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A B S T R A C T

Recently, several magnetic resonance imaging (MRI) studies have reported time-of-day effects on brain structure
and function. Due to the possibility that time-of-day effects reflect mechanisms of circadian regulation, the aim of
this prospective study was to assess these effects while under strict experimental control of variables that might
influence biological clocks, such as caffeine intake and exposure to blue-emitting light. In addition, the current
study assessed whether time-of-day effects were driven by changes to extracellular space, by including estimations
of non-Gaussian diffusion metrics obtained from diffusion kurtosis imaging, white matter tract integrity and the
spherical mean technique, in addition to conventional diffusion tensor imaging -derived parameters. Participants
were 47 healthy adults who underwent diffusion-weighted imaging in the morning and evening of the same day.
Morning and evening scans were compared using voxel-wise tract based spatial statistics and permutation testing.
A day of wakefulness was associated with widespread increases in fractional anisotropy, indices of kurtosis and
indices of the axonal water fraction. In addition, wakefulness was associated with widespread decreases in radial
diffusivity, both in the single compartment and in extra-axonal space. These results suggest that an increase in the
intra-axonal space relative to the extra-axonal volume underlies time-of-day effects in human white matter, which
is in line with activity-induced reductions to the extracellular volume. These findings provide important insight
into possible mechanisms driving time-of-day effects in MRI.
1. Introduction

Recent studies have reported time-of-day (TOD) effects on magnetic
resonance imaging (MRI)-based measures of both brain structure and
function. These measures include T1-weighted total brain volume
(Nakamura et al., 2015; Trefler et al., 2016), cortical thickness (Elvså-
shagen et al., 2017), regional cerebral blood flow (Elvsåshagen et al.,
2019; Hodkinson et al., 2014) and functional connectivity (Hodkinson
et al., 2014; Kaufmann et al., 2016). In diffusion-weighted imaging
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(DWI), TOD effects have been reported in the white matter (WM) skel-
eton (Elvsåshagen et al., 2015), in voxel-based whole brain analyses
(Jiang et al., 2014) and at the interface of grey matter (GM) and the
cerebrospinal fluid (CSF) (Thomas et al., 2018). However, little is known
about what drives these fluctuations. Thomas et al. (2018) probed the
role of CSF by introducing a dual compartment model of fast-diffusing
CSF-like free water and slower-diffusing parenchymal water (Pierpaoli
and Jones, 2004). They found the change at the interface of GM-CSF to be
driven by increases in CSF-like free-water in major brain fissures and
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sulci. Another candidate for driving TOD-effects in DWI is diurnal fluc-
tuations in the dynamics of the extracellular space (ECS).

The circadian rhythm is known to regulate hormone release and other
metabolic and behavioural states through diffusion of neuroactive sub-
stances in the intracellular and extracellular space (Bach-y-Rita, 1993;
Sykov�a, 2004). The extra-synaptic transmission in the ECS, also called
volume transmission, is essential in the successful interplay between glial
cells and neurons in response to neuronal activity, necessary for both
ionic, pH and volume homeostasis, as well as regulation of neuronal
transmission and plasticity (Pannasch et al., 2011; Rouach et al., 2008;
Tasker et al., 2012). Specifically, neuronal activity lead to reductions in
ECS volume, assumably due to neuronal and astrocyte swelling (Alexandr
Chv�atal et al., 1999; Prokopov�a-Kubinov�a and Sykov�a, 2000; Sykova and
Nicholson, 2008). Activity-induced cell swelling also occur in oligoden-
drocytes (Chv�atal et al., 1997), with myelination leading to changes in
membrane currents consistent with a reduction in the space around the
oligodendrocytes as well as an overall reduction in the ECS volume
fraction (Chv�atal et al., 1997). Activity-induced changes to the ECS,
which comprises ~20% of brain tissue (Nicholson and Hrab�etov�a, 2017),
is therefore one potential mechanism underlying TOD effects in human
WM microstructure.

While diffusion tensor imaging (DTI) (Basser et al., 1994) is the most
commonly used DWI approach, it enables only indirect measurement of
brain microstructure through Gaussian approximation of water diffusion
and lacks biophysical specificity (Novikov et al., 2018). Recently, several
novel multi-compartment models have been developed in order to infer
more specific information about tissue microstructure, such as the
separable contribution of diffusion in the intra- and extra-axonal space.
The intra-axonal compartment is the water inside collection of axons,
modelled as infinitely long sticks, while the extra-axonal compartment
includes extracellular water, glial cells and other components outside the
axons, assumed to be in fast exchange (Jelescu and Budde, 2017). As a
part of the extra-axonal space compartment, this affords the opportunity
to specifically assess TOD effects in the ECS, which has previously only
been assessed indirectly using DTI. White matter tract integrity (WMTI)
(Fieremans et al., 2011) is a two-compartment model obtained using
diffusion kurtosis imaging (DKI; Jensen et al., 2005). DKI obtains esti-
mations of kurtosis in the signal, which is an index of the degree of
non-Gaussian diffusion, believed to reflect the complexity of tissue
structure. It is shown that including the kurtosis tensor greatly improves
the accuracy of the diffusion tensor estimation (Veraart et al., 2011).
WMTI is derived from the DKI bi-exponential model (Jensen et al., 2005),
in which water by approximation is partitioned into intra-axonal and
extra-axonal space. However, the WMTI model does not consider the
non-straight and non-parallel nature of fibre crossings and orientation
dispersion of WM (Kaden et al., 2016a,b). To account for this, the
spherical mean technique (SMT) model, which is also obtained from DKI
(Kaden et al., 2016a,b), characterises the per-axon diffusion process, as
well as across the entire fibre distribution, by factoring out the
intra-voxel fibre orientation distribution. In this way, the spherical mean
of the diffusion signal for a fixed b-value does not depend on the fibre
orientation distribution (Kaden et al., 2016a,b). Thus, we applied these
two novel biophysical models to assess TOD effects on indices of the
axonal volume fraction, which is the volume fraction of intra-axonal
space relative to extra-axonal space.

Studies have detected differences in measures of WM integrity
(Rosenberg et al., 2014) and cortical volume (Rosenberg et al., 2018)
between individuals of differing chronotypes. There has also been
established sex differences in the human circadian rhythm (Wever,
1984), with women having circadian rhythms of melatonin and body
temperature set to an earlier hour than men. Therefore, assessing indi-
vidual sleep patterns and chronotype will be of relevance to elucidate
possible candidates driving TOD effects. Moreover, variation in exposure
to variables that influence biological clocks (i.e. Zeitgeber signals) would
confound circadian TOD effects. In order to reduce the impact of such
effects, the current study employed a rigorous experimental protocol in
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which physical activity, food intake, caffeine intake, exposure to daylight
and blue-emitting light was controlled for each participant.

The aim of the present work is twofold. First, the current study aimed
to investigate TOD effects on DWI-based brain measures in healthy adults
while controlling for a number of important Zeitgeber signals. To do this,
we employed a within-subject experimental design with constant su-
pervision of participants throughout the experiment to ensure adherence
to the study protocol. Second, in order to assess TOD effects in the ECS,
the current study included estimations of non-Gaussian diffusion metrics
obtained from DKI, WMTI and SMT models, in addition to conventional
DTI-derived parameters. We hypothesised that indices of the axonal
volume fraction would increase due to a reduction in the ECS, possibly
due to activity-induced cell swelling or other mechanisms of sleep
regulation. Moreover, we explored the association between TOD effects
and indices of chronotype, sleep pattern and other sleep-wake-
characteristics.

2. Material and methods

2.1. Participants

127 volunteers were recruited through adverts in a national news-
paper and on social media. Participants underwent a comprehensive
clinical interview based on the Mini-International Neuropsychiatric
Interview (MINI), DSM-IV criteria version 5.0 (Sheehan et al., 1998) and
the Stanley Foundation Network Entry Questionnaire (Suppes et al.,
2001). Volunteers were excluded (n ¼ 41) if they met any of the
following criteria: history of any psychiatric disorder, severe or chronic
somatic disorder, current intake of any regular medication, smoking,
contraindications to MRI or living more than 1 h of travel away from the
MRI facility. Fifteen of the screened participants withdrew just prior to
study start and 22 participants were cancelled due to logistic reasons.
Two additional participants were excluded due to claustrophobic reac-
tion in the scanner. The final sample consisted of 47 healthy adults (age
25.9 � 6.9 years; 30 women). All participants signed informed consent
prior to enrolment and received NOK 1000 for their participation.

2.2. Study design

Participants arrived fasting in the morning for the first MRI scan, after
a night of normal sleep in their own home. The second scan took place
about 11 h later (around 8 p.m.). Immediately after each scan, a blood
sample was drawn from the cubital vein for analysis of haematocrit. After
each scan, participants also indicated their level of sleepiness. Between
scans, participants stayed at the hospital under constant supervision by a
research assistant, following a standardised protocol of activity, exposure
to illuminated screens and intake of food and fluids. Participants were
allowed to read, play games, chat, watch TV or work on a computer at
specified and controlled intervals in between standardised meals and
light physical activity. Caffeine intake and nicotine intake were
controlled to meet each individual’s normal daily dose, as estimated by
recordings in a sleep diary seven days prior to the study. No intake of
food, energy-containing fluids, nicotine and exposure to illuminated
screens were allowed 2 h prior to each MRI scan. Caffeine was not
allowed from 6 h prior to each MRI scan. No intake of fluids was allowed
from 1 h prior to each MRI scan. To ensure that no one fell asleep during
the scans, an MRI-compatible infrared camera was used to monitor that
participants kept their eyes open during the scan (Model 12M-i, MRC
Systems GmbH, Heidelberg, Germany). The camera had a sampling rate
of 25 frames per second and a resolution of 853x480 pixels.

2.3. Assessment of head motion

For estimation of the amount of head motion, three parameters were
calculated as proposed by Power and colleagues (Power et al., 2012).
First, we estimated the maximal shift from each diffusion volume to the
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first volume using the rigid body transformation. Mean maximal shift
across volumes were then estimated for each participant. Second, we
estimated the maximal rotation angle for each diffusion volume in
accordance with the first volume using the rotation component of the
rigid body registration and averaged across all volumes to get the mean
maximal angle. Third, we computed a head framewise displacement (FD)
from the displacement and rotation matrices similar to Power and col-
leagues, using the first diffusion volume as a reference. The FD across
volumes are presented in Supplementary Material 1.

2.4. Assessment of sleep pattern

To ensure participants had slept between 6 and 9 h each night seven
days prior to participation, their individual sleep pattern was recorded by
objective measures using ActTrust actigraphs (Condor Instruments, S~ao
Paulo, Brazil) and by a self-report sleep-wake-diary (Bjorvatn, 2018). The
sleep diary (Bjorvatn, 2018) is a 10-item semi-structured scale to be
completed on a daily basis in order to characterize sleep-related behav-
iour and quality, such as bed time, rise time, or perceived amount of time
taken to fall asleep. We modified the scale to also include two items on
daily caffeine and nicotine consumption. The actigraph measures an in-
dividual’s movements by a digital tri-axial accelerometer with a 60s
epoch. This information is then used to estimate sleep and circadian
parameters. The data obtained from these two measurements were then
combined to reliably estimate each participant’s sleep pattern.

Moreover, chronotype was assessed using the Horne-€Ostberg Morn-
ingness Eveningness Questionnaire (MEQ), a 14-item Likert and 5-item
spectrum scale (Horne and €Ostberg, 1976). Morningness and evening-
ness are scored on a spectrum, with a higher score indicating increased
morningness preference. Sleepiness at the time of each scan was assessed
by the Karolinska Sleepiness Scale (KSS), i.e., a self-report one-item
Likert scale where a higher score indicates greater sleepiness (Åkerstedt
and Gillberg, 1990). KSS has been validated against electroencephalo-
graphic, behavioural and other subjective indicators of sleepiness (Kaida
et al., 2006).

2.5. MRI acquisition

Imaging was performed on a 3T Siemens Prisma scanner (Siemens
Healthcare, Erlangen, Germany) using a 32-channel head coil (Erlangen,
Germany) at the Intervention Centre of Oslo University Hospital. The
DWI scan protocol consisted of a full-brain multi-shell Stejskal-Tanner
(Stejskal and Tanner, 1965) pulsed monoplanar gradient scheme with a
single-shot spin-echo multiband -accelerated echo-planar imaging (EPI)
readout module (Setsompop et al., 2012). 76 axial slices with b-values ¼
[500-1000-2000-3000](s/mm2) and non-coplanar diffusion-sensitized
gradient directions (Stirnberg et al., 2009) with the corresponding
numbers of gradient directions ndir ¼ [12-30-40-50] were acquired. The
following parameters were applied: repetition time/echo time ¼ 2450
ms/85 ms, field-of-view ¼ 212 � 212 mm2, slice thickness ¼ 2 mm,
matrix ¼ 106, voxel size ¼ 2 � 2 � 2 mm3, flip-angle ¼ 78�, multi-band
acceleration factor¼ 4. Acquisition time was 8 min 21 s. In addition, five
non-diffusion-weighted image sets (b ¼ 0) of opposite phase-encode di-
rection – but otherwise identical imaging parameters –were acquired for
correction of susceptibility distortions. Acquisition time was 31 s.

2.6. MRI preprocessing

The measured diffusion data were post-processed using a pipeline
consisting of six general blocks (Maximov et al., 2019). First, in order to
perform a correction of spatially distributed noise (Aja-Fern�andez et al.,
2014; Maximov et al., 2012) we used a principle component analysis of
Marchenko-Pastur noise-only distribution (Veraart et al., 2016a,b),
thereby enabling signal-to-noise ratio enhancement by applying the
Rician noise correction. Then Gibbs ringing artefacts, appearing due to a
k-space truncation along finite image sampling, were corrected post hoc
3

(Kellner et al., 2016). EPI-induced geometric distortions in the phase
encoding direction originating from magnetic field inhomogeneities
were corrected with the FSL topup utility applied to b¼ 0-image sets with
opposite polarity of the phase-encoding gradient (Andersson et al., 2003;
Smith et al., 2004). Next, FSL eddy utility was used to correct for artefacts
originating from bulk head motion, eddy-currents and susceptibility
distortions. In addition, we applied outlier detection-correction and
in-slice-volume alignments as implemented in the eddy patch FSL version
5.0.11 (eddy_cuda) (Andersson et al., 2017; Andersson et al., 2016;
Andersson and Sotiropoulos, 2016). We used the N4BiasFieldCorrection
utility from ANTs (Tustison et al., 2010) in order to estimate field
non-uniformity, which was corrected for in all diffusion-weighted im-
ages. Finally, we used a 1 mm3 Gaussian kernel for smoothing the raw
diffusion data in order to suppress any remaining artefacts using the
fslmaths function in FSL.

2.7. Model fitting

Diffusion maps of DTI and DKI derived metrics were estimated using
Matlab R2014a (MathWorks, Natick, Massachusetts, USA) as proposed
by Veraart and colleagues (Veraart et al., 2013). The DTI model include
the following metrics: mean diffusivity (MD), which is a measure of the
overall diffusivity within a voxel; fractional anisotropy (FA), which is a
measure of the directionality or anisotropy of the diffusion in each voxel;
axial diffusivity (AD), a measure of diffusion along the main axis of
diffusion, and radial diffusivity (RD), a measure of diffusion along the
direction orthogonal to the main axis. The DKI model include metrics
mean kurtosis (MK), axial kurtosis (AK) and radial kurtosis (RK), which
are quantifications of the degree of deviation by the diffusion displace-
ment probability distribution from the Gaussian form (Jensen et al.,
2005). DTI and DKI metrics represent integrative metrics, sensitive to the
changes averaged over the voxel. Axonal water fraction (AWF), which is
a ratio of intra-axonal water relative to the total water, and extra-axonal
diffusivities – axial (axEAD) and radial (radEAD) – were estimated based
on the WMTI model using the DKI metrics (Fieremans et al., 2011).
WMTI presents the two compartment WMmodel (intra- and extra-axonal
water pools) in the case of highly coherent neurite bundles. The
intra-neurite volume fraction (INVF) - a ratio of intra-neurite or
intra-axonal water relative to the total water, extra-neurite or
extra-axonal MD (exMD) and extra-neurite RD (exRD) were estimated
from the SMT model (Kaden et al., 2016a,b). In order to avoid depen-
dence of the diffusion metrics on the spatial orientation of the neurite
bundles and its orientation dispersion function, the SMT model uses
orientationally averaged diffusion signal for estimation of the tissue pa-
rameters in intra- and extra-axonal space.

2.8. Statistical analyses of diffusion data

Statistical analysis was performed using tract-based spatial statistics
(TBSS; Smith et al., 2006). First, FA images were aligned to standard
space by non-linear registration to the FMRIB_FA standard-space image
using FSL tool FNIRT (Andersson et al., 2007a, 2007b), which relies on a
b-spline representation of the registration warp field (Rueckert, 1999).
Then themean FA of all participants was calculated in standard space and
thinned to create a mean FA skeleton. Finally, the mean FA skeleton
image was thresholded and binarised at 0.25 to reduce the likelihood of
partial volume effects. Aligned image sets from each participant were
projected onto the mean skeleton before performing voxel-wise group--
level statistics. The same nonlinear warps and “skeletonisation” proced-
ure were then used for the remaining diffusion metric maps.

Voxel-wise statistics were performed using the FSL randomise tool,
which performs permutation-based statistics (Winkler et al., 2014). For
each participant the difference between the two time-points was calcu-
lated by subtracting one skeleton map from the other. Voxel-wise one--
sample t-tests were then carried out on these difference maps to test
whether there was any significant difference between morning and
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evening. These tests were computed with threshold-free cluster
enhancement (TFCE; Smith and Nichols, 2009) and 5000 possible per-
mutations. The resulting statistical maps are corrected for family-wise
error (FWE) and were thresholded at p < .05. Cross-correlations be-
tween significant metrics within each diffusion model were calculated
using FSL tool fslcc, which calculates the Pearson’s correlation coefficient
between two statistical maps.

Next, average values of diffusion metrics across clusters showing
significant changes were calculated and further examination completed
in R (R Core Team, 2018). In a secondary analysis, four additional linear
mixed models were tested for each metric to assess whether there were
any interaction effects between changes in diffusion metrics and age,
gender, amount of head motion, as estimated by the framewise
displacement, and haematocrit, as an index of hydration level.
2.9. Statistical analyses of sleep-wake-characteristics

Exploratory correlation analyses were conducted to test whether
there was any association between diffusion metrics and sleep-wake-
characteristics. In these analyses, the following measures were
included as sleep-wake-characteristics: 1) average total sleep time (TST)
per night for the previous week and 2) TST for the previous night, as
measured by sleep diary and actigraphy, as well as 3) change in subjec-
tive sleepiness frommorning to evening. Associations with the additional
following measures were also tested: 4) chronotype, as measured by
MEQ; 5) subjective sleepiness at the time of the morning scan and 6)
subjective sleepiness at the time of the evening scan, as measured by KSS;
7) wakefulness duration, as measured by hours and minutes elapsed
between waking up and the time of the evening scan; and 8) time elapsed
between scans, as measured by hours and minutes elapsed between the
morning and evening scan. As it is both common and a very conservative
approach, we relied on Bonferroni corrections in these analyses to control
the FWE. In cases where participants had missing data, they were
excluded from that analysis.

Finally, associations between TOD effects on diffusion metrics and
sleep-wake-characteristics were repeated to test whether results differed
for individuals with differing chronotypes. The group was split into three;
morning-type, evening-type or neither, and correlations were repeated
for each group separately. In addition, linear mixed models were
computed to assess whether TOD effects remained significant when
controlling for chronotype and TST in the previous week and previous
night.
Table 1
Descriptive statistics for sleep characteristics, wakefulness duration and scan
times.

All participants (n ¼
47)

Horne-€Ostberg Morningness Eveningness Questionnaire
(16–86)a

49.84 � 9.17

Average total sleep time (TST) week before study1,b (h:min) 6:58 � 0:57
Average total sleep time (TST) night before study1,c (h:min) 6:28 � 1:02
Timing of morning scan (hh:min) 09:06 a.m. � 0:40
Timing of evening scan (hh:min) 08:10 p.m. � 1:02
Karolinska Sleepiness Scale (KSS) score at morning scan
(1–9)

4.34 � 1.86

Karolinska Sleepiness Scale (KSS) score at evening scan
(1–9)

5.10 � 1.65

Wakefulness duration at evening scanc 12:52 � 2:06

Note. 1 Reported total sleep time as measured by actigraphy and controlled
against sleep diary.

a Missing for one participant.
b Missing for three participants.
c Missing for seven participants.
2.10. Test-retest reliability

To address the concern of test-retest reliability in diffusionMRI (Duan
et al., 2015), a subsample (n ¼ 23; 15 women) of participants were
scanned the next morning after a night of sleep in their own home.
Actigraphy and sleep diary measures indicated that participants had slept
on average 6 h 37min� 45min this night. The secondmorning scan took
place at 08:40 a.m. � 01:16. Test-retest reliability was then estimated
using intraclass correlation (ICC; Shrout and Fleiss, 1979) voxel-wise
across the mean skeleton for each morning scan. Specifically, we calcu-
lated the absolute agreement between the two time points using a
two-way random effect model and units of single rater. For interpreta-
tion, we relied on the following guidelines: kappa below .50 was
considered poor, kappa between .50 and .75 moderate, between 0.75 and
0.90 good, and above 0.90 excellent (Koo and Li, 2016). In addition, we
tested whether the differences observed from morning to evening were
significantly different from the differences observed from morning to
morning. Specifically, we created a difference image by subtracting the
difference image for morning-morning changes from the difference
image for morning-evening changes. We then completed the same
analysis pipeline as described above for the morning to evening changes.
4

3. Results

3.1. Sleep pattern, wakefulness duration and scan times

All participants had slept ~7 h each night for the past week, as
recorded by self-report and corroborated by actigraphy measurements
seven days prior to the start of the study (Table 1). However, participants
slept significantly shorter the night before the study compared to their
average sleep duration in the seven days prior to the start of the study
(t(39) ¼ �3.87; p < .05). Timing of scans, wakefulness duration and
sleepiness as measured by KSS at the time of each scan, are reported in
Table 1. The reported sleepiness in the morning and evening was not
statistically different (t(67) ¼ �1.88, p ¼ .06), however there was a sig-
nificant positive correlation between the timing of the evening scan and
sleepiness in the evening (r ¼ 0.47, p ¼ .008). There were no significant
correlations between chronotype and TST in the previous week (r¼ 0.13,
p > .05) or previous night (rho ¼ 0.31, p > .05). Haematocrit levels (%)
differed from morning to evening (t(39) ¼ 3.18; p < .01), with estimated
values being 41.24 � 3.38 in the morning and 40.51 � 3 in the evening.
Data was collected during the summer season of 2018. During this
period, the daytime duration in Oslo, Norway was 17:46:29 � 1:28:24 h
per day.
3.2. Changes in diffusion metrics from morning to evening

Results showed widespread changes from morning to evening in
diffusion metrics derived from DTI, DKI, WMTI and SMT models. Cluster
information and effect sizes for each metric are summarised in Table 2.
Correlations within each significant diffusion metric and cross-
correlations for significant metrics within each diffusion model are
summarised in Table 3 and Table 4 (Plots in Supplementary Material 2).

3.2.1. Changes to the metrics of the DTI model
Widespread significant increases were found in FA, mainly in one

bilateral cluster spanning large parts of the WM skeleton (1% increase;
See Fig. 1A). The mean value across this cluster for each participant is
shown in Fig. 1B, with 44 of the 47 participants showing an increase in
FA. No voxels showed significant decreases in FA. The increases in FA
were accompanied by widespread decreases in MD and RD (0.7% and
1.1% decrease, respectively). Changes in MD and RD were each evident
as one large bilateral cluster spanning large parts of the WM skeleton. 43
of the 47 participants showed a decrease in MD, while 42 showed a
decrease in RD. No voxels showed significant increases in MD or RD and
there were no significant AD alterations. Testing for any potential in-
teractions between DTI changes and age, gender, amount of head motion



Table 2
Significant changes in diffusion indices of white matter microstructure after a day
of wakefulness.

Diffusion
model

Diffusion
metric

Change
after a
day of
waking

No. of
voxels
in
cluster

MNI (x,
y, z)
maxima

Peak
voxel
p-
value

Cohen’s
da

DTI FAb ↑ 47009 39, �5,
�37

<.001 .2

MDb ↓ 41885 46,
�31, 3

<.001 .13

RD ↓ 51444 �24,
15, �19

<.001 .14

DKI MK ↑ 39111 �39,
�35, 1

.001 .16

AKb ↑ 6328 �38,
�7, �24

.006 .29

↑ 2330 14, 43,
�15

.007

↑ 1976 27, 5, 24 .03
↑ 1729 19,

�78, 17
.02

RKb ↑ 29531 20, 35,
24

.001 .22

WMTI AWF ↑ 34574 �39,
�36,
�14

<.001 .21

axEADb ↑ 6208 �8,
�39, 12

.005 .37

radEADb ↓ 28102 �35,
�34, 26

.01 .2

↓ 4866 36,
�56, 7

.01

SMT INVF ↑ 52898 �45,
�13,
�34

<.001 .16

exRD ↓ 55996 46,
�10,
�35

<.001 .12

Note. MNI; Montreal Neurological Institute. DTI; diffusion tensor imaging. FA;
fractional anisotropy. MD; mean diffusivity. RD; radial diffusivity. DKI; diffusion
kurtosis imaging. MK; Mean kurtosis. AK; Axial kurtosis. RK; radial kurtosis.
WMTI; white matter tract integrity. AWF; axonal water fraction. axEAD; extra-
axonal axial diffusivity. radEAD; extra-axonal radial diffusivity. SMT; spherical
mean technique. INVF; intra-neurite volume fraction. exRD; extra-neurite RD. All
p-values are corrected for multiple comparisons with TFCE.

a These calculations are based on the average across all significant clusters for
each metric.

b Smaller clusters not reported here were also significant for this metric, with
less than 1000 voxels each.

Table 3
Correlations within each diffusion metric across measurements.

M-E M-Δ E�Δ

FA .98*** -.11 .07
MD .99*** .1 -.05
RD .99*** .13 -.02
MK .98*** -.03 .17
AK .98*** -.19 .02
RK .97*** .08 .34*
AWF .98*** .0 .19
axEAD .93*** .03 .04**
radEAD .98*** .04 -.17
INVF .98*** -.14 .08
exRD .99*** -.08 -.21

Note. Values indicates the Pearson correlation coefficient. M-E; morning to eve-
ning. M-Δ; morning to change frommorning to evening. E�Δ; evening to change
from morning to evening. FA; fractional anisotropy. MD; mean diffusivity. RD;
radial diffusivity. MK; mean kurtosis. AK; axial kurtosis. RK; radial kurtosis. AWF;
axonal water fraction. axEAD; extra-axonal axial diffusivity. radEAD; extra-
axonal radial diffusivity. INVF; intra-neurite volume fraction. exRD; extra-
neurite radial diffusivity.
*indicates p < .05.
**indicates p < .01.
***indicates p < .001.
Bold indicates significance after Bonferroni-correction (n ¼ 33).

Table 4
Cross-correlations for metrics within each diffusion model.

Diffusion
metric

DTI-
MD

DTI-
RD

DKI-
AK

DKI-
RK

WMTI-
axEAD

WMTI-
radEAD

SMT-
exRD

DTI-FA .65 .84
DKI-MK .57 .82
WMTI-
AWF

.46 .43

SMT-INVF .79

Note. FA; fractional anisotropy. MD; mean diffusivity. RD; radial diffusivity. MK;
mean kurtosis. AK; axial kurtosis. RK; radial kurtosis. AWF; axonal water fraction.
axEAD; extra-axonal axial diffusivity. radEAD; extra-axonal radial diffusivity.
INVF; intra-neurite volume fraction. exRD; extra-neurite radial diffusivity.
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and hydration revealed a significant interaction between gender and MD
(0.047, SE ¼ 0.02, p ¼ .03). None of the other metrics showed any sig-
nificant interaction effect with age, gender, amount of head motion or
hydration (p > .05; See Supplementary Material 3 and 4).

3.2.2. Changes to the metrics of the DKI model
Widespread significant increases were also found in one large bilat-

eral cluster for MK (0.9% increase; See Fig. 2A). The mean value across
this cluster for each participant is shown in Fig. 2B, with 41 of the 47
participants showing an increase in MK. No voxels showed significant
decreases in MK. The increases in MK were driven by widespread in-
creases in AK and RK (1.2% and 1.6% increase, respectively). AK showed
increases in several smaller clusters involving tracts such as the inferior
longitudinal, inferior fronto-occipital and superior longitudinal fasciculi
bilaterally, as well as the anterior thalamic radiation, forceps minor and
uncinate fasciculi, while RK showed increases mainly in one large cluster
spanning large parts of the WM skeleton. All of the 47 participants
showed a mean increase in AK and 41 in RK across clusters with signif-
icant changes. No voxels showed significant decreases in AK or RK.
Testing for any potential interactions between DKI changes and age,
gender, amount of head motion and hydration did not reveal any
5

significant interactions (p > .05; See Supplementary Material 3 and 4).

3.2.3. Changes to metrics of the WMTI model
Widespread significant increases were found in one large cluster for

AWF (1.2% increase; See Fig. 3A). The mean value across this cluster for
each participant is shown in Fig. 3B, with 45 of the 47 participants
showing an increase in AWF. No voxels showed significant decreases in
AWF. The increases in AWF were accompanied by increases in axEAD
(1% increase) and widespread decreases in radEAD (1.2% decrease).
axEAD showed increases in tracts such as the anterior thalamic radiation,
corticospinal tract, cingulum, forceps minor and forceps major. 46 of the
47 participants showed a mean increase in axEAD across the cluster with
significant changes, while 44 of the 47 participants showed a mean
decrease in radEAD. No voxels showed significant decreases in axEAD or
significant increases in radEAD. Testing for any potential interactions
between WMTI changes and age, gender, amount of head motion and
hydration revealed a significant interaction between gender and axEAD
(0.12, SE ¼ 0.052, p ¼ .02). None of the other metrics showed any sig-
nificant interaction effect with age, gender, amount of head motion or
hydration (p > .05; See Supplementary Material 3 and 4).

3.2.4. Changes to the metrics of the SMT model
Widespread significant increases were found in one large bilateral

cluster for INVF (1.4% increase; See Fig. 4A). The mean value across this
cluster for each participant is shown in Fig. 4B, with 40 of the 47 par-
ticipants showing an increase in INVF. No voxels showed significant
decreases in INVF. The increases in INVF were accompanied by



Fig. 1. Changes observed in diffusion tensor imaging (DTI) metrics from morning to evening. A) Clusters with significant increases in fractional anisotropy (FA; left),
significant decreases in mean diffusivity (MD; middle) and significant decreases in radial diffusivity (RD; right). B) Mean value across significant clusters for each
participant in FA (left), MD (middle) and RD (right). All p-values are corrected for family-wise error (FWE). Slices are displayed in MNI coordinates 0, -18, 18.
Significant clusters are inflated for illustrative purposes.
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Fig. 2. Changes observed in diffusion kurtosis imaging (DKI) metrics from morning to evening. A) Clusters with significant increases in mean kurtosis (MK; left),
significant increases in axial kurtosis (AK; middle) and significant increases in radial kurtosis (RK; right). B) Mean value across significant clusters for each participant
in MK (left), AK (middle) and RK (right). All p-values are corrected for family-wise error (FWE). Slices are displayed in MNI coordinates 0, -18, 18. Significant clusters
are inflated for illustrative purposes.
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Fig. 3. Changes observed in white matter tract integrity (WMTI) metrics from morning to evening. A) Clusters with significant increases in axonal water fraction
(AWF; left), significant increases in extra-axonal axial diffusivity (axEAD; middle) and significant decreases in extra-axonal radial diffusivity (radEAD; right). B) Mean
value across significant clusters for each participant in AWF (left), axEAD (middle) and radEAD (right). All p-values are corrected for family-wise error (FWE). Slices
are displayed in MNI coordinates 0, -18, 18. Significant clusters are inflated for illustrative purposes.
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Fig. 4. Changes observed in spherical mean technique (SMT)
metrics from morning to evening. A) Clusters with significant
increases in intra-neurite volume fraction (INVF; left) and
significant decreases in extra-axonal radial diffusivity (exRD;
right). B) Mean value across significant clusters for each
participant in INVF (left) and exRD (right). All p-values are
corrected for family-wise error (FWE). Slices are displayed in
MNI coordinates 0, -18, 18. Significant clusters are inflated for
illustrative purposes.
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widespread decreases in one large bilateral cluster of exRD (1.2%
decrease). 42 of the 47 participants showed a mean decrease in exRD
across the cluster with significant changes. No voxels showed significant
increases in exRD. No significant changes were found in exMD. Testing
for any potential interactions between SMT changes and age, gender,
amount of head motion and hydration did not reveal any significant in-
teractions (p > .05; See Supplementary Material 3 and 4).

3.3. Relationship between diffusion changes and sleep-wake-characteristics

Correlation tests between diffusion metrics and sleep-wake-
characteristics revealed significant positive associations between values
of FA and AWF in the morning and sleep duration in the previous week
(see Table 5; Plots in Supplementary Material 5). In addition, there were
significant negative associations between RD and radEAD in the morning
and sleep duration in the previous week. However, none of these asso-
ciations remained significant when adjusting for multiple comparisons
(p> .05; Bonferroni-corrected). For diffusion values in the evening, there
were significant positive associations between values of FA, MK, RK,
AWF and INVF and sleep duration in the previous week (see Table 5;
Plots in Supplementary Material 5). In addition, there were significant
negative associations between values of RD, radEAD and exRD in the
evening and sleep duration in the previous week. The association be-
tween FA in the evening and sleep in the previous week remained sig-
nificant when adjusting for multiple comparisons (p < .001; Bonferroni-
corrected), while the other associations did not. We also found associa-
tions between changes in MK, RK, AWF and INVF and sleep duration both
in the previous week and the night before the study (see Table 5; Plots in
Supplementary Material 5). In addition, changes in exRD was negatively
associated with sleep duration in the previous week. Changes in MK and
RK were negatively associated with changes in sleepiness from morning
to evening. Changes in INVF was also negatively associated with time
elapsed between scans (see Supplementary Material 6). Moreover,
changes in MK and RK were negatively associated with sleepiness in the
evening. However, none of these associations remained significant when
correcting for multiple comparisons (p > .05; Bonferroni-corrected).

3.3.1. Diffusion changes for each chronotype
When splitting participants into groups based on their chronotype, we

found that for evening type people, there were significant positive cor-
relations between sleep in the previous week and changes in MD (r ¼
0.68, p ¼ .04) and RD (r ¼ 0.67, p ¼ .05). Moreover, there were
Table 5
Inter-subject correlations between diffusion values and the sleep measures for significa

Diffusion metric value TST week beforea,1 TST

M E Δ M

FA .4** .44** .24 .17
MD -.26 -.28 .11 -.06
RD -.32* -.35* .18 -.11
MK .24 .30* .30* .01
AK .17 .17 -.04 -.01
RK .28 .37** .41** .01
AWF .33* .39** .39** .08
axEAD -.0 .01 .04 -.02
radEAD -.32* -.32* -.05 -.13
INVF .24 .30* .32* -.02
exRD -.28 -.31* .29* -.03

Note. TST; Total sleep time. KSS; Karolinska Sleepiness Scale. M; morning. E; even
diffusivity. RD; radial diffusivity. MK; mean kurtosis. AK; axial kurtosis. RK; radial kur
extra-axonal radial diffusivity. INVF; intra-neurite volume fraction. exRD; extra-neur
1 Missing for three participants.
2 Missing for seven participants.
*indicates p < .05.**indicates p < .01.
Bold indicates significance after Bonferroni-correction (n ¼ 99).

a Values indicates the Pearson correlation coefficient.
b Values indicates the Spearman correlation coefficient.
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significant positive correlations between sleep in the previous night and
changes in FA (rho ¼ 0.81, p ¼ .02), RD (rho ¼ 0.76, p ¼ .04) and exRD
(rho ¼ 0.81, p ¼ .02). For morning type people, we found that sleepiness
in the morning was negatively associated with changes in AK (r¼�0.77,
p ¼ .02) and that sleep in the previous night was positively associated
with changes in INVF (rho ¼ .94, p ¼ .02), RD (rho ¼ 0.94, p ¼ .02) and
radEAD (rho ¼ 0.94, p ¼ .02). Finally, for people that were neither
evening nor morning type, we found that sleepiness in the evening was
negatively associated with MK (rho ¼ �0.63, p ¼ .01), RK (rho ¼ �0.59
p ¼ .01), AWF (rho ¼ �0.53, p ¼ .03) and INVF (rho ¼ �0.50, p ¼ .04).
Moreover, sleep in the previous week was positively associated with RK
(r ¼ .45, p < .02) and AWF (r ¼ 0.37, p ¼ .05). However, none of these
correlations survived corrections for multiple comparisons (Bonferroni-
correction; n ¼ 99).

3.3.2. Diffusion changes controlling for chronotype and individual sleep
pattern

Linear mixed models were computed to test whether the observed
TOD effects on diffusion metrics remained significant when including
chronotype and sleep pattern (TST in the previous week and TST in the
previous night) as independent variables. These tests revealed a signifi-
cant effect of sleep in the previous week (t(36) ¼ 2.14, p ¼ .04) on the
change in FA from morning to evening, which did not remain significant.
The other diffusion metrics all remained significant and showed no effect
of neither chronotype nor sleep pattern.

3.4. Test-retest reliability

There was excellent absolute agreement between the first and second
morning scan for all metrics, except axEAD, which showed a moderate
absolute agreement, and radEAD, which showed a good absolute
agreement (see Table 6). The comparison of differences observed from
morning to evening with differences in the two morning images revealed
widespread significant differences in FA, AWF, axEAD and INVF (see
Supplementary Material 7). No significant changes were found in any of
the remaining metrics.

4. Discussion

In this work, we assessed TOD effects in integral DWI-based brain
measures obtained from DTI, non-Gaussian measures by DKI, and in
biophysical models, including WMTI (Fieremans et al., 2011) and SMT
nt clusters for morning (M), evening (E) and difference (delta) diffusion measures.

night beforeb,2 Change in KSSa

E Δ M E Δ

.19 .12 -.02 .02 .2
-.12 .15 .08 .09 -.01
-.13 .13 .07 .05 .11
.04 .35* -.2 -.27 -.36*
.01 .16 -.2 -.18 .13
.12 .34* -.16 -.28 -.43*
.16 .38* -.09 -.15 -.26
-.02 .0 .21 .18 -.02
-.13 .02 .04 -.02 .29
.05 .42** -.18 -.22 -.17
-.07 .27 .1 .13 -.19

ing. Δ; change from morning to evening. FA; fractional anisotropy. MD; mean
tosis. AWF; axonal water fraction. axEAD; extra-axonal axial diffusivity. radEAD;
ite radial diffusivity.



Table 6
Intra-class correlations (ICC) between mean skeleton diffusion values from the
first and second morning scan.

Diffusion metric value Kappa p-value 95% Confidence interval

FA .98 <.001 [.9810, .9810]
MD .92 <.001 [.9205, .9219]
AD .96 <.001 [.9648, .9652]
RD .96 <.001 [.9588, .9595]
MK .93 <.001 [.9325, .9327]
AK .91 <.001 [.9140, .9146]
RK .93 <.001 [.9338, .9341]
AWF .94 <.001 [.9370, .9373]
axEAD .65 <.001 [.6468, .6478]
radEAD .87 <.001 [.8655, .8668]
INVF .95 <.001 [.9507, .9508]
exRD .93 <.001 [.9320, 9326]

Note. FA; fractional anisotropy. MD; mean diffusivity. AD; axial diffusivity. RD;
radial diffusivity. MK; mean kurtosis. AK; axial kurtosis. RK; radial kurtosis. AWF;
axonal water fraction. axEAD; extra-axonal axial diffusivity. radEAD; extra-
axonal radial diffusivity. INVF; intra-neurite volume fraction. exRD; extra-
neurite radial diffusivity.
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(Kaden et al., 2016a,b). The application of novel biophysical models
allowed us to investigate the separable effect of diffusion in intra- and
extra-axonal space. We found that wakefulness from morning to evening
was associated with widespread changes in DWI-based brain measures
and that these were consistent across different diffusion models. Specif-
ically, we found increases in axonal water fractions, FA and indices of
kurtosis, in addition to reductions in radial diffusivity measures both in
single-compartment RD and in extra-axonal space. This is in line with
what we would expect if the change is driven by reductions in the ECS
volume, suggesting that TOD effects on conventional DTI indices, such as
RD and FA, could be driven by reductions in ECS. We also found re-
ductions in MD and increases in extra-axonal axial diffusivity of the
WMTI model. Importantly, all changes spanned a majority of WM tracts,
involving several association fibres, projection fibres and commissural
fibres, such as the longitudinal fasciculi, corpus callosum, thalamic ra-
diations and the corticospinal tract. This suggests the effect is global
rather than specific to local brain regions. Taken together, these findings
are in line with a role for ECS dynamics in driving TOD effects in DWI.

Previous studies assessing TOD effects in DWI report mixed results. In
the WM skeleton, widespread increases in FA were found after a day of
wake, which were mainly driven by RD decreases (Elvsåshagen et al.,
2015). The current replication of these findings in an independent sam-
ple, also including females and using a different MRI scanner, are
encouraging and support the reliability of this change in DTI indices from
morning to evening. In the whole brain, reductions in apparent diffusion
coefficient (ADC), RD, AD and FA frommorning to eveningwere detected
(Jiang et al., 2014). A similar result was obtained with region-based
assessment of cortical MD, in which wakefulness (12h) and sleep depri-
vation (24h) accompanied by intensive cognitive training led to a
decrease compared to baseline wake (Bernardi et al., 2016), changes that
were reversed after sleep. In contrast, increases in MD, AD and RD were
found at the interface of GM-CSF from~10 to 12 a.m. to ~2–4 p.m., with
no significant changes in FA (Thomas et al., 2018).

The differences in the direction of change between these studies may
reflect methodological differences, such as different comparison
methods, and assessment of changes in different brain regions. For
example, the changes observed in Thomas and colleagues were at the
CSF-GM interface and Bernardi and colleagues (Bernardi et al., 2016)
assessed changes to cortical MD. These brain regions were not assessed in
the current study. Because voxel-wise comparisons are complicated by
inter-individual variation and partial volume effects, the current study
relied on TBSS and assessed wakefulness-related changes in the WM
skeleton. WM is likely to experience different wakefulness-related pro-
cesses than those in GM, due to differences in tissue architecture and
function. This may explain the difference observed in FA between the
11
current study and that by Jiang and colleagues (Jiang et al., 2014).
In their dual compartment model, Thomas and colleagues modelled

intracellular and extracellular water together as the slower-diffusing
water pool (Thomas et al., 2018). Interestingly, they found no change
in MD from morning to afternoon in this water pool, which is not
consistent with the current observation that ECS decreases after a day of
wakefulness. Beyond the fact that the ECS of different brain regions are
assessed, this discrepancy may reflect the difference in time elapsed be-
tween scans. The current study allowed approximately seven more hours
to pass between scans, by which the difference in ECS volume may have
become sufficiently large to be detected by MRI. Another possibility is
that the inclusion of intracellular water in the water pool masked the
change to ECS in their study.

4.1. Probing physiological mechanisms underlying TOD effects in DWI

By applying novel biophysical models to the diffusion data, we were
able to separate TOD effects in the intra- and extra-axonal water com-
partments. We found reduced diffusivity within extra-axonal space after
a day of wakefulness, which is in line with reductions of ECS volume. As
mentioned in the introduction, neuronal activity is known to cause
transient reductions of the ECS volume due to cell swelling, predomi-
nantly of astrocytes, but also other glial cells and neurons (Sykova and
Nicholson, 2008). One key characteristic defining wakefulness compared
to a sleep state is activity-induced neuronal activity. It is possible then,
that the reductions observed in the current study reflect mechanisms
underlying activity-induced cell swelling. The seminal study by Xie and
colleagues (Xie et al., 2013) found activity-induced cell swelling during
wakefulness to result in a 60% reduction of the ECS as compared to sleep.
During sleep, larger ECS volume was associated with increased convec-
tive exchange of CSF with interstitial fluid (ISF), increasing the rate of
β-amyloid clearance. This waste clearance system has been named the
“glymphatic system,” which proposes that this exchange occurs by a
unique system of perivascular channels formed by astroglial cells, which
during sleep is cleared out of the brain through a paravenous ISF clear-
ance route (Iliff et al., 2012; Taoka et al., 2018; Wolf et al., 2019). This
implicates sleep in the successful regulation of ECS homeostasis by
clearance of accumulating metabolic waste during wakefulness, which
supports the possibility that sleep mechanisms are involved in TOD
effects.

Attempts have been made to identify the “glymphatic” waste clear-
ance system in humans using MRI, with one study reporting larger total
CSF volume and changes in diffusivity during sleep as compared to wake
(Demiral et al., 2018). Specifically, sleep was associated with increases in
slow-ADC in the cerebellum and left temporal pole, in addition to de-
creases in fast-ADC in the thalamus, insula, parahippocampus and striatal
regions. Moreover, the sleep-associated increases in cerebellar slow-ADC
were associated with the increases in CSF volumes. The increases in ADC
and CSF volume during sleep can be taken as evidence for increased ECS
volume and the existence of a “glymphatic” system in humans. However,
the participants in this study were 24 h sleep deprived at the time of sleep
in the MRI scanner, which may have influenced their baseline brain
measures. A recent study reported that MRI was sensitive to
Alzheimer-related reductions in glymphatic regulation by characterising
diffusion in perivascular spaces (Taoka et al., 2017). They did this by
quantifying diffusion in brain areas where the direction of perivascular
spaces run perpendicular to white matter fibres, arguing diffusion in this
direction reflect glymphatic activity. However, they relied on the con-
ventional DTI model that does not accommodate crossing fibres, which
complicates the interpretation of their findings. Moreover, they did not
report on the timing of the scan, meaning differences in timing between
participants may have introduced confounding TOD effects in this study.
Furthermore, controversies exist as to the existence of convective flow in
human ECS (Abbott et al., 2018; Jin et al., 2016). Convective flow in the
human brain can be explained by diffusion processes (Jin et al., 2016). As
a result, the DWI scalar metrics may undergo an influence of
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“glymphatic” components (Maximov and Vellmer, 2019; Vieni et al.,
2020).

Thus, due to the difficulty with which to identify glymphatic mech-
anisms using diffusion MRI, the current study can only speculate on the
link between our findings and glymphatic processes.

Extensive neuronal activity, such as during learning, lead to changes
in human WM detected by DTI within hours following spatial (Hofstetter
et al., 2013) and visuomotor learning (Scholz et al., 2009). In rodents,
DTI-derived changes to WM were associated with histological increases
in myelination following motor (Sampaio-Baptista et al., 2013) and
spatial learning (Blumenfeld-Katzir et al., 2011). Relatedly, studies have
reported activity-induced alterations to WM structure over short time
scales, such as changes to the axon itself (Ch�ereau et al., 2017), other
non-myelin related changes to OPC proliferation (Gibson et al., 2014)
and oligodendrocyte differentiation (Xiao et al., 2016), or changes to
myelin structure (Wake et al., 2011). It seems plausible that any of these
structural alterations could lead to changes in the ECS volume. As such,
mechanisms of WM plasticity represent an alternative explanation for the
current findings. In support of a role for ECS dynamics in learning, one
study found that the degree of learning impairment during ageing closely
correlated with a decrease in ECS volume (Sykov�a et al., 2002).

4.2. Associations between diffusion changes and sleep-wake-characteristics

There were several associations between TOD effects and other sleep-
wake-characteristics, such as positive associations between axonal vol-
ume fractions and sleep in the previous week. Radial diffusivity indices
were also, but negatively, associated with sleep in the previous week. The
direction of these associations is in concert with the changes that we
observed in these measures after a day of wakefulness, which implicates
sleep in the previous week as a potential candidate for driving TOD ef-
fects. Considering that the sleep duration of this sample were in the lower
range of what is considered enough sleep for their age range (Hayley
et al., 2015), it can be speculated whether this link reflects accumulating
sleep pressure or other sleep regulating effects. There were also positive
associations between changes in indices of kurtosis, as well as the axonal
volume fractions, and sleep duration both in the previous week and the
night before the study. Changes in extra-axonal radial diffusivity was
negatively associated with sleep in the previous week. Moreover,
changes in indices of kurtosis were negatively associated with changes in
sleepiness from morning to evening. These associations further highlight
the possible link between sleep-wake-regulation processes and changes
to diffusion indices of brain microstructure. Importantly, however, apart
from the association between FA and sleep in the previous week, these
associations did not remain significant after correcting for multiple
comparisons. This could be a power issue, in which the current study
does not have a sufficiently large sample to detect such small effects.
Interestingly, all TOD effects remained significant when controlling for
sleep in the previous week, except for FA. Thus, it appears that, compared
to the other diffusion metrics, FA is particularly susceptible to variations
in sleep duration.

Due to the observed differences in WM microstructure depending on
chronotype (Rosenberg et al., 2018, 2014), the current study addressed
the effect of chronotype on TOD effects by testing if there were any
differences in TOD effects between differing chronotypes in the current
sample. While we did find differing associations with other
sleep-wake-characteristics between chronotypes, we did not find any
significant effect of chronotype on TOD effects in the diffusion data.
Moreover, associations between type of chronotype and other
sleep-wake-characteristics did not survive corrections for multiple com-
parisons. This lack of chronotype-specific effects can be reconciled with
the previously observed effects due to differences in experimental setup.
The current study used a within-subject longitudinal setup, while
Rosenberg and colleagues (Rosenberg et al., 2014) relied on a
cross-sectional design. Chronotype-specific structural group differences
may not result in chronotype-specific TOD effects within each individual.
12
Nevertheless, further studies are needed to clarify the relationship be-
tween TOD effects, chronotype and other sleep-wake-characteristics.

4.3. Additional methodological considerations and future directions

A number of limitations should be considered. Although the current
study controlled for many physiological confounds and Zeitgeber vari-
ables, such as head motion, hydration level, caffeine intake, food intake
and sleep habits, we did not control for respiration, cardiac pulsation,
body temperature or blood pressure, which could influence the MRI
signal in general. Moreover, although we aimed for an even gender dis-
tribution, our final sample consisted of more females than men.
Considering sex differences in circadian regulation (Wever, 1984), it is
possible that this sex imbalance has skewed our results to be confounded
by female circadian regulation. However, as women have their circadian
time set to an earlier hour than men and we had more evening type
people in our sample, these two effects may have cancelled each other
out. We found an effect of gender on changes in diffusion metrics MD and
axEAD. This suggests that gender at least to some degree drives TOD
effects, with a stronger TOD effect seen in women. This may be related to
the earlier circadian starting point in women, which should be addressed
in a study with a larger sample in which TOD effects are assessed for men
and women separately.

Participants reported shorter duration of sleep the night before the
study as compared to their usual sleep routine. This may have implicated
their baseline sleep homeostasis and circadian starting point. However, if
sleep and wakefulness result in opposite effects on diffusion metrics, a
shorter duration of sleep the night before the study should attenuate any
wakefulness-related changes observed in this study rather than inflate
them. Demiral and colleagues (Demiral et al., 2018) found an association
between number of awakenings and changes in ADC. As such, there is a
possibility that poor sleep quality implicated the morning scan baseline
for some of the participants in our study. However, we would again
expect that any such effect will mask rather than inflate the
within-subject TOD effect that we investigated. The participants in our
sample also tended to be more evening chronotypes. This could poten-
tially have had an impact on our results (Rosenberg et al., 2018, 2014).
However, as mentioned, except for FA, all diffusion metrics remained
significant when controlling for chronotype and sleep pattern in the
previous week, suggesting this did not have a significant contribution on
our results. That being said, future studies could investigate such re-
lationships even more closely by using objective measures of circadian
rhythms and chronotype for each individual such as polysomnography.

An important limitation to address is the test-retest reliability be-
tween the morning scan and the second morning scan. While there was
overall excellent agreement between the two scans, which indicates that
the current study has good reliability, test-retest reliability remains a
challenge in the field of diffusion MRI. To further establish the reliability
of our results, we conducted an additional comparison of whether
morning-evening changes differed from morning-morning changes. The
results from this comparison showed widespread significant differences
between morning-evening effects and morning-morning effects for
several metrics, which can be interpreted as evidence for reliable TOD
effects taking place. Specifically, we see that morning-morning differ-
ences are closer to 0 than the morning-evening differences in the current
sample. Of importance is the reduced sample size in this added analysis
(n ¼ 23 compared to n ¼ 47), which limits the sensitivity of the added
analysis compared to the morning-evening analysis. This might explain
why some metrics do not show a significant difference in the difference
comparison, even if they show a morning-evening effect. This possible
limitation should therefore be addressed more rigorously in future
research.

With a visual inspection of the results, it seems the DTI model is just as
sensitive as the more advanced diffusion models in picking up TOD ef-
fects in the human white matter. Of note here is that the DTI parameters
used in our study are not conventional DTI metrics, i.e. estimations
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limited by b � 000 ms/um2, but a result of cumulant decomposition of
the diffusion signal including DTI and DKI values. It is known that in this
case, DTI metrics are more sensitive than the conventional ones (Veraart
et al., 2011). This acquisition is more time-consuming to acquire and
process, which could represent a limitation of using these models.
However, from this acquisition we were also able to apply WMTI and
SMT models, which allow for separation of the diffusion signal into intra-
and extra-axonal space. This provides additional information that can
point towards underlying biological properties driving TOD effects. In
addition, SMT accommodate for crossing fibres, which is a limitation of
the conventional DTI model. Thus, the extra effort required for their
acquisition and processing pays off in terms of providing additional in-
formation about the diffusion signal.

Finally, the fact that DWI indices seem to change as a function of TOD
has important implications for how MRI studies should be conducted.
Diurnal fluctuations would confound any design in which one experi-
mental group is consistently scanned at a different time-of-day than
another experimental group, as you often find in studies of patients and
controls. If one group, i.e. patients, is consistently scanned during day-
time hours, while the other experimental group, i.e. the controls, are
scanned in the evening, this would introduce a systematic group differ-
ence that is not due to real group differences in brain structure or
function.

5. Conclusion

In conclusion, we found widespread changes in WM microstructure
from morning to evening in healthy adults. Specifically, we found evi-
dence for reductions in ECS volume present in large parts of human WM
after wakefulness, possibly due to activity-induced cell swelling, accu-
mulation of metabolic waste in the ECS or other mechanisms of sleep
regulation. These findings highlight the potential of MRI-derived mea-
sures to probe sleep regulating processes in the human brain. Further-
more, the results suggest that TOD effects should be taken into account in
MRI studies, as they might represent an important bias in the clinical
neuroimaging literature.
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