the ANOVA table of the model fit showed that the
set of movement behaviour ILRs was significantly associ-
ated with the mental health outcomes, follow-up analyses

were performed. These examined the relationship of each
movement behaviour (relative to all other movement
behaviours) with the mental health outcomes [13]. Men-
tal health associations with the other 24-hour movement
behaviour characteristics (sleep quality, 24-hour rest-
activity rhythms, and directly measured raw acceleration
metrics) were determined using linear mixed models. All
association analyses accounted for school-level clustering
and were adjusted for sex, SES, and age (directly mea-
sured raw acceleration metrics were additionally adjusted
for BMIz).

The analysis for aim 3 used the methods described
by Dumuid and colleagues [18] to determine optimal
time-use compositions for the mental health outcomes
that were significantly associated with the time-use
compositions generated for aim 2. Briefly, predictive
compositions were generated to represent every pos-
sible 10-minute combination of movement behaviours
recorded by the participants. The time-use limits of these
predicted compositions were truncated at £3 SD. The
resultant time-use ranges used for the predicted compo-
sitions (min-day ') were sleep=306-631, ST =172-900,
LPA=132-647, MPA=9-134, and VPA=0-33. Linear
regression models adjusted for sex, age, SES, and BMIz
were used to estimate the mental health outcome for
each predictive composition. The optimal time-use com-
position for each mental health outcome was the compo-
sitional mean of the ‘optimal time-use zone, which was
defined as the compositions associated with the most
favourable 5% of the outcome (i.e., at or above the 95%
percentile) [18]. Analyses for aims 1-3 were performed
with the compositions (v. 1.40-5) [44], ImerTest (v. 3.1-
3) [47], and car (v. 3.0-12) [48] R packages, and model
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diagnostics were undertaken using the performance
package (version 0.9.0) [49].

Results
Written informed consent was provided for 490 par-
ticipants, with 23 absent from school on the day of data
collection. Of the remaining 467 participants who wore
the accelerometers, 120 did not average 24-h-d"! of valid
wear. From the remaining 347 participants, 46 did not
have 24-h-d™! valid wear for at least 3 weekdays and 1
weekday and were removed, leaving an analytical sam-
ple of n=301. No significant differences were observed
between the included and excluded participants for BMIz
(p=.87), project (p=.14), and sex (p=.51). Excluded par-
ticipants were older than included peers (11.711.7 y vs.
10.741.3 y, p<.001), and were more likely to be from
lower SES households (i.e., EIMD deciles 1-3=29.20% vs.
11.4%; EIMD deciles 4—7=33.3% vs. 30.2%; p<.001).
Participants’ descriptive characteristics are presented
in Table 2. Both the child and adolescent groups included
a lower proportion of boys (40.5% and 38.8%) than girls
(59.5% and 61.2%). Relatively more children (30.4%) than
adolescents (23.5%) were classified as overweight/obese,
and 93.5% of all participants were of White British eth-
nicity. Scores on the Strengths and Difficulties Question-
naire were higher in children compared to adolescents
for overall mental health, externalising problems, and
internalising problems. The mean values for overall
mental health were in the ‘close to average’ categorisa-
tion [50], suggesting low risk of clinically relevant mental
health problems in the sample.
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Aim 1

Adjusted means for the 24-hour movement behav-
iour characteristics are described in Table 3. Children
engaged in significantly more sleep, MPA, and VPA than
adolescents (p=.02 to p=.01), who spent more time
being sedentary (p=.01). Girls slept longer than boys
(p=.02) who did more MPA and VPA (p<.001). Sleep
efficiency was highest among adolescents (p=.001) who
had fewer awakenings and later sleep onset than children.
Of the 24-hour rest-activity rhythm characteristics, chil-
dren recorded higher mesor (mean activity) (p=.01) and
M10 (mean activity during the most active 10 h) values
than adolescents (p=.01), who had significantly later tim-
ing of peak activity (acrophase) (p=.047). Boys recorded
higher amplitude (difference between peak and minimum
activity) (p<.001) and M10 values than girls (p<.001).
For directly measured acceleration metrics, average
acceleration (p=.02) and intensity gradient were higher
in children compared to adolescents (p=.01), and in boys
compared to girls (p<.001).

Aim 2
Model results for all aim 2 analyses are presented in
Additional file 1.

Time-use estimates. The geometric means and varia-
tion matrix for the average time-use composition are
presented in Additional file 2. The average time-use com-
position was significantly associated with overall mental
health (p=.049) and externalising problems (p=.03) but
not internalising problems. ST was positively associ-
ated with overall mental health (p=4.7, 95%CI=1.4, 8.0,
p=.01) and externalising problems (p=2.6, 95%CI=0.6,
4.6, p=.01), while these outcomes were negatively

Table 2 Descriptive characteristics of the sample (Mean (SD) or percentage)

All participants Children Adolescents
Boysn=120 Girlsn=181 Alln=301 Boysn=75 Girlsn=110 Alln=185 Boysn=45 Girlsn=71 Alln=116
Age (years) 11.0(1.6) 11.1.(1.7) 11.1(1.6)  99(04) 9.8 (04) 9.8(04) 13.0(0.3) 13.1(0.3) 13.1(0.3)
Height (cm) 1474 (11.8)  146.0(128) 1465(124) 1404 (73) 1385(8.1) 1393 (7.8) 1590(82) 1574(9.8) 1465(124)
Weight (kg) 41.5(12.0) 42.1(133) 41.8(12.8) 362(9.2) 359(9.6) 36.0094) 504(11.1) 516026) 51.1(120)
BMI (kg-m?) 187 (34) 194 (39 19137 181332 185(34) 183(34) 198(34) 207 (42) 20439
BMIz 0.62 (1.24) 046 (1.21) 048(1.22) 054(1.32) 048(1.21) 0.50(1.25) 048(1.09) 044(1.22) 046(1.17)
Weight status
Healthy weight (%) 74.2 71. 723 733 67.0 69.6 75.6 77.1 76.5
Overweight/obese (%) 25.8 289 27.7 26.7 33.0 304 24.4 229 235
EIMD decile 6.6 (2.8) 6.7 (3.0) 6.7 (29) 6.6 (3.0) 6.7 (32) 6.6 (3.1) 6.5(25) 6.8(2.7) 6.7 (26)
Ethnicity
White British (%) 94.2 94.5 94.4 96.0 91.7 93.5 91.1 98.6 95.7
Other (%) 58 54 56 4.0 83 6.5 89 14 43
SDQ responses
Total difficulties 11.5(6.2) 10.7 (5.6) 11.1(5.8) 12.3(6.2) 10.9 (5.6) 11539 10.16.1) 10.5 (5.6) 10.3 (5.8)
Externalising problems 6.2 (3.6) 51(33) 56 (3.5) 6.8(3.5) 53032 59(34) 54(3.6) 50(34) 5135
Internalising problems 5.3 (3.7) 56(34) 55(@3.5) 56(3.7) 56(3.5) 56(3.6) 4.8 (3.6) 55(3.3) 52(34)

Note. BMI=body mass index; BMIz=body mass index z-score; EIMD=English Indices of Multiple Deprivation; SDQ=Strengths and Difficulties Questionnaire
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Table 3 Sex and age-group comparisons of 24-hour movement behaviour characteristics (adjusted means and 95% Cl)
All participants Children Adolescents
Boys Girls Boys Girls All Boys Girls All
Time-use estimates
Sleep (min-d™") 4505 463.5*% 465.9 486.4 476.2%** 4350 440.6 437.8
(442.1,4588) (456.8,470.3) (455.7,476.2) (477.9,4949) (469.5,482.8) (421.7,4482) (430.1,451.2) (4294, 44623)
ST (min-d™") 569.2 566.1 5128 514.0 5134 619.5 624.5 622.0%*
(532.1,606.3) (528.3,603.9)  (482.4,543.2) (485.5,5424) (486.4,5404) (550.0,6889) (555.8,6932) (554.1,689.9)
LPA (min-d™") 2836 286.0 305.8 303.8 304.8 2614 268.2 264.8
(2504,316.7) (253.2,3188)  (2804,331.1) (279.6,327.9) (2814,3282)  (200.0,322.8) (207.1,329.2) (204.2,325.3)
MPA (min-d”")  60.6%** 489 674 555 61.4% 538 424 48.1
(54.7,66.5)  (43.3,54.6) (62.0,72.8) (50.7,60.4) (57.1,65.8) (43.12,644)  (32.0,528) (37.9,583)
VPA (min-d~") 10.5%** 6.5 129 8.8 10.9%* 8.1 43 6.2
(9.1,12.0) (5.1,7.9) (11.5,14.3) (7.6,10.0) (9.8,11.9) (5.6,10.7) (1.7,6.8) (3.6,88)
Sleep quality
Sleep efficiency 87 88 86 87 86 88 88 88**
(%) (86,87) (87,88) (85,87) (86, 88) (86,87) (86, 89) (97,89) (87,89)
Night 20.5 20.0 212 210 21.1 19.9 19.0 194
awakenings (19.6,214) (18.3,21.7) (20.3,22.0) (20.3,21.8) (20.5,21.7) (17.9,21.9) (4.7,33.3) (-250.0, 289.0)
Sleep onset time 2242 22.37 21.66 21.74 21.70 23.2 230 23.09
(decimal hours) (22.06,22.78) (21.79,2294)  (21.35,2196) (2147,2201) (21.45,21.95) (22.4,24.0) (205, 25.5) (10.36,35.82)
24-h rest-activity
rhythms
Mesor (log 2.31 2.31 2.50 247 2.49%* 212 2.16 214
mg+1) (2.18,2.44) (2.19,2.44) (2.40,2.61) (237,2.57) (2.39,2.58) (1.89,2.36) (1.93,2.39) (1.91,2.37)
Amplitude 2.78*** 235 283 238 261 273 233 253
(logmg+1) (2.61,2.95) (2.19,252) (2.65,3.01) (2.23,2.54) (2.48,2.74) (2.42,3.03) (2.00, 2.65) (2.17,2.88)
Acrophase time  14.55 14.58 14.28 14.38 14.33 14.81 14.78 14.79*
(decimal hours) (1431,14.78) (1435,1481)  (14.09,14.48) (14.20,1546) (14.16,14.50) (14.38,1524)  (14.35,1521) (14.37,15.22)
IS 0.54 0.52 0.52 0.52 0.52 0.56 0.52 0.54
(0.47,0.60) (0.46,0.58) (0.47,0.57) (0.47,0.56) (0.47,0.56) (0.44,0.68) (0.41,0.64) (0.42,0.66)
% 0.77 0.81 0.80 0.82 0.81 0.75 0.81 0.78
(0.70,0.85) (0.74,0.89) (0.74,0.86) (0.76,0.87) (0.75,0.86) (0.61,0.89) (0.68,0.95) (0.64,0.92)
L5 (mg) 5.1 5.1 64 64 6.4 338 39 39
(24,78) (25,7.8) (45,83) (45,82) (45,82) (-1.3,88) (-1.1,9.0) (-1.2,89)
M10 (mg) 85.0*** 713 92.8 80.6 86.7* 773 62.0 69.6
(78.6,91.5) (650,776 (86.7,98.9) (75.2,86.0) (81.9,91.5) (504, 65.6) (504,73.5) (58.2,81.0)
Directly measured
acceleration
AvAcc (mg) 44.9%*%* 395 49.0 439 46.5* 40.7 35.1 37.9
(41.1,48.6) (359,43.1) (45.8,52.3) (41.0,46.9) (43.8,49.2) (33.9,47.5) (284,41.7) (31.3,44.5)
Intensity -2.03%** -2.12 -1.96 -2.04 -2.00* -2.09 -2.19 -2.14
gradient (-2.08,-1.97) (-2.17,-2.06) (-201,-192)  (-2.08,-200)  (-2.04,-1.96) (-2.19,-1.99)  (-229,-2.09)  (-2.24,-2.05)

Note. *p<.05, **p <.01, ***p <.001

Analyses adjusted for school-level clustering and SES. BMIz included as an additional covariate for analysis of LPA, MPA, VPA, AvAcc, and IG. ST=sedentary time;
LPA=light physical activity; MPA=moderate physical activity; VPA=vigorous physical activity IS=inter-daily stability; [IV=intra-daily variability; L5=activity level
during the least active 5 h; M10=activity level during the most active 10 h, AvAcc=average acceleration

associated with sleep (overall mental health, B=-6.0,
95%CI=-10.9, -1.1, p=.01; externalising problems, f=3.9,
95%CI=-6.6, -1.2, p=.01). In both models the correlations
between covariates were low (VIF range=1.06—1.56).
Sleep quality. Sleep efficiency was negatively associated
with overall mental health (f=-18.0, 95%CI=-34.9, -1.1,
p=.04) and externalising problems (p=-12.8, 95%ClI=-
22.6, -3.0, p=.01), but no other significant associations
with sleep quality characteristics were observed. As sex
was a significant predictor in the externalising problems

model, sex-stratified analyses were performed. These
revealed a significant negative association for sleep
efficiency among boys (f=-17.0, 95%CI=-32.7, -1.3,
p=.04) but not girls. For these models, VIF ranges were
1.01-1.13.

24-hour rest-activity rhythms. Amplitude was posi-
tively associated with overall mental health (B=1.0,
95%CI=0.02, 2.0, p=.03) and externalising problems
(p=0.7, 95%CI=0.1, 1.3, p=.02). Conversely, there were
negative associations between IS and overall mental




Fairclough et al. Journal of Activity, Sedentary and Sleep Behaviors

health ($=-9.9, 95%CI=-18.3, -1.5, p=.02) and external-
ising problems (f=-6.7, 95%Cl=-11.6, -1.8, p=.009). VIF
ranged from 1.11 to 3.12.

Directly measured acceleration. Neither average accel-
eration or intensity gradient were significantly associated
with overall mental health and externalising problems.
The VIF values ranged from 1.05 to 1.65.

Aim 3

The optimal time-use compositions were different for
overall mental health and for externalising problems. The
radar plots [51] show that for overall mental health the
optimum composition was characterised by relatively
long sleep duration (10 h) and shorter ST (6.5 h) and
LPA (6.9 h), with MPA and VPA totalling 43 min (Fig. 2).
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The best externalising problems scores were associated
with relatively long sleep and ST (9.4 and 9.1 h, respec-
tively), 6 h of LPA, and less than 30 min of MPA and VPA
(Fig. 3). When compared to the sample mean time-use
composition (Additional file 2) the optimal compositions
included longer durations of sleep, LPA, and VPA, and
less ST and MPA.

Discussion

This study compared children’s and adolescents’ 24-hour
movement behaviour characteristics, examined associa-
tions between these characteristics and mental health, and
described the optimal 24-hour time-use behaviour com-
positions for mental health. Children were more physi-
cally active, less sedentary, slept longer, and had lower sleep
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efficiency than adolescents. Based on time-use estimates,
24-hour rest-activity rhythm metrics, and directly mea-
sured accelerations, boys were more active than girls who
in turn accrued more time in sleep. Overall mental health
and externalising problems were significantly associated
with sleep duration, ST, sleep efficiency, amplitude, and IS.
The optimal time-use compositions were specific to the dif-
ferent mental health outcomes and were characterised by
more sleep, LPA, and VPA, and less ST and MPA than the
sample’s mean time-use composition.

Aim 1

Boys and children accumulated significantly more MPA
and VPA, recorded greater activity volume, a higher
intensity profile, and had superior M10 values than girls
and adolescents, respectively, which concurs with earlier

studies [28, 52, 53]. Children also had higher mesor val-
ues than adolescents which indicate higher activity across
the day [20] which are consistent with the age-related
differences in M10 values and average acceleration [53,
54]. This also reflects the additional 109 mineday™ ' of ST
observed in adolescents compared to children, which off-
set the lower levels of sleep and physical activity in the
older group. Such differences in activity have been attrib-
uted to various factors including timing and tempo of
maturation [55], psychosocial reinforcement [56, 57], as
well as changes to the 24-hour rest-activity rhythm [25].
The sex differences in physical activity outcomes were
also reflected by the higher amplitude values for boys,
which represent higher maximum activity and more
robust 24-hour rest-activity rhythmicity [20].
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Sleep duration was significantly longer in girls and chil-
dren compared to boys and adolescents, respectively,
which aligns with other empirical accelerometry studies
[16, 24, 58] and a 2018 meta-analysis of accelerometer-
assessed sleep [59]. A recent narrative review however,
concluded that the direction of sex differences in chil-
dren’s and adolescents’ sleep duration is equivocal and
largely influenced by methodological differences and
participant characteristics [60]. Age-related differences
in sleep are more consistent [59] and reflect the delay in
the 24-hour rest-activity rhythm sleep phase during ado-
lescence (i.e., by later sleep and waking times [24, 25]).
This was observed in our sample, with adolescents’ sleep
onset around 1.4 h later than the children’s, while wak-
ing times on most days were similar to accommodate the
school day starting around 09:00 for both age groups.
Furthermore, adolescents’ acrophase timing was signifi-
cantly later than children’s, indicating later timing of peak
activity, and reflecting a more delayed activity phase fol-
lowing nocturnal sleep [20]. Adolescents had 88% sleep
efficiency which was slightly, yet significantly higher than
the 86% recorded for children. These differences concur
with previous research [24], although both values were
above the >285% sleep efficiency threshold for good sleep
quality recommended by the US National Sleep Founda-
tion so the difference observed may not have clinical rel-
evance [61]. Conversely, sleep durations for both groups
were less than the 540 and 480 min per night minimum
ranges recommended for optimal health in children and
adolescents, respectively [62]. These seemingly contra-
dictory findings highlight the multidimensional nature of
sleep and underscore the utility of using complementary
indicators of sleep quality.

Aim 2

In our sample the unadjusted mental health outcomes
were higher in children than adolescents. This is coun-
ter to typically observed age-related differences in men-
tal health problems among youth [63-65]. As reported
by others [66, 67], it is possible that mental health issues
resulting from the COVID-19 pandemic and lockdown
restrictions in the study 2 children may have continued
and contributed to the higher than anticipated mental
health outcomes in this group. We cannot though spec-
ulate beyond this, and importantly the total difficulties
SDQ scores (i.e., overall mental health) for both children
and adolescents were in the ‘close to average’ range, indi-
cating that the observed differences were not clinically
relevant in either group [36].

The compositional analysis of movement behaviour
time-use estimates revealed that overall mental health
and externalising problems were negatively associated
with sleep and positively associated with ST, relative to
the remaining behaviours. These findings are broadly
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consistent with previous literature although the relation-
ships between mental health and sleep or ST are quite
nuanced. For example, how ST is defined influences the
magnitude of associations, with relatively strong and
consistent evidence observed for screen-based ST [11,
68, 69]. In our study total ST was estimated from low
levels of wrist acceleration (i.e., <48 mg) [40]. Such cut-
point approaches are subject to misclassification of ST
as stationary standing or LPA and vice-versa and provide
no information about type of sedentary behaviours per-
formed (e.g., passive versus active screen time). However,
our accelerometer data were reflective of weekday and
weekend activities and so it is likely that a representative
range of sedentary behaviours, such as TV viewing, gam-
ing, computer and mobile phone use, and studying were
captured. Similarly, associations between sleep duration
and mental health outcomes can be somewhat depen-
dent on exposure and outcome measurement methods
and amount of sleep recorded. For example, in Dutch
children and adolescents, significant associations were
recently observed between self-reported sleep and exter-
nalising problems, internalising problems, and dysregula-
tion profile, but these associations were non-significant
and much smaller based on wrist-accelerometer derived
sleep [24]. Moreover, the beneficial influence of sleep on
mental health may be strongest among youth who have
insufficient sleep, with diminishing returns for those who
have more sleep than is necessary for health [68]. None-
theless, recent reviews have concluded that children and
adolescents who meet sleep guidelines are more likely to
have better mental health outcomes than peers who sleep
less [7, 11]. Interestingly, achieving recommended levels
of sedentary screen time and sleep were also reported
to be more strongly associated with mental health than
meeting physical activity guidelines [11]. This observa-
tion is reflected in our findings whereby LPA, MPA, VPA,
average acceleration, intensity gradient, and M10 metrics
were not significantly associated with any mental health
outcomes, but sleep, ST, sleep quality, and 24-hour rest-
activity rhythm metrics were.

Sleep efficiency was inversely associated with overall
mental health and externalising problems, which is consis-
tent with the associations observed when sleep duration was
the exposure. However, the associations between sleep effi-
ciency and externalising problems were only evident among
boys. This may be partly explained by the 18% difference in
boys” and girls’ externalising problems scores (boys>girls)
which mirror SDQ norms for UK youth [70]. Furthermore,
sleep efficiency is influenced by number of night awak-
enings (in our analysis, p=.06 and p=.05 for associations
with overall mental health and externalising problems,
respectively) which was recently shown to be more strongly
associated with externalising problems in English boys com-
pared to girls in the nationally-representative Millennium
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Cohort Study [71]. These results emphasise the potential
importance of sleep quality for boys reducing the risk of
hyperactivity and conduct problems. Conversely, non-sig-
nificant associations between accelerometer-assessed sleep
efficiency and youth externalising problems were recently
reported in children and adolescents from the Netherlands
[24]. The study authors suggest that assessing sleep out-
comes using self-report methods better captures neuronal
domains of sleep that relate more to mental health prob-
lems, and which may not be captured by accelerometers
[24]. On the other hand, accelerometers reduce much of the
measurement error associated with self-reported behav-
iours and allow relatively accurate estimations of important
sleep quality metrics. Clearly, there is a need for consistent
and valid methodologies to be used to allow meaningful
comparisons of sleep metrics between studies.

24-hour rest-activity rhythm amplitude was positively
associated with overall mental health and externalis-
ing problems. The interpretation is that participants with
greater maximum activity and more robust rest-activity pat-
terns (i.e., higher activity in the day and lower activity during
sleep) were likely to report higher scores for the hyperactiv-
ity and conduct items on the SDQ. This relationship seems
counterintuitive because higher activity and more stable
rest-activity rhythmicity are desirable for health and wellbe-
ing [72]. Moreover, IS is indicative of between-day consis-
tency of the 24-hour rest-activity cycle and was negatively
associated with overall mental health and externalising
problems. This relationship is also in the oppositive direc-
tion to what might be expected, given that poorer synchro-
nisation of rest-activity rhythms to external zeitgebers (i.e.,
environmental cues for the 24-hour clock) is undesirable
for mental health. For example, low IS values may reflect
irregular bedtimes, which have previously been associated
with overall mental health problems [73] and poorer cogni-
tive performance among English children [74]. As the SDQ
scores were not clinically relevant [36] the potential implica-
tions of these results are unclear and warrant further inves-
tigation with a sample providing more heterogenous SDQ
scores.

No significant associations were observed between
internalising problems and any of the 24-hour move-
ment behaviour characteristics. We have previously
reported positive associations between ST and inter-
nalising problems [16] and recent systematic reviews
have shown how meeting guidelines for sleep, sedentary
screen time, and physical activity are associated with
reduced odds of internalising problems, like depres-
sive symptoms, with sleep and screen time potentially
more important in children compared to adolescents [7,
11]. We speculate that the relatively low SDQ scores for
emotional and peer problems may have caused a ceil-
ing effect for the internalising problems construct and
therefore limited the strength of associations with some
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of the 24-hour movement behaviour characteristics. The
lack of observed associations between time-use physical
activity estimates, directly measured acceleration, and
mental health could relate to the nature of device-mea-
sured movement behaviours capturing more activity than
that from self-report measures, which might dispropor-
tionately focus respondents’ perceptions and recall on
discrete episodes of physical activity, such as exercise
and sport, at the expense of incidental activity. Without
domain-specific physical activity information, it is pos-
sible that incidental activity across the intensity spec-
trum could attenuate potential beneficial effects of higher
intensity physical activity (i.e., MPA and VPA) accrued
during structured and unstructured exercise and sports
[75]. Moreover, it not uncommon for accelerometers to
be removed during exercise and sports for safety reasons
[76], which would further mask potential beneficial influ-
ences of MPA and/or VPA on mental health.

Aim 3

The optimal daily compositions of sleep, ST, LPA, MPA,
and VPA for overall mental health and externalising prob-
lems had subtle differences from each other and were char-
acterised by longer sleep, more LPA, and VPA, and less ST
and MPA, relative to the sample mean composition. The
only other published study of optimal daily time-use com-
positions and mental health in youth reported associations
with SDQ emotional problems and depressive symptoms
[18], which were not included in our Aim 3 analysis because
internalising problems were not significantly associated
with the mean sample composition in Aim 2. Notwith-
standing this and in the absence of other comparable data,
we highlight the consistent important contribution of sleep,
irrespective of mental health outcome under consider-
ation. In Dumuid et al’s Australian sample, 582 mineday™*
(9.7 heday™!) was optimised for emotional problems and
depressive symptoms [18], compared to 600 mineday !
(10 heday ’; overall mental health) and 564 mineday !
(9.4 heday™’; externalising problems) in our analyses. Dis-
placing ST with LPA seemed to be important for overall
mental health and externalising problems in our analyses,
whereas Dumuid and colleagues found that relatively less
LPA and more MVPA were optimal for emotional prob-
lems and depressive symptoms [18]. Hypothetical optimal
time-use compositions for mental health outcomes have
much merit and through data visualisations such as those
presented here and elsewhere [18, 77], can be extremely
useful in translating key messages to research users (e.g.,
policy makers) and others with an influence over children’s
movement behaviours, such as parents and teachers [78].
The optimal compositions though, are sample-specific and
may vary according to methods used to measure time-use
exposures and mental health outcomes. Thus, caution
is urged when comparing them across between studies.
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Studies involving larger nationally representative samples
are required to further investigate the optimal time-use
compositions for indicators of mental health.

This novel study has several strengths. We used unfil-
tered raw acceleration data from wrist-accelerometers to
assess 24-hour movement behaviour time-use estimates,
sleep quality, 24-hour rest-activity rhythm, and directly
measured acceleration metrics. We employed stringent
wear time criteria which ensured all participants in the
analytical sample wore the device for 24 heday' for a
minimum of four days, including at least one weekend
day. On average the participants had 6.5 valid days wear,
indicating strong compliance to the protocol and a high
degree of reliability in the resultant data. Further, men-
tal health outcomes were assessed using a validated and
well-established self-report tool and we applied the inno-
vative ‘Goldilocks’ compositional analysis approach to
generate optimal time-use compositions that were spe-
cific to different mental health outcomes. The study also
had limitations which should be considered when inter-
preting the findings. The sample size was not large or
representative beyond the region where the research took
place. To a degree the sample size was reflective of the
strict accelerometer inclusion criteria which increased
data attrition, but arguably enhanced the reliability of the
movement behaviour data. There was a risk of sampling
bias because of observed differences in included and
excluded participants who were older and from lower
SES families. For these reasons generalising the findings
beyond the analytical sample should be done with cau-
tion. Moreover, the cross-sectional design precludes any
claims of causal inference and directionality between
the 24-hour movement behaviour characteristics and
mental health outcomes. Lastly, although the analyses
were adjusted for variables that are known to influence
the exposures and outcomes, we cannot rule out other
sources of unmeasured residual confounding.

Conclusions

24-hour movement behaviour characteristics among
children and adolescents differed most in relation to
time-use estimates, directly measured acceleration,
and some 24-hour rest-activity rhythm metrics. Overall
mental health and externalising problems but not inter-
nalising problems were associated with various 24-hour
movement behaviour characteristics reflecting time-
use estimates, sleep quality, and 24-hour rest-activity
rhythms. Optimal time-use compositions for overall
mental health and externalising problems were char-
acterised by high sleep and LPA, and low ST, MPA, and
VPA relative to the mean sample composition. Develop-
ing population-level optimal time-use compositions for
a range of mental (and physical) health outcomes may
further our understanding of how to target movement
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behaviours through interventions. Extracting and exam-
ining multiple movement behaviour characteristics from
24-hour accelerometer data can provide a more rounded
picture of the interplay between different elements of
movement behaviours and their relationships with health
and wellbeing than single characteristics alone, such as
time-use estimates. Applying multiple movement behav-
iour characteristics to the translation of research findings
in this way may enhance the ability of research users to
use research data to inform mental health-promotion
programmes and services.
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