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a b s t r a c t
The vast majority of biological functions express rhythmic ﬂuctuations across the 24-hour day. We investigated
the degree of daily modulation across fMRI (functional Magnetic Resonance Imaging) derived resting-state data
in 15 subjects by evaluating the time courses of 20 connectivity patterns over 8 h (4 sessions).
For each subject, we determined the chronotype, which describes the relationship between the individual circadian rhythm and the local time. We could therefore analyze the daily time course of the connectivity patterns
controlling for internal time. Furthermore, as the participants' scan times were staggered as a function of their
chronotype, we prevented sleep deprivation and kept time awake constant across subjects. Individual functional
connectivity within each connectivity pattern was deﬁned at each session as connectivity strength measured by
a mean z-value and, in addition, as the spatial extent expressed by the number of activated voxels.
Highly rhythmic connectivity patterns included two sub-systems of the Default-Mode Network (DMN) and a
network extending over sensori-motor regions. The network characterized as the most stable across the day
is mainly associated with processing of executive control.
We conclude that the degree of daily modulation largely varies across fMRI derived resting-state connectivity
patterns, ranging from highly rhythmic to stable. This ﬁnding should be considered when interpreting results
from fMRI studies.
© 2013 Elsevier Inc. All rights reserved.

Introduction
The vast majority of biological functions express rhythmic ﬂuctuations across the 24-hour day. Examples for this include gene expression
(Merrow et al., 2005), plasma concentration of hormones (Czeisler and
Klerman, 1999), core body temperature (Cagnacci et al., 1992; Reﬁnetti
and Menaker, 1992), and higher cognitive functions (Schmidt et al.,
2007). The waveform of these daily rhythms can in most cases be
described by a two-harmonic regression model combining a 24- and a
12-hour component (Brown and Czeisler, 1992).
Daily rhythms in sleep and activity, and consequently also in the
modulation of other daily rhythms, are caused by an interaction between circadian rhythmicity and time awake (homeostatic process).
Circadian rhythms are self-sustained oscillatory processes, which are
actively synchronized (entrained) to the 24-hour day — predominantly
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by the light/dark cycle (Roenneberg and Merrow, 2005). The relationship between the external temporal environment and the individual
circadian rhythm (phase of entrainment) is highly individual, giving
rise to so-called ‘chronotypes’ (Roenneberg et al., 2003, 2012). The
homeostatic process describes the accumulation of sleep pressure
during the wake period, decreasing during sleep (Borbely, 1982;
Rogers et al., 2003; Schmidt et al., 2007).
Systematic investigations of daily rhythmicity in neural activity are
rare, but the available data suggests that brain activity also ﬂuctuates
over the course of a day — at least in speciﬁc brain areas. This has been
shown, for example, as differences in regional brain glucose metabolism
between morning and evening scans using [18F]-ﬂuorodeoxyglucose
positron emission tomography (Buysse et al., 2004) or as signiﬁcant
daily changes in cortical activity using low-resolution brain electromagnetic tomography (Toth et al., 2007). Moreover, Schmidt et al. (2009)
have demonstrated in a functional Magnetic Resonance Imaging (fMRI)
experiment that activity in the suprachiasmatic nucleus in the hypothalamus is associated with both chronotype and the homeostatic process.
Recently, we reported the inﬂuence of chronotype on the daily activity
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of speciﬁc brain areas during a simple fMRI motor task (Peres et al.,
2011).
So far, rhythmic daily ﬂuctuations have not been reported for
resting-state networks (RSNs), which represent brain regions of
synchronized low-frequency (0.01–0.1 Hz) ﬂuctuations in the blood
oxygen level dependent (BOLD) signal measured by fMRI during
resting-state conditions (Beckmann et al., 2005; Biswal et al., 2010;
Damoiseaux et al., 2006). Although little is known about the physiological signiﬁcance of RSNs, the available data suggests that these
intrinsic connectivity patterns reﬂect ongoing neural activity, which
may play a role in maintaining the brain's functional integrity
(Brookes et al., 2011; He et al., 2008; Miall and Robertson, 2006;
Pizoli et al., 2011; Shmuel and Leopold, 2008).
Apart from the RSN's potential importance for core brain functions,
numerous reports show that connectivity changes within these systems
are associated with pathological conditions such as neuropsychiatric
and neurodegenerative disorders, e.g. Alzheimer's disease (Greicius et
al., 2004; Rombouts et al., 2005; Sorg et al., 2007; Zhang et al., 2010),
autism (Stigler et al., 2011), or multiple sclerosis (Rocca et al., 2010).
These ﬁndings may suggest the application of resting-state fMRI for
clinical purposes.
So far, both scientiﬁc and clinical applications rely on the hypothesis
that RSNs remain stable across the day. Knowledge about potential daily
ﬂuctuations would however be fundamental for the interpretation of
fMRI results. We therefore explored the daily time course of fMRI derived
resting-state connectivity patterns, while controlling for inter-individual
variation in internal time (i.e., chronotype) and time-awake (i.e., the
homeostatic process).
Experimental procedures
Participants
Fifteen young, healthy volunteers participated in the study (9 female
subjects; age: 23.0±3.0 years). Right-handedness was ensured by a
minimum Lateralization Quotient of 70, as assessed with the Edinburgh
Inventory (Oldﬁeld, 1971). Psychiatric or neurological disease and sleep
disorders were exclusion criteria as well as intra-corporal ferromagnetic
objects, shift work or psychoactive substance abuse within the last three
months, current or previous drug addiction, and smoking. Female participants took a urine ß-HCG test to exclude pregnancy.
The study was carried out in accordance with the Declaration of
Helsinki. It was reviewed and approved by the university's local ethics
committee. All subjects gave their informed consent and received
payment for their participation.
Assessment of internal time
The Munich ChronoType Questionnaire (MCTQ) enables the reliable
quantiﬁcation of chronotype by determining an individual's “mid-sleep
time on free days” (MSF), corrected for potential sleep debt accumulated
during the work week (MSFsc; Roenneberg et al., 2003, 2007, 2012;
Wittmann et al., 2006). “Mid-sleep on free days” refers to the midpoint between sleep onset and sleep offset on free days; if participants
sleep less on work days than on free days, MSF is corrected for
“over-sleep”, resulting in MSFsc:
MSF ¼ Sleep Onset þ ðSleep duration on free daysÞ=2
MSFsc ¼ MSF−ðSleep duration on free days
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2007; Wittmann et al., 2006) and to determine an individual's time
awake for each session. Additionally, participants wore wrist actimeters
(Daqtometer Version 2.3, Daqtix GbR, Oetzen, Germany) during the
same period to objectively record activity–rest cycles; actimetry data
were consolidated in 10-min bins and a weighted “center of gravity”
(Cog; Kenagy, 1980) was averaged across the 10-day period as a
physiological phase-indicator.
For validation purposes, we correlated the MCTQ derived
chronotype (MSFsc) with the sleep-log based average mid-sleep
(weighted as a function of work and free days) as well as with the
averaged CoGs. Data evaluation and validation were performed with
SPSS Statistics 19.0, Microsoft Excel, and ChronOSX 2.0 (Roenneberg
and Taylor, 2000).
Study design
Functional MRI scans were performed at ﬁxed intervals of 2.5 h,
starting at 9.00 a.m. Individual scanning times were adapted to the
participant's MSFsc to minimize chronotype differences and to keep
time awake as similar as possible. Early chronotypes (MSFsc: 3.0–4.0)
were measured ﬁrst, followed by those with an MSFsc between 4.0
and 5.0, then those with an MSFsc between 5.0 and 6.0, and ﬁnally
those with an MSFsc between 6.0 and 7.0. Since the study design did
not allow to measure similar chronotypes at the same local time on
the same day, measurements were spread out over several days. During
scanning, subjects were instructed to keep their eyes closed without
falling asleep and not to think of anything in particular. We chose this
study design to control for the individuals' time-awake. Given the regular 2.5 h intervals between scans, this procedure should lead to a good
relationship between internal time (i.e., h since MSFsc) and
time-awake at the respective measurement times. This was evaluated
post-hoc by a Pearson's correlation analysis.
Measurements were taken on four weekends during the summer; to
ensure equal inter-day testing conditions, subjects were instructed to
stay in the windowless waiting area for the duration of the entire experiment since daylight exposure is known to affect the circadian phase
and neural activation (Roenneberg and Foster, 1997; Roenneberg et
al., 2007; Vandewalle et al., 2006, 2007a). Light snacks and beverages
were provided ad libitum. Caffeine intake was not controlled for, subjects were however told to consume caffeinated beverages during the
study day as they normally do.
Functional magnetic resonance imaging
Functional MRI was performed using a 3.0 Tesla Magnetom (VERIO,
Siemens, Erlangen, Germany) with a 12-element head coil. For anatomical reference, a sagittal high-resolution magnetization-prepared rapid
gradient-echo sequence (MPRAGE) was acquired with the following
imaging parameters: ﬁeld of view (FoV): 256× 256 mm; spatial resolution: 1 × 1 × 1 mm; time of repetition (TR): 2400 ms; time of echo (TE):
3,06 ms; ﬂip angle (FA): 9°; number of slices: 160; and acquisition time
(TA): 4:45 min. Functional data were recorded by means of a BOLD
sensitive echo-planar gradient-echo sequence in axial orientation
(FoV: 192× 192 mm; spatial resolution: 3 × 3 × 4 mm; slice gap:
0.4 mm; imaging matrix: 64× 64; TR: 3000 ms; TE: 30 ms; FA: 80°;
number of slices: 36; TA: 6:06 min). Before starting imaging, 3D-ﬁeld
shimming was performed using automated shimming algorithms
implemented on the scanner.
Statistical analyses of functional MRI data

−average weekly sleep durationÞ=2:
Only intermediate to moderately late chronotypes (MSFsc: 3–7)
were included in the study. Subjects kept sleep-logs for 10 days prior
to the experiment to validate the chronotype (Roenneberg et al.,

Data processing and statistical analyses were carried out using FSL
(FMRIB Software Library, http://www.fmrib.ox.ac.uk/fsl/index.html)
version 4.1.7 and AFNI (Analyses of Functional Images, http://afni.
nimh.nih.gov/afni).
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Data preprocessing
The initial ﬁve volumes of every functional run were discarded to
account for T1 saturation effects. Pre-statistics processing was done in
four steps: (1) individual high-resolution T1-weighted images were
processed using AFNI; (2) head motion correction was performed
using MCFLIRT (Motion Correction using FMRIB's Linear Image Registration Tool) (Jenkinson et al., 2002); (3) the skull was removed using
BET (Brain Extraction Tool) (Smith, 2002) followed by spatial smoothing using a 5-mm FWHM Gaussian kernel with high-pass temporal
ﬁltering (Gaussian-weighted least squares straight line ﬁtting with
sigma= 100 s); and (4) registration of functional data to the corresponding individual high-resolution T1-weighted images and transformation to the MNI152 standard brain space were performed applying
FLIRT (FMRIB's Linear Image Registration) version 5.5 (Jenkinson et
al., 2002).
Independent component analysis
Functional MRI data was analyzed using MELODIC (Multivariate
Exploratory Linear Optimized Decomposition into Independent Components) software, version 3.10 in combination with a dual-regression
analysis as implemented in FSL 4.1.7 (Beckmann et al., 2009; Biswal et
al., 2010). This approach has been recently demonstrated to generate
highly reliable and reproducible independent components (ICs) over
the short- and long-term run (Zuo et al., 2010).
Functional MRI derived time-courses of all participants (15) and
sessions (4) – a total of 60 scans – were spatially concatenated in the
MNI152 standard space for allowing the estimation of a covariance
matrix, which was used for reduction of individual data sets via Probabilistic Independent Component Analysis. Reduced individual data
sets were further processed with Temporal Concatenation Group ICA
(TC-GICA) to calculate group-level component maps across all subjects
and sessions. In agreement with prior studies, we used a lower order
TC-GICA ﬁxing the number of components to 20 (Biswal et al., 2010;
Smith et al., 2009; Zuo et al., 2010).
Only previously described RSNs in functionally relevant brain areas
(Biswal et al., 2010; Damoiseaux et al., 2006; Laird et al., 2011; Zuo et
al., 2010) with low frequency signals in the range of 0.01–0.1 Hz (Boly
et al., 2008; Fox et al., 2005; Greicius et al., 2003; Horovitz et al., 2009;
Vincent et al., 2007) were considered as RSNs in this study; connectivity
patterns not meeting these criteria were considered as non-neural
noise (Dagli et al., 1999; Lund et al., 2006).
The TC-GICA derived multi-subject multi-session ICs were
reconstructed into individual ICs for each subject and session (resulting
in a total of 1200 individual ICs) applying the dual regression approach
(Biswal et al., 2010; Filippini et al., 2009; Zuo et al., 2010).

To control for inter-individual differences in baseline connectivity
levels, z-values and the number of voxels were then expressed as % deviation from individual mean across all four scan sessions (see Appendix A
for variation of the data). We then modeled the daily time course of
functional connectivity within each (group-level) connectivity pattern
by applying the two-harmonic equation
f ðψÞ ¼ a⋅ cosðψÞ þ b⋅ sinðψÞ þ c⋅ cosð2ψÞ þ d⋅ sinð2ψÞ þ e
(Box and Jenkins, 1970; Brown and Czeisler, 1992) to the individual %
deviations plotted against h since MSFsc.
We thereby obtained a regression coefﬁcient (r) of the ﬁtting function for each connectivity pattern, as well as its range of oscillation
(maximum of the best ﬁt–minimum of the best ﬁt). Rhythmicity of a
given signal is characterized by both its range of oscillation and the
goodness of ﬁt (i.e., r), which highly correlate (Fig. 1). To quantify
the inherent strength of rhythmicity, we used a ‘Rhythmicity Index’
(RI, by multiplying ‘r’ with the range of oscillation; RIs were multiplied
by 100 for visualization purposes).
Connectivity patterns were ranked according to their RIs, from
most rhythmic to most stable. A connectivity pattern was characterized as highly rhythmic when its RI was above 1.5 standard deviations
from the average RI across all connectivity patterns. Those with RIs
below that cut-off were considered as stable.
Results
All subjects showed good tolerance of the fMRI experiments, so
that we were able to collect complete time series from all. Data sets
were not constrained by motion artifacts; therefore, all data were
used for further analysis.
Internal time
The MCTQ derived chronotype (mean MSFsc: 5.2 ± 1.1) correlated
highly with the weighted mid-sleep times calculated from the
sleep-log (r = 0.80; p b 0.001), suggesting that participants were

Rhythmicity assessment in resting-state connectivity patterns
We investigated the relative rhythmicity of each connectivity pattern
as a function of internal time, i.e., based on hours elapsed since MSFsc. For
this purpose, mean z-values representing the connectivity strength
within a statistical component map were extracted from each individual
IC. In order to exclude statistically non-relevant activations from this
analysis, i.e., voxels not representing a connectivity pattern with a high
degree of probability, we deﬁned a threshold of z ≥3.0 for the individual
ICs, which equals a conservative signiﬁcance level of p≤0.0027. In
addition, we calculated the spatial extent of each connectivity pattern
by extracting the number of activated voxels within each individual
IC thresholded at z≥3.0. For validation purposes, mean z-values
were complementarily extracted from connectivity patterns that were
generated at different threshold levels (z ≥1.0 and z≥2.0) and from
a threshold-free mask-based approach. For the latter approach, we
imposed the connectivity patterns represented in Fig. 2 as masks on
corresponding (unthresholded) individual ICs; the average z-score per
individual connectivity pattern was then extracted from the brain
regions located within that mask.

Fig. 1. Correlation between the range of oscillation and r. Association between r (abscissa)
and the range of oscillation (ordinate) of the respective ﬁtting functions of the 20 ICs on
the basis of all 15 subjects for (A) connectivity strength (mean z-value) with R2 =0.73
(pb .001) and (B) spatial extent (number of voxels) with R2 =0.44 (pb .001). Data are
based on individual connectivity patterns thresholded at z≥3.0.
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adequately categorized within the staggered study design. A signiﬁcant correlation was observed between the weighted mid-sleep
and the average center of gravity as determined by actimetry data
(r = 0.66, p b 0.01). As expected, there was also a high correlation
between internal time (h elapsed since MSFsc) and time awake across
the four sessions (r = 0.97).
Functional MRI data
Across the twenty multi-subject, multi-session ICs (Fig. 2) obtained
by the TC-GICA approach, we considered 16 connectivity patterns as
RSNs; 4 patterns were considered to represent non-neural physiological
noise, such as pulsation of cerebrospinal ﬂuid (IC 1) (Lund et al., 2006;
Zuo et al., 2010) or large vessels including draining veins (IC 2 & 18)
(Dagli et al., 1999; Zuo et al., 2010), and head motion due to cardiac or
respiratory pulsation (IC 9) (Dagli et al., 1999; Lund et al., 2006; Zuo et
al., 2010). All designated RSNs were highly consistent with previously
reported connectivity patterns (Biswal et al., 2010; Damoiseaux et al.,
2006; Laird et al., 2011; Zuo et al., 2010) and extended symmetrically
over both hemispheres, except for patterns represented in IC 8 and 19.
IC 3 showed a widespread connectivity pattern including the anterior
and posterior cingulate gyrus, the precuneus cortex, the supra-marginal
gyrus, the lateral occipital cortex, and the insular/operculum cortex. Both
IC 4 and 11 involved pre- and post-central gyri (Biswal et al., 1995, 2010).
Connectivity patterns represented in IC 5, 14 and IC 17 were similar to
the classic default-mode network (DMN) described by Raichle et al.
(2001); the three ICs showed a connectivity pattern extending over the
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precuneus cortex, the posterior and anterior cingulate gyrus, the ventromedial prefrontal cortex, and parietal regions. Connectivity represented
in IC 5 and 17 was pronounced in dorsal regions (see Appendix B),
whereas IC 14 showed a predominantly frontal connectivity pattern.
The division of the DMN into subsystems is in line with prior studies
(Biswal et al., 2010; Zuo et al., 2010). IC 6 predominantly comprised
the anterior cingulate gyrus extending into the superior frontal gyrus,
the frontal pole, and the insular/frontal operculum cortex; IC 7 combined
the superior parietal cortex extending into the occipital pole with
pre-central regions; this connectivity pattern has been described as the
dorsal attention network (Fox et al., 2006). ICs 8 and 19 were characterized by a primarily lateralized fronto-temporo-parietal connectivity pattern in both hemispheres (Biswal et al., 2010). ICs 10, 12 and 15 included
areas within the medial and/or visual cortex (Smith et al., 2009). A
connectivity pattern predominantly extending over the cerebellum, the
thalami and the basal ganglia was represented in IC 13; in the current
study this connectivity pattern was not divided into two components
as reported by others (Biswal et al., 2010; Laird et al., 2011). IC 16
showed a connectivity pattern mainly involving the middle temporal
gyrus extending into the angular gyrus with additional involvement of
the precuneus cortex and prefrontal regions; this connectivity pattern
has been described as another sub-system of the DMN (Zuo et al.,
2010). IC 20 encompassed regions predominantly located in the
orbitofrontal cortex; although this connectivity pattern resembles to previously described RSNs (Biswal et al., 2010; Zuo et al., 2010), it may also
represent a movement-by-ﬁeld-inhomogeneity artifact (Andersson et
al., 2001; Drobnjak et al., 2006).

Fig. 2. Multi-subject multi-session independent components. Component maps for all 15 subjects and 4 sessions as generated by the TC-GICA sorted by the decreasing percentage of
variance explained by each component. Representative sagittal, coronal and axial images of each multi-subject multi-session statistical map are displayed in radiological convention
(x-, y-, and z-coordinates of each slice in the MNI152 standard space are given in parenthesis).
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Some of the areas represented in these RSNs may overlap with
‘activations’ suggested to derive from variations in the depth and
rate of respiration (Birn et al., 2006; Chang and Glover, 2009; Wise
et al., 2004); we will refer to this topic in the discussion.

Classifying connectivity patterns
Table 1 shows the classiﬁcation of the 20 connectivity patterns
as a function of RI. The cut-off (mean RI + 1.5 SD) was 4.08 for the
connectivity strength (mean RI = 1.86 ± 2.2), and 13.47 for the spatial
extent (mean RI = 6.21 ± 7.26). Since RI — 1.5 SD produced negative
values, we only classiﬁed the least rhythmic connectivity patterns as
most stable (Fig. 3).
Regarding connectivity strength, we identiﬁed at the threshold of
z ≥ 3.0 three highly rhythmic connectivity patterns (all of them
considered as RSNs): ICs 5, 11, and 17. Note that in addition to fulﬁlling the criterion (RI > mean RI + 1.5 SD), the two-harmonic ﬁts were
signiﬁcant in all three RSNs. Although the RI of IC 13 fell below the
cut-off, this pattern also showed a signiﬁcant ﬁt (Fig. 4 and Table 1).
Two of the top rhythmic RSNs identiﬁed in the context of connectivity strength (ICs 5 & 17) were also classiﬁed as highly rhythmic in
the context of their spatial extent, although the two-harmonic regression model produced no signiﬁcant ﬁts after Bonferroni correction for
multiple regressions (Table 1, right panel and Fig. 5); the RIs of ICs 11
& 13 (the next highest in the ranking) fell below the cut-off.
IC 6 and IC 18 showed the least rhythmic daily kinetics for both connectivity strength and spatial extent (though with inverse ranks), indicating them as the two most stable among the 20 identiﬁed connectivity
patterns (Fig. 6).
ICs 5 and 17 oscillated in phase (for both connectivity strength
and spatial extent), with a peak at the ﬁrst scanning time (i.e., 4 to
6 h after MSFsc) followed by a decline throughout the day and a rising
again towards the evening.

Fig. 3. Relationship between ranks and Rhythmicity Index. The ﬁgure depicts the relationship between the ranking of a connectivity pattern (abscissa) and the Rhythmicity Index
(ordinate) for both the connectivity strength (A) and the spatial extent (B). The most
rhythmic connectivity patterns according to the Rhythmicity Index are localized above
the upper dashed line, which represents the chosen threshold of average Rhythmicity
Index+1.5 standard deviations.

Table 1
Fit parameters, rhythmicity index (RI) and ranking of the connectivity patterns.

The results of the RI-ranking were replicated to a large extent by
complementary analyses using thresholds of z ≥1.0 and z ≥2.0, and
the mask based approach: in either analysis ICs 5, 11, and 13 were
among the four highest ranked connectivity patterns, whereas IC 6 and
18 ranged across the four most stable ones (except of IC 18 in case of
the mask based approach; see Appendix C for further information).
Discussion

Parameters and rankings are given for all connectivity patterns, with regard to both,
connectivity strength (left panel) and spatial extent (right panel). Data are derived from
individual ICs thresholded at z≥3.0. Connectivity patterns with a signiﬁcant rhythmicity,
as deﬁned by an outlier approach (see Experimental procedures), are highlighted in gray;
the least rhythmic connectivity patterns are italicized. r-Value: coefﬁcient of the ﬁtting function; p-value: signiﬁcance of the ﬁtting function; Amp: amplitude or range of oscillation of
the ﬁtting function (max–min); RI: rhythmicity index (r-value∗Amp∗100); and rank: rank
as a function of RI among the 20 connectivity patterns with 1 indicating the lowest level and
20 the highest level of rhythmicity. Signiﬁcance levels were adjusted for multiple comparisons (total of 40 comparisons, for signal strength and spatial extent; * signiﬁcant at adjusted
alpha level: pb .00125).

Here, we investigated whether fMRI derived connectivity patterns –
controlled for internal time and for time awake – vary systematically
over the course of a day under resting-state conditions. Our results demonstrate that the degree of daily modulation (quantiﬁed as Rhythmicity
Index, RI, see Experimental procedures) varies largely across restingstate connectivity patterns, ranging from highly rhythmic to stable.
According to the cut-off criterion (RI > mean RI + 1.5 SD), highly
rhythmic connectivity patterns regarding their connectivity strength
included two sub-systems of the Default-Mode Network (DMN: ICs
5 & 17) and a network extending over sensorimotor regions (IC 11).
Both sub-systems of the DMN were also signiﬁcantly rhythmic in
their spatial extent. One of the most stable connectivity patterns
(IC 18) was considered to represent non-neural physiological noise
derived from large vessel pulsations and the other most stable pattern (IC 6) represented a RSN mainly extending over frontal cortical
areas. The ranking of connectivity patterns by RI was to a large extent
consistent across complementary analyses.
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Fig. 5. Time course of spatial extent within rhythmic connectivity patterns. The ﬁgure
demonstrates % deviations of the number of voxels characterizing the spatial extent of
an individual connectivity pattern thresholded at z ≥ 3.0 achieved at sessions 1–4 from
the individual mean number of voxels (of that connectivity pattern) across all 4
sessions (gray dots), and the ﬁt of the applied two-harmonic regression model (solid
line). Data are shown for the rhythmic connectivity patterns represented in IC 5
(A) and 17 (B). % deviations from the individual mean number of voxels are plotted
against time (in h) elapsed since MSFsc.

Fig. 4. Time course of connectivity strength within rhythmic connectivity patterns. The
ﬁgure demonstrates % deviations of mean z-values characterizing the connectivity
strength within individual connectivity patterns thresholded at z≥3.0 achieved at
sessions 1–4 from the individual mean z-value (of that connectivity pattern) across all 4
sessions (gray dots), and the signiﬁcant ﬁt (pb 0.001, corrected for multiple comparisons)
of the applied two-harmonic regression model (solid line). Data are shown for the rhythmic connectivity patterns represented in IC 5 (A), 11 (B), and 17 (C). % deviations from the
individual mean z-value are plotted against time (in h) elapsed since MSFsc.

The two-harmonic ﬁts to the daily time courses in connectivity
strength were signiﬁcant not only for ICs 5, 11, and 17, but also for
IC 13 (the fourth in the ranking), the RI of which fell however
below the cut-off and was therefore not classiﬁed as ‘highly rhythmic’. In contrast, the spatial extent of the connectivity patterns produced no signiﬁcant ﬁts after Bonferroni correction for multiple
regressions (possibly because the recruited number of voxels showed
a much higher variation than in the case of connectivity strength; see
Appendix A for further information).
The DMN is usually most active during passive settings and has
therefore been proposed to participate in a wide range of internally
directed processes (Buckner et al., 2008; Gusnard et al., 2001; Mason
et al., 2007). Four connectivity patterns (IC 5, 14, 16 & 17) found in
this study have been described as sub-networks of the DMN (Zuo et
al., 2010); this is little surprise since recent reports have indicated

that different components of the DMN are differentially specialized
thereby forming DMN sub-systems (Buckner et al., 2008; Laird et al.,
2009; Spreng et al., 2009). All four sub-networks of the DMN
overlapped in the posterior cingulate cortex, a structure known for its
extensive connectivity with other DMN nodes. It can therefore be
considered as a “functional hub” within this network (Laird et al., 2009).
The time courses of functional connectivity of the rhythmic DMN
sub-systems (ICs 5 & 17) oscillated in phase for both connectivity
strength and spatial extent, in each case peaking early in the morning
(in reference to individual internal time) and declining thereafter. In addition to their similar time courses, both networks strongly overlapped
in the spatial extent (mainly including the precuneus, the posterior
cingulate cortex, the medial temporal gyrus, and the inferior parietal
lobule). Sub-systems of this network – with the majority of nodes
located in the posterior cerebral regions as in this case – have been associated with somesthesis, describing the processing of sensory inputs
from various tissues (Laird et al., 2009). Given that the vast majority
of biological functions show daily ﬂuctuations, it is conceivable that
the central processing of rhythmic interoceptive inputs may also be
rhythmic. The observations that pain perception – linked to activation
of the DMN (Ter Minassian et al., 2012) – varies across the day
(Folkard et al., 1976; Strian et al., 1989) support this hypothesis.
The RSN represented in IC 11 has consistently been described in various resting-state fMRI studies (Beckmann et al., 2005; Biswal et al.,
2010; Damoiseaux et al., 2006; Laird et al., 2011; Smith et al., 2009)
and is known to correspond to brain areas strongly involved in a wide
range of motor and somatosensory processes (Laird et al., 2011; Smith
et al., 2009). A daily modulation in brain structures associated with
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Fig. 6. Time course of connectivity strength and spatial extent within stable connectivity patterns. Equivalent to Figs. 4 and 5, Fig. 6 depicts the time course of connectivity strength
(upper row) and the spatial extent (lower row) in the most stable connectivity patterns represented in IC 6 (A, left column) and IC 18 (B, right column).

motor and somatosensory functions – though not conﬁrmed by the
outlier criterion in the spatial extent analysis – is supported by our
previous report of time-of-day inﬂuences on these regions during a
ﬁnger-tapping task (Peres et al., 2011) as well as by the fact that
motor and somatosensory functions per se are subject to daily rhythmicity, e.g., for handwriting (Jasper et al., 2009a,b; Moussay et al.,
2002), ﬁnger-tapping and cycling (Moussay et al., 2002) or proprioception (Miller et al., 1992). Daily rhythmicity in brain structures usually
involved in motor and somatosensory processing could also explain
the high rhythmicity rank of the RSN mainly involving the basal ganglia,
the thalami, and the cerebellum (IC 13, fourth highest ranked with regard to connectivity strength and spatial extent, respectively), despite
its RI below the cut-off. As with the brain regions localized in IC 11,
the subcortical structures of this network have been associated with a
wide range of motor and somatosensory processes (Laird et al., 2011;
Smith et al., 2009).
The connectivity pattern represented in IC 6 has been repeatedly
reported to correspond to cortical regions that play a major role in
executive control (Beckmann et al., 2005; Damoiseaux et al., 2006;
Laird et al., 2011; Miller and Cohen, 2001). This cognitive domain
comprises a variety of cognitive processes known to be inﬂuenced
by time-of-day (Schmidt et al., 2007). However, under special circumstances, such as non-challenging tasks, executive control may remain
constant across the day (Schmidt et al., 2007). Since our participants
were – in line with other resting-state fMRI studies – instructed not to
think of anything in particular, this could certainly be classiﬁed as a
non-challenging task. Accordingly, the time course of functional connectivity should remain stable in a RSN associated with executive control.
Fluctuations in the low-frequency domain of the BOLD signal –
where resting-state ﬂuctuations are detected – are known to be
signiﬁcantly inﬂuenced by low-frequency ﬂuctuations in end-tidal
Carbon dioxide (Wise et al., 2004) and natural variations in the

depth and rate of respiration (Birn et al., 2006, 2008), which both
are highly correlated and partially explain the BOLD signal variance
across the brain (Chang and Glover, 2009). Variations in breathing
rate and depth impact the BOLD signal especially in regions with
high blood volume as the cerebral gray matter including areas
forming the DMN (Birn et al., 2006) and may not be completely removable by ICA (Birn et al., 2008). A similar effect on the BOLD signal
variance was also found for low-frequency ﬂuctuations in the cardiac
rate, especially in brain areas referring to the DMN (Shmueli et al.,
2007). Therefore, it has been proposed to monitor the cardiac and
respiratory functions in order to model and remove the confounding
physiological noise resulting in less BOLD signal variance and therefore signiﬁcantly altered DMN connectivity maps (Birn et al., 2008;
Chang et al., 2009; Glover et al., 2000).
Low-frequency ﬂuctuations in respiratory and cardiac function may
have inﬂuenced the 16 RSNs presented in this work since cardiovascular
and respiratory parameters were not monitored. It is therefore possible
that the observed daily modulation of functional connectivity in speciﬁc
RSNs, especially in both sub-systems of the DMN, may be affected by
circadian rhythms in physiological parameters, especially since the
presence of robust circadian rhythms in heart function such as heart
rate or heart rate variability (Furlan et al., 1990; Huikuri et al., 1994;
Malpas and Purdie, 1990; Vandewalle et al., 2007b) as well as in respiratory function, for example resting pulmonary ventilation or breathing
rate (see for review Mortola, 2004) has been repeatedly demonstrated.
We believe however that our demonstration of daily modulations
in only few RSNs is based on speciﬁc rhythmicity in neural processing
rather than on general inﬂuences of rhythmic physiological ‘noise’. If
that was the case, all connectivity patterns should be affected, which
our results disprove. In addition, general physiology should produce
daily modulations especially in connectivity patterns associated
with physiological noise (ICs 1, 2, 9, and 18) rather than in those
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repeatedly described as RSNs. Notably, the “noise” patterns in our
study predominantly ranked as stable.
Although the reasons for the different degrees of daily modulation
across resting-state connectivity patterns remain speculative, our
results should be considered when interpreting resting-state fMRI data
(and most probably also other fMRI results). This holds especially for
clinical questions; analyses of the DMN – often presumed to represent
associated pathologic conditions in the intrinsic brain function of clinical
populations – may be misinterpreted when its inherent rhythmicity,
individual chronotype, time awake and/or the local time of examination
are not taken into account.
Conclusion
The degree of daily modulation largely varies across fMRI derived
resting-state connectivity patterns, ranging from highly rhythmic to
stable. Our results suggest that these daily modulations are based
on neural rhythmicity rather than on a general rhythmicity in physiological ‘noise’. The most rhythmic RSNs are associated with motor
and somatosensory processes as well as with the processing of various sensory inputs from various tissues. In contrast, the RSN mainly
associated with executive control is the most stable connectivity pattern. Although the reasons for the presented ﬁndings remain speculative, their impact should be considered in the interpretation of both
scientiﬁc and clinical fMRI studies.
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