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Abstract

Background Increasing physical activity (PA) is an effective strategy to slow reductions in cortical volume and
maintain cognitive function in older adulthood. However, PA does not exist in isolation, but coexists with sleep and
sedentary behaviour to make up the 24-hour day. We investigated how the balance of all three behaviours (24-hour
time-use composition) is associated with grey matter volume in healthy older adults, and whether grey matter
volume influences the relationship between 24-hour time-use composition and cognitive function.

Methods This cross-sectional study included 378 older adults (65.6+3.0 years old, 123 male) from the ACTIVate study
across two Australian sites (Adelaide and Newcastle). Time-use composition was captured using 7-day accelerometry,
and T1-weighted magnetic resonance imaging was used to measure grey matter volume both globally and across
regions of interest (ROI: frontal lobe, temporal lobe, hippocampi, and lateral ventricles). Pairwise correlations were
used to explore univariate associations between time-use variables, grey matter volumes and cognitive outcomes.
Compositional data analysis linear regression models were used to quantify associations between ROl volumes and
time-use composition, and explore potential associations between the interaction between ROl volumes and time-
use composition with cognitive outcomes.

Results After adjusting for covariates (age, sex, education), there were no significant associations between time-

use composition and any volumetric outcomes. There were significant interactions between time-use composition
and frontal lobe volume for long-term memory (p=0.018) and executive function (p=0.018), and between time-use
composition and total grey matter volume for executive function (p=0.028). Spending more time in moderate-
vigorous PA was associated with better long-term memory scores, but only for those with smaller frontal lobe
volume (below the sample mean). Conversely, spending more time in sleep and less time in sedentary behaviour was
associated with better executive function in those with smaller total grey matter volume.

Conclusions Although 24-hour time use was not associated with total or regional grey matter independently, total
grey matter and frontal lobe grey matter volume moderated the relationship between time-use composition and
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several cognitive outcomes. Future studies should investigate these relationships longitudinally to assess whether
changes in time-use composition correspond to changes in grey matter volume and cognition.

Keywords Time use, Physical activity, Sleep, Sedentary behaviour, Brain volume, Cognitive function, Aging

Background

Healthy ageing is associated with changes in cortical vol-
ume and cognitive function [1, 2]. For example, older
adults without diagnosed cognitive impairment may still
present with cognitive challenges in vocational and inter-
personal domains. Effective strategies which slow reduc-
tions in brain volume may have additional benefits for
maintaining healthy cognitive functioning in older age
and preventing or delaying future cognitive decline and
dementia. One strategy is through achieving and main-
taining sufficient physical activity. Physical activity has
been identified as a modifiable risk factor for dementia
in older adulthood [3] and is positively associated with
both brain volume and cognitive function in healthy
older adults. Cross-sectional and longitudinal magnetic
resonance imaging (MRI) studies suggest that older
adults who engage in higher levels of PA have greater
global brain volume [4—8] and greater volume in medial
temporal [9, 10] and frontal regions [11]. Similarly there
is evidence that habitual physical activity is positively
associated with cognitive function in healthy older adults
across several cognitive domains [12]. The mechanisms
underlying this relationship are not well understood,
however it is likely that slowing reductions in cortical
volume contributes to the positive association between
physical activity and cognitive function.

Although physical activity is positively related to both
brain volume and cognitive function in older adults, an
important but often overlooked consideration is that
physical activity does not take place in isolation. Physi-
cal activity must fit within the 24-hour day. In fact, the
24-hour day can be broadly divided into three time-use
behaviours: physical activity, sedentary behaviour, and
sleep, which are each related to brain health. Sedentary
behaviours, defined as time spent in a sitting or reclined
position and expending<1.5 metabolic equivalents
(METs), may impact brain health through mechanisms
that differ from those involved in physical inactivity, typi-
cally defined as achieving insufficient amounts of physical
activity at higher intensities (based on physical activity
guidelines) [13, 14]. To date, few studies have investi-
gated the relationship between sedentary behaviour and
grey matter volume in older adults. A recent study found
no differences in total grey matter volume between high
and low sedentary behaviour groups (<8 h or >8 h per
day), but reported a trend of lower hippocampal vol-
umes in the high sedentary behaviour group [15]. Two
additional studies reported a relationship between high
levels of sedentary behaviour and cortical thinning in

hippocampal sub-regions (i.e., parahippocampal cortex,
entorhinal cortex, and subiculum) [15, 16]. Similarly, the
associations between sedentary behaviour and cognitive
function in older adults are not clear [12]. Several mecha-
nisms, including modulation of cerebral blood flow, neu-
rotrophic factors, and brain structure [17, 18],
have been postulated to mediate links between sedentary
behaviour and cognitive function. However, it is hypoth-
esized that grey matter volume may be less sensitive to
the cardiovascular health effects imposed by excessive
sedentary behaviour compared to other aspects of brain
structure such as the volume and composition of white
matter [19].

There is also mixed evidence on associations between
sleep, brain structure and cognitive function in older
adults. Some studies have indicated that short or long
sleep durations (i.e., <6 h or >9 h per night) are associ-
ated with loss of cortical volume in frontal and tempo-
ral regions [20] and ventricular enlargement [21] in older
adults. Similarly, short or long sleep duration has been
negatively associated with cognitive function in older
adults [22, 23]. Conversely, a recent 28-year longitudinal
study found no significant differences in grey matter vol-
ume or cognitive changes between older adults who slept
for 5, 6, 7 or 8 h per night. However, the null findings in
that study may have been driven by the small number of
participants in ‘extreme’ groups (i.e., most participants
slept 6-7 h per night which more closely aligns with sleep
guidelines) [24]. It is not well understood whether poor
sleep causes reduced cortical volume, whether reduced
cortical volume causes poor sleep, or whether the rela-
tionship is bi-directional [25]. In summary, the mecha-
nisms underlying the relationship between sleep and
cognitive function in older age remain unclear, and it is
hard to disentangle direct effects from a wide range of
possible confounders.

To date, physical activity, sleep, and sedentary behav-
iour have been studied independently in relation to grey
matter volume, or while considering only two of the three
behaviours together. However, physical activity, sleep and
sedentary behaviour interact to make up the 24-hour day,
such that increasing time in one behaviour will lead to a
reduction in one or both remaining behaviours [26]. It
is therefore more meaningful to consider the effects of
time-use composition (or the proportion of time spent
in each time-use behaviour within the 24-hour period)
on brain structure. A recent study by Maasakkers et al.
[27] found that sedentary participants had smaller hip-
pocampal volumes, but this relationship was attenuated
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when controlling for levels of moderate-vigorous physical
activity (MVPA). Thus, the interactions between time-
use behaviours may be important for grey matter volume
beyond the independent effects of each time-use behav-
iour alone.

Understanding the interactive effects of physical activ-
ity, sedentary behaviour and sleep on grey matter vol-
ume may help inform 24-hour movement guidelines for
healthy ageing and dementia prevention in older adults.
Further, understanding whether the association between
24-hour time-use composition and cognitive function is
moderated by grey matter volume will provide further
insight into the mechanisms by which optimal time use
benefits cognitive functioning in older adulthood. To our
knowledge, no studies have investigated how 24-hour
time-use composition is associated with grey matter vol-
ume in healthy older adults. Our previous study found
weak associations between independent time-use behav-
iours (but not 24-hour time-use composition) and cogni-
tive function in a similar sample of healthy older adults
[28] but did not explore neurophysiological mecha-
nisms underlying these relationships. To address these
important gaps in knowledge, cross-sectional data from
the baseline phase of the ACTIVate study were used to
investigate (a) whether 24-hour time-use composition
is associated with grey matter volume, and (b) whether
grey matter volume moderates the relationship between
24-hour time-use composition and cognitive function.

Methods

Ethics

The ACTIVate study was registered with the Aus-
tralia ~New Zealand Clinical Trials Registry

(ACTRN12619001659190) on November 27, 2019. Ethics
approval was obtained from the University of South Aus-
tralia and University of Newcastle Human Research Eth-
ics Committee (202639). All procedures were conducted
in accordance with the Declaration of Helsinki.

Participant recruitment and screening

Eligibility criteria for the ACTIVate study have been
reported in detail elsewhere [29]. Briefly, participants
were eligible if they were aged 60—70 years, fluent in Eng-
lish, had no clinical diagnoses of dementia or any other
neurological or psychiatric disorders, did not have an
intellectual or major physical disability, and presented no
contraindications to transcranial magnetic stimulation or
MRI screening tools [30].

Participants were recruited for the ACTIVate study
using a rolling convenience sampling strategy [29]. Those
who met initial eligibility criteria were further screened
against cognitive impairment using the Montreal Cogni-
tive Assessment (blind) via phone interview. Participants

(2024) 21:11 Page 3 of 17

who scored<13 (out of a potential 22) were excluded
from the study.

Power calculations were used to determine the
required sample size for the larger ACTIVate study
(based on cognitive outcomes), which have been detailed
extensively elsewhere [29]. Briefly, aiming for 80% power,
allowing for attrition and response rate at recruitment
and accounting for the longitudinal design of the study,
the final sample size of 448 participants was determined.

Study measures

Device-measured time-use patterns

Data were collected between August 2020 and February
2022. Measures of daily time-use patterns (time spent in
physical activity, sedentary behaviour, and sleep) were
derived from triaxial accelerometers. Participants wore
an Axivity AX3 monitor on their non-dominant wrist for
7 consecutive days and were asked to complete a sleep
log for each day of wear (time they got out of bed, time
they went to bed, time spent napping during the waking
day, and reasons for removal of monitor during the day).
Accelerations were sampled at 100 Hz. Raw acceleration
data were downloaded using the Open Movement GUI
software (OmGUI; Newcastle, UK), converted to.CSV
files and processed using a custom MATLAB graphic
user interface developed by researchers at the University
of South Australia (COBRA; MATLAB R2018B).

Time spent in sleep was classified manually by mark-
ing the wake and sleep times for each 24-hour record-
ing period while cross-checking participants’ sleep logs
against the accelerometry trace. Brief nighttime awak-
enings were not captured unless waking periods were
explicitly reported by participants. Waking day behav-
iours were classified as time spent in MVPA (>93 myg),
light intensity PA (LPA; >48 mg) or sedentary behaviour
(<48 myg) using previously published cut points adjusted
for sampling frequency [31-33]. ‘Valid wear days’ were
classified if accelerometers were worn for at least 10 wak-
ing hours [34], and the participant accrued less than six
hours of non-wear time (thus, a minimum of 18 hours
average wear time per 24-hour recording period was
required). To be included in final analyses, participants
were required to have at least three valid weekdays and
one valid weekend day. Total time spent in each time-use
behaviour was averaged across the recording period, pro-
viding values reflecting the average time spent in MVPA,
LPA, sedentary behaviour, and sleep per day (in minutes).

Brain imaging and MRI processing

MRI acquisition was performed on a Siemens Skyra 3T
scanner in Adelaide, and a Siemens Prisma 3T scanner
in Newcastle, both using a 64-channel head and neck
coil. T1-weighted magnetization prepared rapid gradient
echo (MPRAGE) images were acquired for volumetric
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quantification of brain structures, and T2-weighted fluid-
attenuated inversion recovery (FLAIR) images were used
to assess white matter hyperintensity burden. The acqui-
sition parameters for MRI sequences are described else-
where [29].

3D T1 MPRAGE images were first segmented into grey
matter, white matter and cerebrospinal fluid tissues using
an in-house implementation of the expectation maximi-
zation algorithm [35]. The brain parcellation was per-
formed using the NeuroMorphometrics parcellation atlas
and Learning Embeddings for Atlas Propagation method
[36], allowing measurement of cortical and subcortical
grey matter volumes. White matter hyperintensities were
quantified from T2 FLAIR images using the HyperIn-
tensity Segmentation Tool [37]. For the purpose of this
study, white matter hyperintensity volume data were only
used to characterize the sample and were not included in
main analyses.

Volumetric measures of grey matter regions of interest
(ROIs) were derived from the brain segmentation and the
NeuroMorphometrics parcellation, which included total
grey matter, lateral ventricle, bilateral frontal lobe, bilat-
eral temporal lobe and bilateral hippocampus volumes.

Cognitive function measures

Cognitive function was measured using a series of tests
from the Cambridge Automated Neuropsychological
Test Automated Battery (CANTAB). Using the Cattell-
Horn-Carroll-Miyake taxonomy [38] as a guiding frame-
work, tests were z-scored and then combined to create
three cognitive composites: long-term memory (Verbal
Recognition Memory test); executive function (Multi-
tasking and One Touch Stockings of Cambridge tests);
and processing speed (Reaction Time test). The average
z-score of cognitive tests within each composite (i.e., a
single z-score value for each cognitive domain) was used
in final statistical models. Higher z-scores indicated bet-
ter cognitive performance. The methods used to create
these composites have been described in detail elsewhere
[28].

Covariates

Age (years), sex (male, female) and education (total years)
were entered as covariates in linear regression models,
based on previous evidence of their associations with
grey matter volume [39-41] and cognitive function [3,
42]. Age and sex data were derived from a demographics
questionnaire, whilst total years of education (including
primary, secondary, and tertiary education) was derived
from the Australian National University Alzheimer’s Dis-
ease Risk Index collected for the larger study [43].
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Statistical analysis

All inferential statistics were conducted in R version 4.2.2
and the code used for data analysis is available at https://
github.com/MaddisonMellow/time-use-brainvol-paper.
To account for total brain size and MRI scanner/proto-
col differences, all ROI volumes were adjusted for total
intracranial volume, scanner site (Adelaide or Newcas-
tle), and use of the distortion correction option during
scanning (on or off) using linear regression models. Next,
outcome variables (ROI volumes) were inspected for nor-
mality and extreme skewness. At this stage of analysis, no
transformations were performed as data were normally
distributed, but data were further inspected and trans-
formed later to improve model fit as needed.

Pairwise correlations

To explore relationships between individual time-use
variables (minutes/day in sleep, sedentary behaviour, LPA
and MVPA), brain volume measures (total grey matter,
lateral ventricle, frontal lobe, temporal lobe, and bilateral
hippocampus volumes), cognitive outcomes (long-term
memory, executive function, and processing speed) and
continuous/binary covariates (age, sex, and education),
pairwise correlation coefficients were calculated. Pear-
son correlations were used for all pairwise correlations
outside of the time-use composition (i.e., all correlations
except for those between time-use behaviours). Because
time-use behaviours are components of a composition,
and therefore have a constant sum constraint (1440 min
of the day), applying traditional correlation analysis
between time-use variables may result in spurious cor-
relations [44]. Intuitively, because of the fixed sum con-
straint, an increase in one compositional part will result
in lower values in remaining compositional parts which,
when using a traditional Pearson’s correlation coefficient,
would impose a negative correlation. To overcome this,
symmetric balanced isometric log ratio coordinates are
used [44]. In essence, these symmetric balanced coordi-
nates focus on the pairwise changes in two compositional
parts (e.g., sleep and MVPA) compared to a representa-
tive value of the average of the remaining parts, using
two sets of sensibly chosen isometric log ratio coordi-
nates that are bisected (and length normalized) for each
pairwise comparison of compositional parts. Thus, tra-
ditional correlation coefficients can be calculated on
these transformed values, but the interpretation is not
the strength of the linear relationship between the two
variables/parts as with Pearson’s correlation coefficient.
Rather, correlation coefficients of pairwise compositional
parts expressed in symmetric balanced coordinates are
interpreted as the “dominance” of one compositional part
over another (similarly, values between —1 and 1): coef-
ficients are positive when the two compositional parts
increase simultaneously compared to a representative
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value of the average of the remaining parts, whereas coef-
ficients are negative when the increase of one composi-
tional part (e.g., MVPA) is associated with a decrease in
the other compositional part (e.g., sleep) compared to
a representative value of the average of the remaining
parts. This method was applied to calculate correlations
between time-use behaviours (i.e., within the 24-hour
composition) using the corCoDa function in the robCom-
positions package [45].

Compositional data analysis (CoDA)

All compositional analyses were conducted using the
R compositions package version 1.4 [46]. Daily time-use
compositions were created for each participant, repre-
senting the average proportion of time spent in MVPA,
LPA, sedentary behaviour and sleep each day. As in pre-
vious studies using compositional data analysis [26, 47],
the closure function (‘clo()’ in the compositions package)
was applied to proportionally re-scale time-use compo-
nents to sum to 1440 min [46]. Time-use compositions
were then isometric log-ratio transformed to be included
in statistical analyses as predictors (see Dumuid et al. [26]
for overview of this method).

First, linear regression models were used to derive
the associations between 24-hour time-use composi-
tion (predictor) and each ROI volume (outcome). Model
1 included covariates only (age, sex, education), whilst
Model 2 included covariates and the predictor of inter-
est (time-use composition). Model fit was examined
using the performance package in R [48]. To improve the
model fit, lateral ventricle volumes were log-transformed,
whilst all other model fit diagnostics passed assumption
checks and variables were therefore not transformed.
To account for the possibility that associations between
time-use composition and ROI volume outcomes may be
non-linear (e.g., inverted U-shaped relationships between
sleep and ROI volume), an additional model (Model 3)
which was identical to Model 2 but expressed time-use
composition using quadratic (squared) terms was fit.
We used an F-test to explore whether quadratic terms
(Model 3) improved model fit compared to Models 1
and 2. Expressing time-use composition using quadratic
terms did not improve the model fit for any ROI volumes
compared to the standard linear regressions (at an alpha
of 0.05) and are not discussed further.

Next, we investigated whether the associations between
time-use composition and the cognitive function out-
comes were moderated by grey matter volume, frontal
lobe volume, temporal lobe volume or hippocampus vol-
ume. For each cognitive outcome (long-term memory,
executive function, processing speed), a series of linear
regression models were fit, with each incorporating main
effects of ROI volume and time-use composition, as well
as the interaction between time-use composition and
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the respective ROI volume. All models were adjusted for
covariates (age, sex, education).

Type II F-tests were used in determining variable sig-
nificance (assessing variable effects after adjusting for
other variables while adhering to the principle of mar-
ginality [49, 50]). To account for multiple comparisons,
p-values within each of the final regression models were
Benjamini-Hochberg false discovery rate adjusted [51,
52].

Modelling reallocations of time

In the instance that 24-hour time-use composition was
significantly associated with a volumetric outcome (fol-
lowing false discovery rate adjustment), we planned
to plot model-generated predictive response curves to
demonstrate how volumetric measures were associated
with meaningful reallocations of time, using one-for-
remaining swaps (e.g., increasing MVPA by 30 min at the
expense of all other behaviours equally) and one-for-one
swaps (e.g., increasing MVPA by 30 min whilst taking
that time directly from sleep) [26]. Similarly, where an
interaction between 24-hour time-use composition and
a volumetric outcome was significantly associated with a
cognitive outcome, we planned to plot model-generated
predictive response curves to demonstrate how cognitive
function was associated with meaningful reallocations of
time across different brain volume levels (dichotomized
to above or below the mean ROI volume) using one-for-
remaining and one-for-one swaps.

Results

Participant demographics

Of the original 426 participants recruited in the baseline
phase of the ACTIVate study, 395 participants completed
both T1 MPRAGE and T2 FLAIR imaging protocols.
Seventeen participants were removed from the dataset
as they did not have valid accelerometry data: 7 did not
meet minimum criteria for a valid accelerometry dataset
(i.e., less than minimum required days of recording); 8
were missing accelerometry data; and two had >1500 min
of recorded time use per day. The overall final sample
included 378 older adults (65.6+3.0 years old, 123 males).
Means, standard deviations and range (minimum and
maximum) of key continuous variables are presented in
Table 1. Participants had low white matter hyperintensity
burden (mean=2 ml) and were highly active, spending
approximately 4.5 h per day in physical activity (1.5 h in
MVPA; 3 h in LPA), 11.1 h in sedentary behaviour, and
8.4 h sleeping. Participants’ time-use compositions are
displayed in Fig. 1.



Mellow et al. International Journal of Behavioral Nutrition and Physical Activity

Table 1 Participant demographics

Total (n=378)

Mean+SD Range
(min, max)
Age 65.6+3.0 60.1,71.2
Sex (%) Female 255 (67%) -
Male 123 (33%) -
Education 166432 7,30
(years)
Accelerometer waking wear time (valid ~ 936.6+56.5 756.5,
files only; mins) 1106.8
Arithmetic meansof ~ MVPA 90.6+47.0 3.4,301.7
time-use behaviours | pA 17864506  57.9,3426
(min/day) SB 6674915  4103,9823
Sleep 501.84+58.5 330.8,741.0
Compositional means  MVPA 90.7+47.1 34,3017
of time-use behav- LPA 17884507  57.8,3466
iours (min/day) S8 6682922 4108, 968.1
Sleep 502.2+575 3314,7125
Brain volume (ml) TV 1551.0+141.2 12020,
2279.0
Global GM 596.0+50.8 466.3,843.0
Temporal lobe 953492 674,130.9
Hippocampus  6.2+06 46,85
Lateral 250+£125 6.0,84.5
ventricles
Frontal lobe 168.0+16.9 127.0,240.0
volume
WMH 19+34 0.0,33.7

Note: Values are presented in the “Mean+SD” column as either mean+SD
for numeric variables or count (percentage) for categorical variables. Range
data represents minimum and maximum values. MVPA=moderate-vigorous
physical activity; LPA=light physical activity; SB=sedentary behaviour;
TIV=total intracranial volume; GM=grey matter; WMH=white matter
hyperintensities. Volumetric data are presented in raw form (i.e., prior to
adjusting for site, total intracranial volume and use of distortion correction
during imaging). ‘Arithmetic means’ represent the average minutes of time
spent in each behaviour before applying the closure function. ‘Compositional
means’ represent the geometric average of time use values after applying the
closure function (closing composition to sum up to 1440 minutes).

Associations between 24-hour time-use composition and
brain structure

Pairwise correlations

Pairwise Pearson correlations and their respective 95%
confidence intervals are displayed in Table 2. There were
no significant correlations between individual time-use
behaviours and any volumetric outcomes. Several rela-
tionships were observed between individual time-use
behaviours and cognitive outcomes: more time spent
in MVPA was associated with faster processing speed
(r=0.18, 95% CI [0.07, 0.27]); more time spent in sed-
entary behaviour was associated with slower processing
speed (r=-0.14, 95% CI [-0.24, -0.04]); and more time
spent in sleep was associated with poorer long-term
memory performance (r=-0.12, 95% CI [-0.23, -0.02]).
Similarly, several ROI volumes were related to cognitive
function: long-term memory was positively correlated
with hippocampus volume (r=0.13, 95% CI [0.03, 0.23]);
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and executive function was positively correlated with
total grey matter volume (r=0.22, 95% CI [0.12, 0.32]),
temporal lobe volume (r=0.14, 95% CI [0.03, 0.24]),
hippocampus volume (r=0.12, 95% CI [0.02, 0.22]) and
frontal lobe volume (r=0.15, 95% CI [0.04, 0.25]) and
negatively correlated with ventricle volume (r=-0.15,
95% CI [-0.25, -0.05]). Higher age was associated with
lower total grey matter (r=-0.28, 95% CI [-0.37, -0.19]),
temporal lobe (r=-0.20, 95% CI [-0.29. -0.10]) and hippo-
campus volume (r=-0.16, 95% CI [-0.25, -0.06]), greater
lateral ventricle volume (r=0.21, 95% CI [0.11, 0.30]),
slower processing speed (r=-0.14, 95% CI [-0.24, -0.04])
and worse executive function (r=-0.26, 95% CI [-0.35,
-0.16]). Point biserial correlations showed that female sex
(female=1, male=0) was negatively correlated with time
in MVPA (r=-0.20, 95%CI [-0.30, -0.10]) and executive
function (r=-0.17, 95%CI [-0.27, -0.07]), and positively
correlated with time in sleep (r=0.14, 95%CI [0.04, 0.23])
and frontal lobe volume (r=0.12, 95%CI [0.02, 0.22]).

Associations between 24-hour time-use composition and
brain volume

Table 3 displays outcomes of regression models testing
the associations between 24-hour time-use composition
and ROI volumes after adjusting for covariates (age, sex,
education) and false discovery rate. In covariate-adjusted
models, 24-hour time-use composition was not associ-
ated with total grey matter volume, frontal lobe volume,
temporal lobe volume, hippocampal volume, or lateral
ventricle volume both before and after adjusting for false
discovery rate.

Cognitive function, brain volume and time-use composition
Regression outputs investigating interactions between
24-hour time-use composition and ROI volume for
cognitive outcomes are displayed in Table 4. The inter-
action between time-use composition and total grey
matter volume was associated with long-term memory
and executive function outcomes prior to adjusting for
false discovery rate. Similarly, the interaction between
time-use composition and frontal lobe volume was asso-
ciated with long-term memory and executive function
outcomes. After false discovery rate adjustment, several
interactions remained statistically significant: executive
function was associated with the interaction between
time-use composition and total grey matter volume
(P,q=0.028) and the interaction between time-use com-
position and frontal lobe volume (p,;=0.018); and long-
term memory remained significantly associated with the
interaction between time-use composition and frontal
lobe volume (p,4=0.018).

To further investigate these interactions, we plotted
a series of model-estimated cognitive response curves
which demonstrate the estimated associations of time
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18.7% PA
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46.4% SB
(11.1 hrs)

(4.5 hrs)

Sleep 72 %

70\ 2

34.9% sleep
(8.4 hrs)

Fig. 1 Distribution of participants' time-use compositions. Each gold dot represents a single participant’s 24-hour time-use composition, whereas the
black dot represents the average time-use composition of the entire sample (calculated as the compositional mean). On average, participants spent
18.7% of their day in physical activity (moderate-vigorous and light intensity, summed), 34.9% of their day in sleep, and 46.4% of their day in sedentary
behaviour. Black ellipses represent 75%, 95% and 99% density contours assuming compositional normality (normal distribution on the simplex [46]

reallocations with long-term memory and executive
function outcomes, across high and low brain volume
groups in the frontal lobe and total grey matter, respec-
tively. Additionally, post-hoc multiple linear regression
analyses between time-use composition and each cogni-
tive outcome within high and low volume brain volume
groups can be viewed in Additional File 2. High and low
volume groups were quantified as those above and below
the mean frontal lobe volume (168 ml) and total grey
matter volume (596 ml) in the sample, as the data were
normally distributed (therefore a median split achieved
similar data separation). Before creating the response
plots, regression models containing the significant inter-
actions were replicated with frontal lobe volume and
total grey matter volume included as categorical vari-
ables (two levels, upper and lower volume group, rather
than as a continuous variable) to ensure that the interac-
tion between time-use composition and each ROI vol-
ume remained significant. Interestingly, the interaction
between time-use composition and frontal lobe volume
(as a categorical variable) did not remain significant for
executive function (p,q=0.80). This remained true when
frontal lobe volume was split into quartiles (p,q=0.31).
For this reason, the time-use composition by frontal lobe

volume interaction for the executive function outcome
was not further explored here. Figures 2 and 3 display the
predicted differences in long-term memory z-score and
executive function z-score associated with reallocations
of time from the reference mean time-use composition
towards and away from each time-use behaviour (positive
and negative reallocations on the x-axis), whilst drawing
time spent in the remaining behaviours in the 24-hour
day pro-rata (i.e., one-to-remaining reallocations). One-
for-one reallocation models are displayed in Additional
File 1. To illustrate how brain structure interacts with
these relationships, predictions were plotted separately
for those above and below the mean frontal lobe and total
grey matter volume, respectively.

Figure 2 (displaying one-for-remaining reallocations)
suggests that for those with smaller frontal lobe vol-
ume (below the sample mean), more time in MVPA was
associated with better long-term memory performance.
One-for-one reallocation plots (Supplementary Fig. 1,
Additional File 1) supported that this reallocation was
most beneficial when time was taken from either sleep
or sedentary behaviour, whilst taking time from LPA
had positive but non-significant associations with long-
term memory. Contrary to this, reallocating time towards
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MVPA had little predicted benefit for those with greater
frontal lobe volume (above the sample mean). Spending
more time in LPA at the equal expense of other behav-
iours (Fig. 2) was associated with small unfavorable dif-
ferences in long-term memory performance for those
with smaller frontal lobe volume, and slight but favorable
differences in performance for those with greater frontal
lobe volume. Finally, reallocating time towards or away
from sleep and sedentary behaviour (at the equal expense
of remaining behaviours) had similar (minimal) associa-
tions with long-term memory performance for both high
and low frontal lobe volume groups. However, one-for-
one reallocations suggested that for those with greater
frontal lobe volume, increasing time in sedentary behav-
iour at the expense of sleep was positively associated with
long-term memory.

Figure 3 shows that the executive function response
curves for sleep and sedentary behaviour reallocations
differ by total grey matter volume. Although supplemen-
tary regression analyses demonstrated that there were
no statistically significant associations between time-use
composition and executive function within total grey
matter volume groups (Additional File 2), the data are
described further here for completeness. Figure 3 sug-
gests that for those with smaller total grey matter volume,
more time in sleep and less time in sedentary behaviour
was favorably associated with executive function, while
these reallocations were negatively associated with exec-
utive function in those with greater total grey matter vol-
ume. One-for-one reallocations (Supplementary Fig. 2,
Additional File 1) confirmed that increasing time in sleep
at the direct expense of sedentary behaviour was benefi-
cial for executive function in those with smaller total grey
matter volume, whilst no other reallocations towards
sleep were associated with executive function (i.e., from
LPA or MVPA). Reallocating time towards or away from
LPA had minimal associations with executive func-
tion across both high and low total grey matter volume
groups. This was consistently observed across both pro-
portional and one-for-one reallocations (i.e., regardless
of which other compositional part time was reallocated
from or towards). Finally, spending more time in MVPA
at the equal expense of all other behaviours had small
unfavorable associations with executive function in the
higher total grey matter volume group, whilst realloca-
tions towards or away from MVPA had minimal associa-
tions in the lower total grey matter group. One-for-one
swaps supported these observations, suggesting that
increasing or decreasing time in MVPA at the expense of
sleep, LPA or sedentary behaviour had minimal associa-
tions with executive function.
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Discussion

Twenty-four-hour time-use composition and grey matter
volume in healthy older adults

The primary aim of this study was to explore whether
24-hour time-use composition of MVPA, LPA, seden-
tary behaviour and sleep was associated with total and
regional grey matter volume (temporal lobe, frontal lobe,
hippocampus, and lateral ventricle volume) in healthy
older adults. Our main finding was that there were no
associations between 24-hour time-use composition
and any volumetric outcomes, after adjustment for age,
sex, and education. This finding is likely not a result of
accounting for all four time-use behaviours together (i.e.,
the effects of one time-use behaviour “canceling out” or
altering the effect of another) as there were also no sig-
nificant pairwise correlations between independent
time-use behaviours with any volumetric outcomes. It
is challenging to contextualize the findings of this study
with previous research for several reasons. To our knowl-
edge, this study was the first to investigate associations
between 24-hour time-use composition and grey mat-
ter volume in older adults. Additionally, although several
previous studies in older adults have reported associa-
tions between grey matter volume and physical activity
[4, 6, 7, 11], sedentary behaviour [16] or sleep [20, 21]
(when considered as independent behaviours), it is dif-
ficult to draw comparisons with these studies as they
also adjusted their analyses for covariates (e.g., age, sex),
whilst univariate analyses in the current study (correla-
tions between independent time-use behaviours and
brain volume outcomes) did not adjust for covariates.

In addition to the apparent differences in data analysis
approaches, there are several factors that may have con-
tributed to the null findings in the primary analysis of
this study, and the contrast of these findings to several
previous studies. First, the sample used in the current
study was recruited for a longitudinal study which aims
to map differences in lifestyle (time use and diet) against
changes in cognitive function, therefore at baseline par-
ticipants were required to be healthy with no cognitive
impairment. Despite best efforts to recruit participants
across diverse lifestyle profiles, the sample had high cog-
nitive function (mean score on Addenbrooke’s Cognitive
Examination III at baseline was approximately 95/100 in
the ACTIVate sample [28]), participants were physically
active (mean total PA per day=4.5 h), and there was little
variability in time-use composition at baseline across the
sample (see Fig. 1). Conversely, several previous studies
which did observe associations between physical activ-
ity or sleep and grey matter volume were conducted in
populations with greater variability in time use profiles
[4, 9]. For example, Bugg and Head [9] reported that
physical exercise engagement (measured as self-reported
engagement in running, walking or jogging over the past
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Table 3 Statistical output of ANOVA Type Il F-tests for volumetric outcomes

Model

Ventricle vol

F

Frontal lobe vol

F

Hippocampal vol

F

Temporal lobe vol

F

GM vol

Variable

adj.p

adj.p

p

adj.p

adj.p

adj.p

<0.001

<0.001

16.84
0.07
0.31

14.15

0.143
0.078

0.095

2.79
501
0.33
2.75
4.69
0.19
0.67

0.001 0.004

<0.001 <0.001 1046

1541
041
0.39

13.83
0.25
045
0.35

<0.001 <0.001

3244
0.03
1.13

3017
0.01
1.31
0.46

Age

0.791

0.791

0.026

0.100
0.730
0.013

0.067
0.730
0.003
0.140
0.795
0.785

338
0.12
8.73
218
0.07

0.534
0.534

<0.001

0.521

0.861

0.861

Sex

0.791
<0.001

0.575
<0.001

0.565
0.196
0.124
0.665

0.565
0.098
0.031

0.534
<0.001

0431
<0.001

0.288
<0.001

Education
Age

0.945

0.945

0.00
0.28

0.281

0.792

0.621

0.909

0.909
0.253

Sex

0.859

0.599
0.645

0.665

0.785
0.785

0.792

0.506
0.792

0.507
0.909

Education

0.859

0.665 0.55

0.571

0.35

0.792

0.713

Time-use

composition
F statistic (numerator and denominator degrees of freedom are 1 and 360, respectively, for all outcomes); adj.p

that remained statistically significant after false discovery rate adjustment (p<0.05)

grey matter. Bold denotes p-values

volume (ml); GM=

p-value adjusted for false discovery rate; vol

Note: F

(2024) 21:11 Page 10 of 17

10 years) was associated with volume in the superior
frontal cortex. Due to extreme skewness in their data,
participants were categorized in to low or high engage-
ment groups, whereby the mean levels of physical exer-
cise engagement were 0.63 and 7.76, respectively (sample
range=0.00-29.72). The authors reported that those in
the low engagement group engaged in moderate intensity
activity less than 2 days per week for 10 min, whereas the
average amount of moderate activity for the high engage-
ment group was approximately 5 days per week for
30 min each [9]. Similarly in a longitudinal study, Tan and
colleagues [4] reported that Physical Activity Index (PAI)
scores at baseline were significantly associated with total
cerebral and hippocampal volumes at follow-up (~10
years). PAI scores were generated by asking participants
to report the number of hours per day spent sleeping
(weighting factor=1), sedentary (weighting factor=1.1),
or in light (weighting factor=1.5), moderate (weighting
factor=2.4) and heavy activities (weighting factor=5).
Thus, a score of 24 reflects a day spent sleeping continu-
ally [4]. The range of PAI scores in their sample ranged
from 24.2 to 65.7 in females, and 24.6-74.5 in males,
with median PAI scores of 34.4 and 35.4, respectively. On
balance, a much wider range of time-use profiles were
included in their study and it could be that the observed
relationships between volumetric outcomes and activity
levels were driven by extreme cases (e.g., highest quintiles
relative to lowest) [4]. Similarly, other studies that have
reported associations between physical activity or sleep
and grey matter volume observed differences between
extreme sub-groups only (i.e., lowest VS. highest quintile
of physical activity) [6, 20].

Although there are few studies investigating associa-
tions between sedentary behaviour and grey matter vol-
ume in older adults, the null findings of the our study
align with that of a recent review by Maasakkers et al.
[19] who reported inconclusive evidence for the relation-
ship between sedentary behaviour and grey matter vol-
ume. As hypothesized by Maasakkers et al. [19], it may be
that white matter volume is more sensitive to the physi-
ological effects of sedentary behaviour compared to grey
matter. It should also be noted that several other studies
have reported no significant associations between sed-
entary behaviour and total grey matter volume (in line
with the current study), but did find significant differ-
ences between low and high sedentary behaviour groups
in smaller sub-regions, such as hippocampal sub-fields
[15, 16]. Given that we found no association between
sedentary behaviour and total hippocampal volume in
this study, it may be possible that the ROIs investigated in
this study were not sensitive enough to detect differences
which may be present in sub-regions.

Another key difference between the current study and
previous studies which may contribute to discrepancies
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Table 4 Linear regression outputs
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Cognitive
outcome

Long-term memory

Executive function Processing speed

ROI outcome: total grey matter volume

F p adj.p
Model Age 0.10 0.747 0.747
Sex 2.96 0.086 0.172
Education 1.35 0.248 0.372
Time-use composition 2.88 0.036 0.107
ROl volume 0.79 0.374 0.449
Time-use composition *  3.79 0.011 0.064
ROl volume
ROl outcome: temporal lobe volume
F p adj.p
Model Age 0.21 0.647 0.693
Sex 299 0.085 0.255
Education 143 0.233 0.467
Time-use composition  2.77 0.041 0.248
ROl volume 0.39 0.535 0.693
Time-use composition * 048 0.693 0.693
ROl volume
ROI outcome: frontal lobe volume
F p adj.p
Model Age 0.01 0.933 0.933
Sex 333 0.069 0.138
Education 1.85 0.174 0.209
Time-use composition 2.70 0.045 0.136
ROl volume 1.99 0.159 0.209
Time-use composition *  4.74 0.003 0.018
ROl volume
ROI outcome: hippocampus volume
F p adj.p
Model Age 0.03 0.871 0.871
Sex 4.21 0.041 0.094
Education 144 0.231 0.277
Time-use composition 267 0.047 0.094
ROl volume 4.90 0.028 0.094
Time-use composition *  2.32 0.076 0.113

ROl volume

F p adj.p F p adj.p
17.95 0.000 0.000 529 0.022 0.066
1533 0.000 0.000 0.23 0.631 0.814
492 0.027 0.033 0.00 0.944 0.944
0.17 0917 0917 4.09 0.007 0.043
8.66 0.003 0.007 092 0337 0.675
3.37 0.018 0.028 0.51 0.678 0.813
F p adj.p F p adj.p
25.19 0.000 0.000 540 0.021 0.062
13.90 0.000 0.000 0.24 0.623 0.935
4.73 0.030 0.061 0.00 0.944 0.944
0.20 0.898 0.898 4.03 0.007 0.046
247 0117 0.176 0.27 0.600 0.935
0.84 0472 0.566 0.24 0.869 0.944
F p adj.p F p adj.p
22.69 0.000 0.000 6.09 0.014 0.042
17.71 0.000 0.000 0.34 0.557 0.836
4.07 0.044 0.053 0.01 0922 0.922
0.29 0.832 0.832 3.90 0.009 0.042
7.64 0.006 0.012 1.72 0.190 0.380
3.70 0.012 0.018 0.23 0.878 0.921

F p adj.p F p adj.p
2391 0.000 0.000 4.89 0.027 0.083
11.35 0.000 0.003 0.14 0.704 0.864
461 0.032 0.065 0.03 0.864 0.864
0.21 0.886 0.886 3.96 0.008 0.051

1.17 0.279 0336 0.12 0.729 0.864
197 0117 0177 037 0.776 0.864

Note: Linear regression outputs investigating main effects of time-use composition, ROl volume and covariates, and interaction effects on cognitive outcomes.
adj.p=p-value adjusted for false discovery rate. Bold denotes p-values that remained significant after false discovery rate adjustment (p <0.05). Sample sizes for each
cognitive outcome varied due to missing data: long-term memory, n=360; executive function, n=363; processing speed, n=368

in findings is the age of the sample. Participants in the
ACTIVate study were aged 60—70 years at baseline (mean
age=6613 years), a narrow age range chosen in order to
capture healthy older adults who may be in pre-clinical
stages of dementia (i.e., where brain changes are begin-
ning to occur with no behavioural or cognitive symp-
toms). Several studies that have reported associations
between independent time-use behaviours and grey mat-
ter volume were conducted in older samples (e.g., 70-80
years) which may have more progressed brain atrophy in
comparison [4, 7], or in samples with a wider age range
(e.g., including middle-age and older adults in sample). It

is plausible that the observed differences in these studies
may have been driven by older participants.

Finally, as is typical for time-use research, there are
considerable inconsistencies in the measures used to
estimate physical activity, sedentary behaviour, and sleep
across studies (i.e., subjective recall versus accelerom-
etry), which limits comparability with the current study.
To our knowledge, the current study was the first to
assess 24-hour time-use composition against grey mat-
ter volume in older adults using accelerometry, whereby
participants’ activity patterns were monitored by a
wrist-worn device for 24-hours per day. Comparatively,
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Fig. 2 The model-predicted difference in long-term memory z-score (y-axis) associated with reallocations of time towards or away from each time-use
behaviour (displayed in the header of each panel), in 15-minute increments from the reference mean time-use composition. Purple lines represent par-
ticipants with greater than the sample mean frontal lobe volume (‘Upper’); orange lines represent participants with less than the sample mean frontal
lobe volume (Lower’). Shading represents 95% confidence intervals. Mean frontal lobe volume (corrected) in the‘'upper'group=174.8+5.0,range=168.3,
193.0. Mean frontal lobe volume (corrected) in the ‘lower’group=161.2+5.0, range = 143.3, 168.3.

previous studies which have reported relationships
between independent time-use behaviours and grey mat-
ter volume outcomes have mostly used self-report mea-
sures of duration [20] or validated questionnaires such
as the Pittsburgh Sleep Quality Index [21], PAI [4], or
activity compendiums [11]. Moreover, studies which have
used accelerometry to derive activity patterns have not
taken a 24-hour approach, and have quantified physical
activity outcomes using different metrics including total
physical activity (irrespective of intensity) [7] or clas-
sification into low and high levels of MVPA [6]. Taken
together, the variability in measures used to capture
activity patterns, as well as the absence of studies that
have taken a 24-hour compositional approach, limits the
comparability of the current study to previous studies.

Grey matter volume as a mechanism linking 24-hour time
use and cognitive function

Several mechanisms likely underlie the relationship
between lifestyle and cognitive function in older adults,
including maintenance of grey matter volume. This rela-
tionship has only been investigated when considering
physical activity, sedentary behaviour and sleep inde-
pendently, rather than as a 24-hour composition. In our
secondary analysis, we found that long-term memory
was associated with the interaction between 24-hour
time-use composition and frontal lobe volume, and that
executive function was associated with the interaction
between 24-hour time-use composition and both total
grey matter volume and frontal lobe volume (although,
the frontal lobe by executive function interaction was
not further explored). It should be noted that after sep-
arating the dataset by mean frontal lobe and total grey
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Fig. 3 The model-predicted difference in executive function z-score (y-axis) associated with reallocations of time towards or away from each time-use
behaviour (displayed in the header of each panel) in 15-minute increments from the reference mean time-use composition. Purple lines represent par-
ticipants with greater than the sample mean total grey matter volume (Upper’); orange lines represent participants with less than the sample mean total
grey matter volume ('Lower’). Shading represents 95% confidence intervals. Mean total grey matter volume (corrected) in the ‘upper'group=611.4+10.6,
range=596.7, 647.9. Mean total grey matter volume (corrected) in the ‘lower'group=580.7 £ 12.9, range =519.8, 596.7

matter volumes (Additional File 2), only the association
between time-use composition and long-term memory
in the smaller frontal lobe sub-group remained statisti-
cally significant.

Predictive modelling allowed further understanding of
significant interactions in the total sample, while separat-
ing participants by ROI volume (above or below the sam-
ple mean). For long-term memory outcomes, reallocating
time towards or away from LPA, sedentary behaviour
or sleep (at the equal expense of all other behaviours)
had minimal predicted associations with performance
regardless of frontal lobe volume. However, reallocat-
ing time towards or away from MVPA was associated
with long-term memory performance, and this relation-
ship was more pronounced for those with smaller fron-
tal lobe volume. The same reallocation, e.g., spending
30 min less time in MVPA (at the equal expense of other

behaviours), was associated with a~0.25 SD lower long-
term memory z-score for those with smaller frontal lobe
volume, but only a slight difference (~0.05 SD higher) in
long-term memory z-score for those with larger frontal
lobe volumes. One-for-one reallocation modelling dem-
onstrated that increasing time in MVPA at the expense
of either sleep or sedentary behaviour had the greatest
predicted benefit for long-term memory, with similar but
non-significant trends observed for LPA. Together, these
findings suggest that benefits from spending more time
in MVPA (or more so, the deficits from reducing time
spent in MVPA) on memory performance may differ by
frontal lobe volume.

There are several key points that could be considered to
contextualize these findings. First, evidence suggests that
performing physical activity at higher intensities is posi-
tively associated with concentrations of neurochemicals
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which may enhance memory and learning [54, 55]. Sec-
ond, evidence from both animal and human studies sug-
gests that effects of physical activity on the brain appear
to be specific, in that particular brain regions are more
sensitive to the benefits of physical activity than others
[56]. One such brain region is the frontal cortex, which
along with the hippocampus, also typically shows marked
age-related atrophy compared to other regions [56]. On
balance, it has been suggested that brain regions with
more age-related atrophy may yield the most benefits
from physical activity [56]. This may explain why the pre-
dicted impact of increasing or decreasing time in MVPA
on long-term memory performance was more prominent
in participants with smaller frontal lobe volumes.
Interestingly, our secondary analysis did not infer the
same importance for MVPA in those with lower total
grey matter volume in the context of executive func-
tion outcomes. Reallocating time towards or away from
LPA or MVPA had minimal predicted associations with
performance regardless of total grey matter volume
(increasing MVPA had slight unfavorable associations in
those with greater volume). However, reallocating time
towards sleep or away from sedentary behaviour at the
equal expense of other behaviours appeared favorably
associated with executive function (+0.03SD for each
30-minute reallocation) in older adults with smaller total
grey matter volume, whilst the opposite was true for
those with greater total grey matter volumes (less sleep
and more sedentary behaviour=Dbetter executive func-
tion). One-for-one reallocation modelling confirmed
that increasing time in sleep at the expense of sedentary
behaviour was associated with better executive function
performance in those with smaller total grey matter vol-
ume, whilst no one-for-one reallocations were statisti-
cally significant for those with greater total grey matter
volume. Whilst these findings somewhat align with a
recent study by Tai et al. [57] who suggested brain vol-
ume mediates the relationship between sleep duration
and executive function, they are difficult to contextual-
ize due to the cross-sectional nature of the study and the
novelty of our analytical approach. We propose several
potential contributors to these findings. For example, it
is possible that those with smaller grey matter volume
were achieving good quality sleep at baseline, so increas-
ing time in this behaviour would be beneficial for execu-
tive function (whilst the opposite may have been true for
those with greater volume). Alternatively, it may be that
those with smaller total grey matter volume were engag-
ing in sedentary behaviours which are not beneficial for
cognitive function (i.e., TV watching), whilst those with
greater total grey matter volume were engaging in cog-
nitively stimulating sedentary behaviours (i.e., computer
use, reading), so reallocating time away from or towards
sedentary behaviour, respectively, would be beneficial for
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executive function [17]. It should be noted that a previ-
ous study found no impact of sedentary behaviour con-
text or sleep quality ratings on associations between
24-hour time-use composition and executive function
in the ACTIVate cohort, but these analyses were con-
ducted in the total sample only (and were not stratified
by grey matter volume) [28]. Above all, it is important to
note that the predicted differences in executive function
resulting from each reallocation in this study were much
smaller compared to those observed for long-term mem-
ory, so these findings should be interpreted with caution.
This is likely because the range in executive function
z-scores in this cohort were much narrower (range =
-1.77, 1.14) than long-term memory z-scores (range =
-3.59, 1.58), so smaller differences in executive function
z-score (resulting from each reallocation) were likely
needed to achieve statistical significance.

Importantly, results in these secondary analyses were
derived from cross-sectional data and the predicted asso-
ciations were modest in scale, and therefore should be
interpreted with some caution. Despite correcting each
ROI volume for total intracranial volume in this study,
we cannot deduce that smaller ROI volumes reflect accel-
erated atrophy due to the cross-sectional nature of the
study. If each of these findings are upheld in longitudi-
nal studies, they may indicate that lifestyle interventions
which aim to maintain or improve cognitive functions
such as memory and executive function (as a means to
reduce dementia risk or delay dementia onset) could be
tailored based on individual differences in brain volume
(i.e., prescribing higher intensity physical activity for
those with more progressed brain atrophy in the frontal
lobe, or targeting sleep duration in those with more pro-
gressed total grey matter atrophy).

Strengths, limitations, and future directions for research

The current study was the first to investigate associations
between 24-hour time use and grey matter volume using
a compositional data analysis approach. We used reli-
able cognitive tests and device-based measures of time
use which may be less susceptible to recall bias in older
adults, and took a conservative approach to our data
analysis by accounting for technical differences in scan-
ning across the cohort (scanner type and use of distortion
correction function) and by adjusting for false discovery
rate which is not typically done in exploratory research
[52]. However, there are several limitations that should
be noted. As outlined in a previous study using the same
dataset [28], the recruited sample were highly active and
highly educated despite best efforts to recruit partici-
pants across a variety of activity and dietary patterns. The
cross-sectional nature of the study limits the inferences
that can be made about causal relationships between
variables. Due to the exploratory nature of the study, a
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number of additional modifiable dementia risk factors
and other important indicators of health status which
may relate to inter-individual variability in time use,
brain volume and cognitive function were not included
as covariates in this study (e.g., adiposity, depression,
smoking, alcohol consumption) or were not measured as
part of the wider ACTIVate study (e.g., aerobic fitness).
Thus, observed associations may have been attenuated by
accounting for other health outcomes and these should
be considered in future research. There are a number of
limitations associated with the use of wrist-worn accel-
erometers to delineate time-use behaviours which should
be acknowledged. Wrist-worn accelerometers are less
sensitive in detecting sitting time compared to other
wear locations (e.g., thigh) as they are unable to differen-
tiate lower body postures (e.g., sitting versus standing),
and so it is possible that periods of standing were incor-
rectly classified as sedentary time rather than LPA, and
on the contrary, it is possible that high intensity activi-
ties such as stationary cycling may have been captured as
sedentary behaviour due to the limited movement of the
upper limb during the activity. The cut points used to dif-
ferentiate time-use behaviours in this study were derived
from a validation study conducted in a sample of younger
adults, and thus the distribution of time spent in different
intensity bands in this sample may differ in older adults.
Taken together, it is possible that the use of wrist-worn
accelerometers and the chosen cut points resulted in an
overestimation of sedentary time, and therefore the find-
ings surrounding sedentary behaviour should be inter-
preted with caution. Finally, the handling of non-wear
time and subsequent imputation methods (i.e., propor-
tional re-scaling of time-use data across all components
using closure function) may have resulted in the over-
estimation of time spent in sleep. Non-wear time is not
typically accrued during sleep, and thus increasing time
in sleep as a result of the proportional rescaling across all
time-use components may have resulted in the overesti-
mation of time spent in this behaviour (see Haszard et al.
[58] for applied example).

Conclusions

The current study found no associations between
24-hour time-use composition and measures of global
and regional grey matter volume in a sample of healthy
older adults without dementia. We found some evidence
that grey matter volume (globally, and in the frontal lobe)
may moderate the relationship between 24-hour time-
use composition and specific cognitive functions. These
relationships should be explored longitudinally and in a
more diverse sample to better understand the direction-
ality and temporal effects of 24-hour time use on grey
matter volume and cognitive function in healthy older
adults.
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