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INTRODUCTION: Neural activity across different brain regions
underlies essential physiological and behavioral functions.

These activities are coordinated in space and time, and circadian
rhythms are a fundamental temporal regulator of such activity,
influencing sleep, metabolism, hormone secretion, and cognition.
Although the suprachiasmatic nucleus (SCN) has been extensively
studied as the master pacemaker, how spontaneous neural activity is
coordinated across the entire brain over the circadian cycle has
remained elusive. Previous approaches, including electrophysiological
recordings, in situ hybridization, immediate early gene labeling,
circadian gene reporters, and calcium imaging, have typically been
restricted to limited regions and lack spatial continuity, making it
difficult to achieve a systematic view.

RATIONALE: To overcome these limitations, we used tissue clearing
and three-dimensional whole-brain c-Fos immunostaining. c-Fos

is notable for its rapid and broad induction across the brain,
making it suitable for spatially comprehensive mapping of neural
activity. By sampling brains every 4 hours over 2 days under
constant darkness, we aimed to generate a whole-brain atlas of
circadian neural activity at single-cell resolution and to identify how
different regions and subregions contribute to the temporal
organization of brain function.

RESULTS: Each brain contained between 0.4 and 3.0 million
c-Fos-positive cells. Time-series analysis of 144 brains revealed that
79% of 642 anatomically defined regions showed significant
circadian rhythmicity. Most regions peaked during the late subjec-
tive night, corresponding to the active phase in nocturnal mice,
whereas some, including sleep-promoting nuclei such as the
ventrolateral preoptic area, peaked during the subjective day.
Visual regions peaked during the daytime, in antiphase to auditory
regions at night, highlighting functional specialization. The
hippocampal memory system showed notable internal diversity:
CA1 and CA3 peaked during the active phase, whereas the dentate
gyrus peaked during the inactive phase, nearly in antiphase.

This inversion aligns with reports of dentate gyrus recruitment
during sleep stages, suggesting phase-specific contributions to
memory processing. Voxelwise analysis further revealed distinct
subregional dynamics, including heterogeneous patterns in the SCN
and dorsomedial nucleus of the hypothalamus, and a gradual peak
time shift along the dorsoventral axis within CA1, highlighting
continuous spatiotemporal variation even within single structures.
In addition, we demonstrated that whole-brain c-Fos activity
patterns could accurately predict circadian time using computa-
tional approaches adapted from omics data, confirming that
brain-wide rhythms collectively encode temporal information.

CONCLUSION: Our study establishes a comprehensive atlas of
circadian neural activity at the whole-brain scale. By combining
tissue clearing with large-scale time-series sampling and systematic
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Whole-brain single-cell atlas of circadian neural activity. Time-series sampling of
mouse brains under constant darkness, followed by tissue clearing and whole-brain
c-Fos immunostaining, enabled the creation of a brainwide atlas of circadian neural
activity at single-cell resolution. Analysis of 144 brains revealed significant rhythmicity
in 79% of 642 regions, with diverse peak time patterns across brain regions and
subregions, all accessible through an open-access database.

quantitative analysis, we provide a global view of how neural
activity rhythms are organized across hundreds of regions and
subregions. The open-access database we developed allows users to
explore these rhythms by region or voxel and to upload custom
regions of interest for analysis. It is designed to be compatible with
gene expression, connectivity, and cell-type resources, enabling
integrative analyses that link circadian activity with molecular and
anatomical data. Thus, this resource not only advances chronobiol-
ogy but also provides a temporal framework across neuroscience,
linking time-of-day dynamics to studies of diverse brain functions,
pharmacology, and disease. [
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The mammalian brain comprises numerous anatomical regions
with distinct functions despite their extensive connectivity.
How spontaneous neural activity is coordinated across regions
over the circadian cycle remains elusive. We used tissue clearing
and whole-brain c-Fos immunostaining on 144 mouse brains
collected over 2 days under constant darkness. Time-series
analysis revealed brainwide circadian rhythmicity at single-cell
resolution, with 79% of the 642 anatomically defined regions
oscillating in diverse circadian phases that delineate functional
specializations. Voxelwise analyses further highlighted distinct
subregions, suggesting intricate spatiotemporal coordination
within regions. Additionally, brain circadian time could be
accurately inferred from global c-Fos patterns using omics-
derived prediction methods. This whole-brain circadian atlas
enhances our understanding of neural coordination and
provides a resource for integrating time-of-day information into
functional and pharmacological research.

Neural activity across different brain regions supports a wide range
of physiological functions that require coordinated activity patterns
both spatially and temporally in the brain. Circadian rhythms are among
the most fundamental temporal regulators of neural activity. They regu-
late many physiological processes, including wakefulness and sleep,
metabolism, hormone secretion, and cognitive function. Their disrup-
tion is linked to numerous diseases such as metabolic disorders, cardio-
vascular dysfunction, and neurological conditions (Z, 2). Understanding
how spontaneous neural activity is coordinated in space and time is
essential for characterizing brain functional architecture and for de-
veloping targeted interventions such as optimizing drug delivery
based on time of day.

Circadian rhythms are generated by cell-autonomous molecular
clocks and are orchestrated by the suprachiasmatic nucleus (SCN) in
the hypothalamus, the master pacemaker in mammals. The central role
and neural complexity of the SCN have been extensively characterized
(3, 4). Lesion and transplantation experiments established that the
SCN governs circadian rhythms at the organismal level. The SCN is
composed of heterogeneous neuronal populations, including arginine
vasopressin (AVP)-, vasoactive intestinal peptide (VIP)-, gastrin-
releasing peptide (GRP)-, and cholecystokinin-expressing cells, among
others, which exhibit different circadian phases and make functionally
distinct contributions to SCN coordination (5-8). Although circadian
rhythms in the SCN have been well characterized at the molecular and
cellular levels, the extent and organization of circadian regulation in
other brain regions has not been systematically characterized (9).
Previous approaches to studying circadian rhythms in the brain have
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typically relied on electrophysiological recordings, in situ hybridiza-
tion, immediate early gene (IEG) labeling, real-time bioluminescent
imaging of circadian gene reporters, or calcium imaging. These
methods are generally limited to a small number of brain regions
and lack spatial continuity, resulting in fragmented and sometimes
inconsistent findings (70-12). In addition, accurate assessment of
spontaneous neural activity rhythms requires carefully controlled
sampling conditions because such activity is easily influenced by
subtle environmental variations, which can lead to sampling arti-
facts. Moreover, the temporal coverage of these studies is often lim-
ited, with sparse sampling points, making it difficult to capture the
full circadian cycle.

To overcome these limitations, we used tissue clearing and c-Fos im-
munostaining on whole mouse brains collected in a time series over 2 days
with minimal variation in sampling conditions. Tissue clearing renders
intact brains transparent while preserving their three-dimensional (3D)
structure and allows uniform immunolabeling throughout large tissue
volumes (13-15). In addition, c-Fos has been widely used as a marker of
neural activation because of its rapid and broad induction across the
brain, making it suitable for spatially comprehensive mapping of neural
activity (16-19), and in the SCN its expression has long served as an in-
dicator of circadian phase (20-22). This approach enabled unbiased
quantification of spontaneous neural activity across the circadian cycle
throughout the brain, including anatomically complex and spatially dis-
persed regions. To examine regional temporal dynamics in the context
of global activity, we also established a framework for quantifying the
proportion of c-Fos-positive cells in each region relative to the whole
brain. All results were compiled into a brainwide 3D atlas of circadian
neural activity, which we now provide as an open-access database. This
resource provides a foundation for incorporating time-of-day informa-
tion into studies of brain function, time-dependent drug effects, and
neural dynamics associated with disease.

Most brain regions exhibit circadian rhythmicity in
c-Fos—positive cell counts

To determine whether circadian rhythms are present across a wide range
of brain regions beyond the SCN, we used whole-brain c-Fos immu-
nostaining. Brains from adult male C57BL/6N mice (n = 6 per time
point) were collected every 4 hours over 2 days (12 time points) under
constant darkness (DD) without external light cues. This experiment
was repeated in two independent series, yielding a total of 144 samples.
We developed a pipeline for whole-brain analysis of c-Fos expression
based on the CUBIC (Clear, Unobstructed Brain Imaging Cocktails and
Computational analysis) method (14, 23). The brains were cleared and
immunostained in 3D and then imaged using light-sheet microscopy.
c-Fos-positive cells were automatically detected using a supervised
machine learning algorithm trained on multiple spatial and intensity
features (figs. S1to S3 and S4, A and B; see the Materials and methods
for details) and mapped onto a standardized whole-brain atlas (Neuron
Atlas) (24) to perform regional analysis (Fig. 1A). This atlas is opti-
mized for brain samples processed with the CUBIC-L/R+ protocol and
enables fine registration to the Allen Brain Atlas space.

To validate rhythm detection, we first examined the SCN. Time-series
visualization of c-Fos expression in the SCN revealed a clear 24-hour
rhythmic pattern over two circadian cycles, which was consistently
observed in both experimental series (Fig. 1B, fig. S5, and movie S1).
Quantitative cell counts confirmed this rhythmicity, with a peak during
the subjective day (Fig. 1C). At the whole-brain level, we detected be-
tween 0.4 and 3.0 million c-Fos-positive cells per brain across time
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Fig. 1. Temporal dynamics of c-Fos—

Sampling (2 series) Tissue clearing & 3D imaging Automated Atlas
positive cells in the whole mouse brain. 24h 48h 3D immunostaining cell detection mapping
(A) Experimental design and workflow. R —— 1
Mouse brains (n = 6 per time point) were Y .
collected every 4 hours over 2 days @ 4 @ 4

n=6 n=6 n=6 n=6 n=6 n=6

under constant darkness. CT starts at
subjective dawn (CT0) and continues
beyond 24 hours. The brains underwent
tissue clearing and 3D immunostaining,
3D imaging using light-sheet microscopy,
automated detection of c-Fos—positive
cells, and registration to the Neuron Atlas.
This pipeline was repeated in two indepen-
dent series. (B) Temporal dynamics of
c-Fos expression in the SCN. Horizontal
maximum-projection images (500 pm
thick) from 144 brains collected at 12 time
points in two independent experimental
series. Whole-brain signal intensities were
median aligned across all 144 brains.
Scale bar, 500 um. (C) Temporal
dynamics of c-Fos—positive cell counts in
the SCN from two independent
experiments. Points and error bars
represent mean + SD (n = 6 per time
point). Time points range from CTO to
CT44 at 4-hour intervals. White and light
gray backgrounds denote subjective day
and night, respectively. (D) Temporal
dynamics of total c-Fos—positive cell
counts in the whole brain. Data represent
mean + SD across two independent
experiments (n = 6 per time point).

(E) Distribution of FDR values for
circadian rhythmicity across all brain
regions; FDR < 0.1 indicates significant
rhythmicity. (F) Rose plot showing the
distribution of peak times for significantly
rhythmic brain regions. Each bar
represents the number of regions peaking
at that time. The radial axis represents
region count, with a maximum of 250.
Colors represent peak time. (G) Heatmap
of z-score—normalized c-Fos—positive

cell counts across 508 rhythmic brain
regions. Rows represent brain regions
ordered by peak time. Colors represent
normalized cell count (red: high,

blue: low).
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points, with the highest counts observed around the transition from
the subjective night to day (Fig. 1D).

To efficiently evaluate circadian rhythmicity, we applied an analytic
cosinor test developed for high-throughput analysis (see the Materials
and methods). To identify brain regions with consistent circadian
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rhythmicity, we concatenated the two experimental courses into a con-
tinuous 4-day dataset, which provided the most coherent results. Of
the 642 annotated brain regions, 508 (79%) showed significant rhyth-
micity at a false discovery rate (FDR) < 0.1 (Fig. 1E and table S4). This
result was independently supported by JTK_CYCLE analysis (25),
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which identified 549 rhythmic regions (FDR < 0.05), with 500 over-
lapping between the two methods (fig. S6).

‘We next analyzed the temporal distribution of peak times in the rhyth-
mic regions. Although the SCN peaked around circadian time (CT) 5.3,
a large proportion of regions peaked during the late subjective night
(CT20 to CT24), particularly around CT20 to CT22, corresponding to
the late active phase in mice (Fig. 1F). To illustrate temporal patterns
across brain regions, we generated heatmaps of z-score -normalized
c-Fos-positive cell counts ordered by circadian peak time (Fig. 1G).
This representation highlighted the consistent clustering of peak times
during the late subjective night across both experiments, demonstrat-
ing high reproducibility.

Spatial mapping of peak times reveals characteristic circadian
rhythms across brain regions

Some brain regions exhibited peak times that diverged from the domi-
nant pattern, as observed in Fig. 1G. To investigate the spatial distribu-
tion of rhythmicity across brain regions, we mapped regional peak times
of c-Fos-positive cell counts onto the Neuron Atlas (Fig. 2A; for rhyth-
micity analysis results, see table S4). This spatial map demonstrated
that most brain regions peaked during the late subjective night (CT20
to CT24), whereas some regions, including parts of the isocortex, hip-
pocampus, thalamus, and hypothalamus, showed peak times during
the subjective day (CTO to CT12; inactive phase). In posterior brain
areas, including parts of the hindbrain and cerebellum, several regions
peaked during the early subjective night (CT12 to CT18) or late sub-
jective day (CT6 to CT12).

To examine peak times across brain regions in more detail, we
arranged the annotated regions by 10 major brain divisions based
on the hierarchical anatomical divisions of the Allen Brain Atlas
(CCFv3) (26) and visualized their peak times using grid plots (Fig.
2B). Rose plots summarized the distribution of peak times within each
division (Fig. 2C).

Within the isocortex, the auditory (AUD) areas tended to peak ear-
lier (CT18.5 to CT21.3) than other cortical regions, which mostly peaked
between CT20 and CT24 (Fig. 2B and table S4). The primary visual
area, layer 4 (VISp4) peaked during the subjective day (CT8.8), stand-
ing out among cortical regions. In the hippocampal formation, the den-
tate gyrus, granule cell layer (DG-sg), and the entorhinal area, medial
part, dorsal zone, layer 5 (ENTm5), peaked around the midsubjective
day (CT6.9 and CT5.7, respectively). In the thalamus, most regions
peaked around CT22 to CT24 (Fig. 2C), whereas the dorsal part of the
lateral geniculate complex (LLGd), which is involved in visual processing,
peaked during the midsubjective day (CT6 to CT8). In the hypothalamus,
several regions showed distinct peak times, such as the ventrolateral
preoptic area (VLPO) during the midsubjective day (CT6.5), the supra-
optic nucleus (SO) around the transition from day to night (CT12.4),
and the paraventricular nucleus (PVH) during the midsubjective night
(CT17.7). In the midbrain, auditory-related regions such as the inferior
colliculus-central nucleus (ICc), dorsal nucleus (ICd), and external
nucleus (ICe) peaked during CT17 to CT18, whereas visual-related re-
gions such as the superior colliculus-optic layer (SCop), superficial
gray layer (SCsg), and zonal layer (SCzo) peaked around CT6 to CT10,
showing an antiphase. In the hindbrain, although relatively fewer re-
gions showed rhythmicity, they displayed a broad distribution of peak
times. In the cerebellum, regions with rhythmicity consistently peaked
during the late subjective day (CT6 to CT10), although the number of
c-Fos-positive cells detected in these regions was limited. Lastly, re-
gions in the olfactory areas, the cortical subplate, and the cerebral
nuclei predominantly peaked around CT20 to CT22.

Similar circadian rhythms are observed in brain regions with
related physiological functions

We categorized brain regions based on their physiological functions
and evaluated the circadian patterns of c-Fos-positive cell counts within
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each category. This approach allowed us to identify characteristic trends
in rhythmicity associated with specific functional groups.

Well-established wake-related brain regions peaked during the late
subjective night, corresponding to the active phase of nocturnal animals.
These include the tuberomammillary nucleus, ventral part (TMv), the
dorsal nucleus raphe (DR), and the lateral hypothalamic area (LHA)
(CT20.2, CT20.9, and CT21.6, respectively), all of which secrete wake-
promoting neurotransmitters such as histamine, serotonin, and orexin,
respectively (Fig. 3A and fig. S7A) (27). The paraventricular nucleus of
the thalamus (PVT), a limbic-hypothalamic relay activated during
wakefulness (28), also peaked during the late subjective night (CT22.9).

Rapid eye movement (REM) sleep-related regions also showed peak
times during the late subjective night. These include the sublaterodor-
sal nucleus (SLD), the pedunculopontine tegmental nucleus (PPT), and
the laterodorsal tegmental nucleus (LDT) (CT20.5, CT23.8, and CT23.2,
respectively) (Fig. 3B and fig. S7B). Although these regions are impor-
tant in REM sleep regulation (29), given the limited temporal resolu-
tion of c-Fos, the observed peak times should not be taken as evidence
for circadian modulation of the fast dynamics of REM sleep.

Non-rapid eye movement (NREM) sleep-related regions peaked
during the subjective day (inactive phase), although their peak times
were not consistent (Fig. 3C and fig. S7C). The VLPO, a sleep-promoting
center that inhibits wake-promoting regions (29, 30), peaked around
the midsubjective day (CT6.5). The medial preoptic area (MPO), which
coordinates sleep with thermoregulation, and the reticular nucleus of
the thalamus (RT), which regulates thalamocortical rhythms includ-
ing delta waves and sleep spindles, peaked earlier (CT1.9 and CT1.6,
respectively) (31).

Memory-related regions displayed divergent peak times. CAl and
CA3, which support memory retrieval through information integration
and pattern completion, respectively (32), peaked during the late sub-
jective night (CT21.9 and CT21.7, respectively). By contrast, the DG-sg,
which supports memory encoding through pattern separation (33),
peaked around the opposite CT (CT6.9). The ENTm5, a key relay con-
necting the hippocampus to the neocortex (34), showed a peak around
CT5.7, close to that of the DG (Fig. 3D and fig. SSA).

Regions associated with the reward system (35), including the ven-
tral tegmental area (VTA), the nucleus accumbens (ACB), the lateral
habenula (LH), and the basolateral amygdalar nucleus, anterior part
(BLAa), peaked during the late subjective night (CT21.5, CT21.1, CT20.8,
and CT22.2, respectively) (Fig. 3E and fig. S8B) . These peak times are
consistent with increased reward-seeking behavior during the active
phase of nocturnal animals (36).

Regions associated with visual functions and photic inputs, includ-
ing the nucleus of the optic tract (NOT), the olivary pretectal nucleus
(OP) (37), the SCsg, the dorsal part of the lateral geniculate complex,
core (LGd-co), and the VISp4, peaked during the subjective day (CT6.3,
CT6.4, CT7.3, CT7.9, and CT8.8, respectively) (Fig. 3F and fig. S8C).
These daytime peaks suggest robust circadian rhythmicity indepen-
dent of external light cues, as is also observed in the SCN (Fig. 1C). Among
the auditory regions, the primary auditory cortex, layer 4 (AUDp4),
and the ICc, a midbrain hub for auditory processing (38), both peaked
during the midsubjective night (CT19.6 and CT17.1, respectively)
(Fig. 3G and fig. S8D). These peak times contrast with those of visual
regions.

Regions associated with voluntary motor function, including the pri-
mary motor area, layer 2/3 (MOp2/3), the secondary motor area, layer
2/3 (MOs2/3), the globus pallidus, internal segment (GPi), a major out-
put nucleus of the basal ganglia (39), and the substantia nigra, com-
pact part (SNc¢), a major source of dopamine input to the striatum (40),
peaked during the late subjective night (CT22.0, CT21.6, CT21.3, and
CT22.0, respectively) (Fig. 3H and fig. S9A). By contrast, regions associ-
ated with involuntary motor functions, such as vestibular control, in-
cluding the nodulus (NOD) (41), the vestibulocerebellar nucleus, (VeCB)
(42), and the medial vestibular nucleus (MV) (43), peaked during the
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566 annotated regions (of 642 total regions, excluding fiber tracts and ventricular systems), grouped into 10 major brain divisions: isocortex, olfactory areas, hippocampal formation,
cortical subplate, cerebral nuclei, thalamus, hypothalamus, midbrain, hindbrain, and cerebellum. Full-size squares indicate regions with FDR < 0.05; half-size squares indicate 0.05 <
FDR < 0.1. Region abbreviations are listed in table S5. (C) Rose plots showing the distribution of peak times for significantly rhythmic regions (FDR < 0.1) across the 10 major brain
divisions. Each bar represents the number of regions within a 2-hour bin. Radial scales vary by division; one grid unit corresponds to 20, 3,2, 2, 3,5, 4,5, 2, and 1 regions, respectively.
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Fig. 3. Temporal dynamics of c-Fos—positive cell counts in brain regions with related physiological functions. (A to J) Line plots of z-score-normalized c-Fos—positive
cell counts for representative rhythmic regions in 10 functional categories: wake, REM sleep, NREM sleep, memory, reward, vision, audition, motor, balance, and feeding.
Line color represents the peak time of each region. Vertical lines indicate the peak time of each region calculated over the first and second experiments. Line styles (solid
and dashed) differentiate regions within each category. White and light gray backgrounds denote subjective day and night, respectively. Raw cell counts and error bars for
each region are shown in figs. S7 to S9. TMy, tuberomammillary nucleus, ventral part; DR, dorsal nucleus raphe; VTA, ventral tegmental area; LHA, lateral hypothalamic area;
SLD, sublaterodorsal nucleus; PPT, pedunculopontine tegmental nucleus; LDT, laterodorsal tegmental nucleus; VLPO, ventrolateral preoptic nucleus; MPO, medial preoptic
area; RT, reticular nucleus of the thalamus; CAL, field CAL; CA3, field CA3; DG-sg, dentate gyrus, supragranular layer; ENTm5, entorhinal area, medial part, layer 5; ACB,
nucleus accumbens; SNc, substantia nigra, compact part; LH, lateral habenula; BLAa, basolateral amygdalar nucleus, anterior part; NOT, nucleus of the optic tract; OP,
olivary pretectal nucleus; SCsg, superior colliculus, superficial gray layer; LGd-co, dorsal part of the lateral geniculate complex, core; AUDp4, primary auditory area, layer 4;
ICc, inferior colliculus, central nucleus; MOp2/3, primary motor area, layer 2/3; MOs2/3, secondary motor area, layer 2/3; GPi, globus pallidus, internal segment; NOD,
nodulus; VeCB, vestibulocerebellar nucleus; MV, medial vestibular nucleus; ARH, arcuate hypothalamic nucleus; DMH, dorsomedial nucleus of the hypothalamus; NTS,

nucleus of the solitary tract.

late subjective day (CT7.7, CT8.2, and CT9.2, respectively) (Fig. 31 and
fig. S9B).

Feeding-related regions (44), including the arcuate hypothalamic
nucleus (ARH), the dorsomedial nucleus of the hypothalamus (DMH),
and the nucleus of the solitary tract (NTS), peaked around the mid-
subjective night (CT20.3, CT20.4, and CT18.0, respectively) (Fig. 3J and
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fig. S9C). The SO, which plays a central role in water balance through
vasopressin secretion (45), peaked near the onset of the subjective night
(CT12.4) (fig. S9D).

Regions with similar physiological functions often exhibited common
peak times. We also observed that functionally similar regions, such
as hippocampal memory-related regions, sometimes displayed distinct
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circadian peak times. This prompted us to explore whether such diver-
sity could also be present within individual brain regions, motivating
a finer-resolution analysis.

Voxelwise analysis reveals distinct peak times within

brain regions

To investigate circadian rhythms of c-Fos-positive cell counts at higher
spatial resolution, we performed voxelwise analysis at a 20-pm voxel scale.
To ensure robust analysis across multiple brain images, we applied a
convolution step: the c-Fos-positive cell count for each voxel was cal-
culated from the total number of cells within a surrounding 160-pm
cubic volume (fig. S10, A and B). After this smoothing step, rhythmicity
was evaluated voxelwise throughout the entire brain using the analytic
cosinor test that we developed. This approach enabled efficient rhyth-
micity analysis of >100 million voxels per brain.

The SCN, which peaked around CT5.3 when analyzed as a whole
(Fig. 1C), exhibited various peak times at the voxel level, ranging from
earlier peak times in an anterior dorsomedial area (approximately CT2
to CT4) to later in a ventrolateral area (approximately CT4 to CT8)
(Fig. 4, A and B). The classical “shell” region included both of these areas,
whereas the “core” contains part of the later-peak time area (CT4 to
CT8) along with nonrhythmic voxels (7). The regions surrounding the
SCN showed a wide variety of peak times. The subparaventricular zone
(SBPV), just dorsal to the SCN and relaying circadian signals to auto-
nomic centers (46), showed an almost opposite peak time (CT15 to CT22;
fig. S10C). The DMH, which peaked around CT20.4 when analyzed as
a whole (fig. S9C), also exhibited temporal heterogeneity, with an ear-
lier peak time in its posterior ventral area (approximately CT14:to CT20).
In the entorhinal cortex (ENT), the medial area peaked around CTS8,
whereas the lateral area peaked around CT20 to CT24. In CAl, a grad-
ual peak time shift was observed along the dorsoventral axis, with the
ventral area peaking earlier than the dorsal area (approximately
CT18 to CT2).

In contrast to the subregional diversity described above, some brain
regions exhibited coherent circadian peaks that were well aligned with
anatomical boundaries, as revealed by voxelwise analysis (Fig. 4C). In
the isocortex, rhythmic voxels with daytime peaks were tightly con-
fined to the narrow layer of the VISp4 (approximately CT6 to CT12),
whereas the primary auditory cortex (AUDp) showed a laminar dis-
tribution with a distinctive peak time in layer 5 (approximately CT18
to CT21), although its boundary was relatively broad. In the midbrain,
the superior colliculus, sensory related (SCs), comprising the SCop,
SCsg, and SCzo, peaked around CT5 to CT10. These peak times were
distinct from those of the surrounding regions, delineating a charac-
teristic layered structure resembling paired domes in horizontal or
coronal views. By contrast, the inferior colliculus (IC), comprising the
ICc, ICd, and ICe, showed an opposite peak time around CT15 to CT21,
although rhythmic voxels were relatively sparse and unevenly distrib-
uted (Figs. 4C and 2B).

The diversity of relative peak times enables prediction of brain
CT in single samples

Rhythmicity analysis based on regional c-Fos-positive cell counts re-
vealed that most brain regions peaked around CT20 to CT24, broadly
aligned with the temporal fluctuation of whole-brain c-Fos-positive
cell counts (Fig. 1D). This led us to hypothesize that the temporal dy-
namics of brain regions, viewed relative to global brain activity, might
reveal region groups that contribute most prominently at different CT
points. We thus calculated the cell count ratio for each region by di-
viding the c-Fos-positive cell counts in that region by the total c-Fos-
positive cell counts in the entire brain at each time point (Fig. 5A). Of
the 642 annotated regions, 393 showed significant circadian rhythmic-
ity in cell count ratio (FDR < 0.1) (table S7). Compared with raw counts,
the distribution of peak times based on cell count ratios (referred to
as relative peak times) was more evenly spread across the circadian
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cycle (Fig. 5B). Here, relative peak time indicates the CT point when
a region shows its highest activity relative to the entire brain.

To illustrate this diversity, the regions showing rhythmicity in cell
count ratio were grouped into six time windows: dawn (CT22 to CT2),
morning (CT2 to CT6), afternoon (CT6 to CT10), evening (CT10 to
CT14), early night (CT14 to CT18), and late night (CT18 to CT22)
(Fig. 5C). Each time window showed a distinct spatial configuration
of peaking regions, forming a structured circadian pattern across the
brain. For a more detailed view, the relative peak time distributions
of these regions were organized by major brain divisions (fig. S11). The
isocortex showed a wide range of relative peak times, with a tendency
to peak during the late subjective night (active phase). The thalamus
peaked predominantly during the early subjective day (inactive phase).
The hippocampal formation, hypothalamus, hindbrain, and cerebel-
lum peaked mainly around the late subjective day. The midbrain
showed a distribution of peak times with two tendencies, one in the
late subjective day and another in the late subjective night. The olfac-
tory areas, cortical subplate, and cerebral nuclei tended to peak during
the late subjective night (fig. S11C).

The broad distribution of relative peak times suggested that a profile
of regional c-Fos cell count ratios at a single time point could carry
sufficient information to infer CT (47). We therefore retrospectively
estimated the CT of individual brain samples using two analytical
approaches: a molecular timetable method that we previously devel-
oped (48, 49) and an unsupervised algorithm known as cyclic ordering
by periodic structure (CYCLOPS) (50).

The molecular timetable method was originally designed to estimate
circadian phase from transcriptomic data by identifying and leverag-
ing time-indicating genes. In the present study, although the relative
peak times of brain regions were broadly distributed, they remained
somewhat skewed compared with transcriptome-derived phase indica-
tors (fig. S12A). To address this, we filtered regions within each peak
time window based on the lowest FDR values, yielding 216 regions
with well-distributed peak times (fig. S12B and see the Materials and
methods). For each sampling time point of each experimental day, we
visualized the distribution of z-score -normalized cell count ratios
across regions, ordered by their relative peak times. The resulting
profiles formed sinusoidal curves aligned with CT, enabling us to con-
struct a brain circadian timetable (Fig. 5D). Using a leave-one-out
cross-validation approach, we fitted each sample to this reference
curve and inferred its sampling time with high accuracy (mean abso-
lute error: 1.44 + 0.24 hours; Fig. 5E and fig. S12, C to E). This approach
demonstrated high sensitivity and specificity even with fewer input
regions (fig. S12, F to H). Sensitivity and specificity showed only minor
variation across CTs (fig. S12, I and J).

‘We further applied CYCLOPS, a previously developed unsupervised
method for reconstructing circadian order based on latent periodic struc-
ture (50). With appropriate parameter settings, such as the number of
regions used to obtain characteristic patterns, CYCLOPS also predicted
brain CT with comparable accuracy (mean error: 1.47 + 0.21 hours;
fig. S13).

An open-access database enables multiperspective circadian
rhythmicity analysis of the whole brain

In this study, we constructed a whole-brain atlas of circadian rhyth-
micity based on c-Fos-positive cell counts or cell count ratios at both
regional and voxel levels, covering all brain regions.We now provide
a freely accessible database at https://circadian.cfosdb.systems-based-
medicine.org/database, allowing users to explore the data from multiple
perspectives (Fig. 6A). Brain regions can be selected in several ways:
through a 3D/2D slice viewer, the anatomical tree based on the Allen
Mouse Brain Atlas, or a rhythmicity-based query. Output options in-
clude (i) line plots of c-Fos-positive cell counts in selected regions (Fig. 6B),
(ii) time-series images showing c-Fos expression across 24 time points
concatenated from two time courses in independent experimental
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20-pm voxel resolution. Colors represent peak time; gray voxels indicate voxels without significant rhythmicity (FDR > 0.1). Scale bars, 500 pm (SCN, DMH, ENT), 2 mm (CAL).
(B and C) Circadian peak times in 2D views of representative brain regions. For each region, the left column shows its anatomical location in the whole brain. The right columns
show five projection views of voxelwise peak times in three orientations (horizontal, coronal, and sagittal from top to bottom). Each projection corresponds to one of five equally
spaced partitions along the respective axis. Sagittal views generally show the right hemisphere, except for SCs and IC, where bilateral projections are displayed. Colors represent
peak time; transparency reflects rhythmicity (lower FDR values appear more opaque). c-Fos immunostaining images are shown underneath for anatomical reference. Opaque
and translucent white outlines denote the region of interest and its surrounding regions, respectively. White arrows indicate layer 4 of VISp (left) and layer 5 of AUDp (right).
Scale bars, 500 pm. SCN, suprachiasmatic nucleus; DMH, dorsomedial nucleus of the hypothalamus; ENT, entorhinal area; CAL, field CAL; SCs, superior colliculus, sensory

related; IC, Inferior colliculus; VISp, primary visual area; AUDp, primary auditory area.

series (Fig. 6C), and (iii) time-series movies and voxelwise visualiza-
tions of peak times (Fig. 6D, fig. S14, and movie S2). These outputs
facilitate comparisons across hemispheres and spatial planes (coro-
nal, horizontal, and sagittal). The database also provides whole-brain
slice views of rhythmicity analysis results, where peak times are dis-
played in color based on either cell counts or cell count ratios at the
regional or voxel level (fig. S15). In addition to predefined anatomical
regions, users can define regions of interest (ROIs) by creating binary
masks using external image analysis software and upload them for
rhythmicity analysis (Fig. 6A). As a demonstration, we manually de-
fined regions adjacent to the dorsal and medial borders of the VLPO
called the extended dorsal and medial VLPO (edVLPO and emVLPO,
respectively; Fig. 6E) (57). Rhythmicity analysis of these user-defined
areas revealed a peak time around CT5.3, slightly earlier than the
originally defined VLPO (CT6.5; Fig. 6F and fig. S7C).

Discussion

3D mapping of circadian neural activity confirms spatially coherent
rhythms in the SCN

The SCN illustrated how 3D staining enables precise global mapping
of circadian neural activity. Our cell detection and rhythmicity analy-
sis revealed a clear circadian rhythm in the SCN, with a peak around
CT5.3 when analyzed as a whole. Voxelwise analysis further revealed
a gradual shift in peak times from the anterior dorsomedial to the
ventrolateral area, spanning approximately CT2 to CT8. This timing
is consistent with previously reported c-Fos expression and electro-
physiological findings (20, 21, 52), supporting the validity of our atlas
and analysis pipeline.

The SCN core is enriched in VIP and GRP neurons that receive direct
retinal input and drive light entrainment, whereas its shell predomi-
nantly contains AVP neurons that support interneuronal coupling and
sustain circadian rhythmicity (3, 563). Core and shell exhibit distinct
circadian phases, and some cell populations within the core may lack
detectable rhythmicity (54). Beyond this binary structure, a series of
studies using real-time PER2::luciferase bioluminescence imaging
(5, 54, 55) and calcium imaging (56, 57) have revealed a continuous
spatial gradient of circadian peak times across the SCN. In our study,
voxelwise analysis demonstrated a continuous gradient of activity peak
time across its anatomical subregions, a pattern consistent with these
previous studies. Recent single-cell and spatial transcriptomic studies
have provided a molecular atlas of the SCN and revealed that distinct
neuronal subtypes are spatially intermixed and exhibit phase-shifted
rhythms (7, 8). The peak time gradient in our study may reflect, at
least in part, this spatial distribution of neuronal subtypes and the
underlying cellular heterogeneity in circadian peak time.

Brain regions regulating the sleep-wake cycle exhibit distinct circadian
activity patterns

Beyond the SCN, the regulation of sleep and wakefulness involves a
distributed network of subcortical regions that interact with cir-
cadian and homeostatic processes (58, 59). Despite their known
functional roles, their circadian dynamics have not been assessed
comprehensively at the whole-brain level. In our study, we addressed
this gap and revealed a clear temporal contrast between wake- and
sleep-related regions.
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Wake-promoting regions, such as the TMv, DR, LHA, PVT, and mag-
nocellular nucleus (MA) in the basal forebrain, peaked during the
late active phase (CT20.2 to CT22.9), consistent with previous reports
showing elevated neural activity in these regions during wakefulness
(28, 60-63). This timing corresponds to the wake maintenance zone,
originally described in humans, when circadian wake drive counter-
acts increasing sleep pressure (64). The delayed peak times in these
regions suggest that they may be more involved in sustaining wake-
fulness or supporting ongoing wake-related processes, rather than
simply initiating the sleep-wake transition. The PVH peaked earlier
(CT17.7) than other wake-promoting regions, consistent with its pro-
posed role in initiating arousal through corticotropin-releasing factor
signaling and orexin activation (fig. S7A) (65). By contrast, the locus
coeruleus (LC) did not show significant rhythmicity, which may re-
flect an insufficient number of c-Fos-positive cells for reliable detec-
tion of circadian rhythmicity. However, voxelwise analysis revealed
a rhythmic subregion within the LC (fig. S10C). The Kolliker-Fuse
nucleus, a region within the parabrachial nucleus (PB), also did not
show significant rhythmicity, possibly reflecting functional hetero-
geneity within the PB complex, which is known to contribute to wake
maintenance (66).

REM sleep-related regions also peaked during the late subjective
night. The SLD, essential for REM induction and muscle atonia (29),
peaked around CT20.5. The PPT and LDT, traditionally regarded as REM
generators but also active during wakefulness (30), peaked around
CT23.2 to CT23.8. These timings suggest that their circadian activity
does not directly reflect REM dynamics, but rather may be associated
with other physiological processes, including wakefulness. By contrast,
NREM sleep-related regions peaked during the subjective day, espe-
cially the VLPO, which showed a clear rhythm with a peak around CT6.5.
The MPO and RT peaked earlier (CT1.6 to CT1.9), possibly reflecting
roles in the early inactive phase, which should be considered in studies
of thermoregulation and sleep-related brain oscillations. Nevertheless,
our voxelwise analysis suggests that their oscillatory activity is subre-
gion dependent.

The hippocampal memory system exhibits distinct circadian activity
patterns across regions and subregions

The hippocampal memory system comprises anatomically and func-
tionally distinct regions (67). In our study, these regions exhibited distinct
circadian peak times. CAl and CA3 peaked around CT21.7 to CT21.9,
consistent with previous reports of elevated activity during the active
phase (68). By contrast, the DG peaked around CT6.9 during the inactive
phase, nearly in antiphase to the CA regions. This aligns with reports
that the DG and CA regions play distinct roles depending on behavioral
state (69, 70). Several studies report higher activation of the DG during
NREM and REM sleep (10, 12, 7I), whereas others observed increased
activity during wakefulness (11, 72). This inconsistency may reflect differ-
ences in behavioral state, measurement techniques, or the anatomical
complexity of the DG. Voxelwise analysis further revealed subregional
variation in circadian peak times. CAl showed a gradual peak time
shift along the dorsoventral axis, possibly reflecting continuous changes
in gene expression patterns and cell types (73, 7). Previous studies have
also reported day-night variation along the anterior-posterior axis of
the dorsal hippocampus (75), and in our dataset spatially limited peak
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Fig. 5. Brain CT prediction based on the pattern of regional c-Fos—positive cell count ratios. (A) Schematic of cell count ratio calculation and rhythmicity analysis. For each
brain region and time point, the number of c-Fos—positive cells was divided by the whole-brain total at that time point to compute the cell count ratio. Rhythmicity was evaluated
using the analytic cosinor test. A conceptual heatmap of z-score-normalized ratios is shown to illustrate relative peak time distributions. (B) Heatmap of z-score-normalized
c-Fos—positive cell count ratios across 395 brain regions showing significant rhythmicity in cell count ratio. Rows represent brain regions ordered by relative peak time. Colors
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represent normalized cell count ratio (red: high, blue: low). (C) 3D visualization of the brain regions shown in (B) grouped by relative peak time. Regions are classified into six
time windows. Each group is shown in three anatomical views: horizontal, sagittal, and coronal. Regions are color coded according to the central time of each window. Scale bar,

5 mm. (D) Temporal profiles of normalized cell count ratios in 216 regions showing significant rhythmicity in cell count ratio. Regions were filtered within each peak time window
based on the lowest FDR values. Ratios were z-score normalized per region across all 144 samples. Samples were grouped by experimental series and day (first experiment: day 1
and day 2; second experiment: day 1 and day 2). Each curve shows the mean ratio across six samples per time point. Line color represents the relative peak time of each region
(color code shown at right). (E) Brain CT prediction based on cell count ratio profiles. For each sample, brain CT was predicted using the timetable method trained on the
remaining 143 samples. Cell count ratios were z-score normalized per region using only the training set. Predicted brain CT was defined as the peak of the best-fit cosine curve
(black line). Representative predictions are shown for each time point in both experimental series (CT23.2, CT4.0, CT7.9, CT11.4, CT15.9, and CT20.6 in the first experiment;

CT23.5,CT3.4,CT74,CT11.6,CT16.3, and CT19.1 in the second experiment).

time differences were observed (Fig. 4A). In the DG, daytime peaks
were spatially aligned with the granule cell layer (fig. SI0C). The ENT
also exhibited spatial variation in peak time; notably, part of the me-
dial area peaked during the light phase, whereas the lateral area
peaked during the late subjective night. This may reflect the functional
division of the ENT, where the medial part encodes spatial information
(76) and the lateral part processes nonspatial cues (77), with the latter
showing increased activity during the active phase (72). These findings
underscore the importance of considering circadian timing in studies
of hippocampal memory-related functions, which are subject to time-
of-day-dependent modulation of plasticity and excitability.

Brain regions supporting diverse behavioral functions show distinct
circadian activity patterns

Circadian clocks provide an evolutionary advantage by enabling or-
ganisms to anticipate predictable daily environmental changes and
temporally optimize physiological processes, including reward, mo-
tor control, sensory processing, and feeding. Disruption of the mo-
lecular circadian clock in the VTA, a central hub of the dopaminergic
system, impairs reward-related behavior (78). However, the circadian
organization of neural activity across the broader reward system has
not been comprehensively examined. In our study, multiple reward-
related brain regions, such as the ACB, LH, and BLAa, peaked during the
late subjective night, in phase with the VTA. These peak times align
with behavioral studies showing increased sensitivity to rewards such
as food or social stimuli during the active phase (36).

Similarly, brain regions involved in voluntary motor control, such
as the MOp2/3, MOs2/3, GPi, and SNc, peaked during the late subjec-
tive night. By contrast, cerebellar and medullary regions associated
with involuntary motor control, such as balance, posture, and eye
movement, tended to peak during the inactive phase. Although the
cerebellum contributes to refining voluntary movement, its activity
under DD conditions may reflect internally generated processes,
consistent with reports of state-dependent cerebellar activity during
sleep and wakefulness (79). The relatively low number of c-Fos-positive
cells in these regions suggests reduced spontaneous activity in the ab-
sence of external stimuli. Further experiments under LD or stimulus-
driven conditions will be necessary to clarify these results.

Sensory systems also showed distinct circadian peak times. Although
visual-related regions such as the SCs, LGd, and VISp4 peaked during
the subjective day, auditory-related regions such as the IC and the
AUDp peaked during the midsubjective night. The medial geniculate
nucleus, ventral part (MGv), the primary auditory thalamic nucleus
(80), also showed voxelwise peak times around CT17 to CT22, although
no significant rhythmicity was detected at the regional level (figs. S8D
and S10C). This peak time opposition may reflect functional adapta-
tion to the environmental light-dark cycle, optimizing visual process-
ing during daytime and auditory processing during nighttime, even
under DD conditions.

Brain regions involved in feeding, such as the DMH, ARH, and NTS,
peaked around the midsubjective night, consistent with the timing of
food intake in nocturnal animals. The SO, which regulates water bal-
ance, peaked around the transition from the subjective day to night (fig.
S9D). This rhythm may reflect SCN-mediated modulation of excitatory
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input to SO neurons, which increases vasopressin release and osmo-
sensitivity during the late inactive phase (81).

Brainwide neural activity patterns reflect brain CT

The brain is an integrated system in which diverse regions are expected
to operate in a spatiotemporally coordinated manner. Although previ-
ous studies have typically assessed the circadian dynamics of individual
regions, how these dynamics relate to those of the rest of the brain has
not been evaluated. We therefore calculated the cell count ratio for
each region by dividing the number of c-Fos-positive cells in that region
by the total number in the entire brain at each time point. Analysis of
these ratios revealed that peak times were distributed throughout the
circadian cycle. The brain CT of a sample could be inferred from the
global distribution of cell count ratios across brain regions by adapting
computational approaches originally developed for transcriptomic and
metabolomic datasets (48-50). This suggests that brainwide activity
patterns not only reflect local circadian rhythms but also provide a read-
out of the organism’s internal CT.

Although our dataset was obtained under controlled conditions in
mice, this approach offers the possibility of using global activity pat-
terns as a readout of brain state in broader contexts. A similar strategy
was recently used to infer internal CT from spatially resolved transcrip-
tomic data in human postmortem brains (82). This may inform future
efforts to evaluate circadian disruption or temporal misalignment in
disease models, pharmacological studies, or behavioral paradigms where
time-resolved sampling is not feasible.

The database provides a temporal reference of brainwide neural
activity for neuroscience and other research
The dataset from this study is freely available online to support further
research. It is compatible with a wide range of existing resources, in-
cluding those for gene expression, anatomical connectivity, and cell-type
distributions (26, 73, 83, 84). This compatibility enables future integra-
tive analyses that combine spatially resolved circadian neural activity
with transcriptomic, connectomic, and epigenomic data.
Understanding the magnitude of circadian neural activity in brain
regions is essential for designing and interpreting neuroscience experi-
ments, as well as therapeutic studies. The efficacy of pharmacological
treatments for cancer and other common diseases can vary signifi-
cantly depending on the time of day (85, 86). Similarly, the therapeutic
effects of psychiatric medications such as antidepressants may depend
on the timing of administration (87). Our study highlights the possibil-
ity that brain-targeted therapies could exhibit time-of-day-dependent
effects based on the circadian rhythm of the target regions. A brain-
wide understanding of circadian neural activity may therefore con-
tribute to identifying optimal timing for therapeutic interventions and
enhancing treatment efficacy.

Limitations of c-Fos as a marker for neural activity

The c-fos gene is an IEG that is transcribed rapidly in response to stimu-
lation without requiring de novo protein synthesis. In the central ner-
vous system, c-Fos is induced by diverse stimuli, and its transcription
is driven by the Ca®"/cAMP response element in its promoter, which is
activated by intracellular Ca®" influx through Ca*"-dependent kinases
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Fig. 6. Open-access database of whole-brain circadian c-Fos data. (A) Schematic overview of region selection and output options. Users can select regions by typing region
names in a text box or using one of three options: (a) a 3D/2D slice viewer, (b) an anatomical tree, or (c) a rhythmicity-based query using regional level, statistical significance,
and peak time. Users can also define regions by drawing ROIs and converting them into binary masks using common image analysis software for rhythmicity analysis. Output
options include line plots of c-Fos—positive cell counts, time-series images, and both time-series movies and voxelwise peak time visualizations. For user-defined regions, only
line plots are currently supported. (B) Database output: line plots of c-Fos—positive cell counts in selected regions. Colors represent peak time. SCN (abbreviated as SCH in the
database following the Allen Brain Atlas), suprachiasmatic nucleus; DG-sg, dentate gyrus, supragranular layer; VLPO, ventrolateral preoptic nucleus. (C) Database output:
horizontal projection of time-series c-Fos images of the SCN and its surrounding areas averaged from six samples in the first experiment. Red and translucent white outlines
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denote the SCN and its surrounding regions, respectively. Scale bar, 200 pm. (D) Database output: time-series c-Fos movies and voxelwise peak time images of the SCN and
VLPO, shown as horizontal, coronal, and sagittal projections. The regions are outlined in red (movies) or white (voxelwise images), with translucent white for surrounding regions.
In the voxelwise peak time images, colors represent peak time and transparency reflects rhythmicity. Scale bar, 200 um. (E) Example mask of user-defined regions. Left:
manually defined regions adjacent to the extended dorsal and medial sides of the VLPO (green; edVLPO and emVLPO, respectively), shown with the original VLPO from the
database (red border) in a coronal section. Right: corresponding binary mask of edVLPO and emVLPO. Scale bar, 200 um. (F) Database output: line plot of c-Fos—positive cell
counts in the edVLPO and emVLPO showing a peak around CT5.3. Color represents peak time.

and the transcription factor cAMP response element-binding protein
(CREB). Because Ca’* influx is a fundamental feature of neuronal activity,
c-Fos has been widely used as an indirect marker of neural activation.

However, one limitation of c-Fos as an activity marker is the temporal
delay between neural activity and detectable expression. Given the dy-
namics of c-Fos expression, with protein levels peaking within 1 to
2 hours after stimulation and a half-life of ~1.5 to 2 hours (17, 88, 89),
the peak time of c-Fos protein likely reflects neural activity that peaked
~2 to 3 hours earlier or alternatively sustained activity over a broader
time window. Thus, circadian c-Fos dynamics in our study should be
interpreted as a temporally lagged and cumulative representation of
neural activity. Moreover, c-Fos is not suitable for capturing faster dy-
namics such as those underlying REM sleep or intrahippocampal sig-
naling relevant to memory processes. Accordingly, the grouping based
on physiological functions in our analysis should be viewed as high-
lighting circadian trends rather than as direct evidence of circadian
modulation of those rapid processes. Another limitation arises from
the small number of c-Fos-positive cells in regions, which may hinder
the detection of significant rhythmicity. For instance, in the LC, c-Fos-
positive cell counts remained low across the circadian cycle, although
voxelwise analysis showed subregional rhythmicity. Furthermore, c-Fos
induction depends not only on neural activity but also on intracellular
signaling pathways and neuromodulatory factors (90). In addition,
c-Fos is not strictly neuron specific and can also be expressed in non-
neuronal cells. A further limitation is that c-Fos expression can be strongly
influenced by sleep-wake states. Because circadian regulation and sleep-
wake states are tightly and bidirectionally coupled (59), these influences
are inherently difficult to disentangle. Accordingly, the “peak times” re-
ported here should be interpreted as reflecting both circadian drive
and sleep-wake states under constant darkness.

Despite these limitations, our study demonstrates that whole-brain,
time-series c-Fos mapping provides a spatially comprehensive view of
circadian rhythmicity in neural activity. This brainwide circadian atlas
not only enhances our understanding of temporal neural coordination
but also provides a new foundation for integrating time-of-day infor-
mation into neuroscience and pharmacological research.

Materials and methods

Mice

Male C57BL/6N mice (CLEA, Japan) were used for sampling at 10 weeks
of age. Two experiments were performed, using a total of 144 mice. All
experimental procedures and housing conditions were approved by
the Animal Care and Use Committee of RIKEN. All animals were han-
dled humanely in accordance with institutional guidelines.

Time-series brain sampling

After one week of acclimation in standard group housing conditions
under a 12-hour light/dark (LD) cycle at constant temperature and hu-
midity, the mice were individually housed in cages equipped with Snappy
Sleep Stager (SSS) (91), a noninvasive sleep/wake recording system
based on respiratory measurements. They were maintained under the
LD cycle for 2 weeks before the experiment, after which the lighting
condition was changed to DD. Sampling was performed every 4 hours
from CTO to CT44, covering 12 time points over a 48-hour period. At
each time point, the SSS rack door was opened 10 min prior, and six
mice were simultaneously anesthetized in their cages using isoflurane
delivered through an air system for 2 min to induce deep anesthesia.
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To minimize stimulation-induced c-Fos expression, the mice were imme-
diately subjected to perfusion and fixation, as c-Fos becomes detectable
~20 min after stimulation (88). The mice were perfused with phosphate-
buffered saline (PBS) containing heparin (10 U/ml), followed by fixa-
tion with 4% paraformaldehyde (PFA) in PBS. The entire process, from
opening the SSS rack door to completing the perfusion and fixation
of all six mice, was completed within 20 min. Thus, although isoflurane
can influence c-Fos expression, its impact in this experiment is ex-
pected to be minimal, although it cannot be fully excluded. The brains
were then extracted and post-fixed in 4% PFA in PBS for 20 hours at 4°C.

Tissue clearing and immunostaining

Tissue clearing and immunostaining were performed according to the
CUBIC-HistoVIsion 1.0 protocol described by Susaki et al. (23), with
some modifications. Fixed brains were first delipidated in CUBIC-L
solution for five days (50% for one day, 100% for four days). After three
washes with PBS, 72 samples were simultaneously stained in 3D with
the nuclear dye SYTOX Green for atlas mapping during image analysis.
After three washes with 10 mM HEPES and replacement with staining
buffer, the samples were stained with a complex of anti-rabbit anti-c-Fos
antibody (0.5 pg/sample, Abcam, ab222699) and Alexa Fluor 594-labeled
secondary Fab fragment (3:4 weight ratio) at 37 °C for three weeks,
with the final day at 4 °C. After brief washes with 0.1 M phosphate buffer
(PB) containing 10% Triton X-100 followed by PB alone, the samples were
post-fixed in 1% formalin in PB for 24 hours. After a PB wash, the sam-
ples were cleared in CUBIC-R+ solution for five days (50% for one
day, 100% for four days). For imaging, each brain was embedded in
CUBIC-R+ gel in a 6-well plate (92).

Imaging

The whole-brain samples were imaged using a custom-built light-sheet
microscope constructed in our laboratory (92). A 0.63% objective lens was
used, with each pixel in the xy-plane corresponding to 10 pm X 10 pm,
and z-stacks were acquired with a 10 pm step size. A 488 nm laser was
used for SYTOX Green (laser power: 200 mW, exposure time: 20 ms),
and a 592 nm laser was used for c-Fos (laser power: 300 mW, exposure
time: 200 ms). A 625/25 nm emission filter was used for both channels.

Image data preprocessing

Raw c-Fos staining images were normalized by calculating the median
voxel intensity within the brain volume for each sample, using only
voxels with intensities above 5,000 to exclude voxels outside the brain.
Each voxel value was then scaled so that the median intensity became
10,000, within a 16-bit dynamic range (0-65,535). To generate high-
resolution images for cell detection, the normalized c-Fos immuno-
staining images were upsampled 2.5-fold and deconvolved using the
Richardson-Lucy algorithm (93).

Peak detection

As the first step in detecting c-Fos-positive cells, every voxel with in-
tensity greater than 5,000 was evaluated and defined as a peak if it
showed the highest intensity within the surrounding 7 x 7 x 7 voxel
neighborhood in the deconvolved images. As described in our previous
work (92), a 3 X 3 x 3 voxel kernel was used for peak detection, cor-
responding to the approximate size of a single cell at the original reso-
lution. In this study, a 7 x 7 x 7 voxel kernel was applied after 2.5-fold
upsampling (from 10 pm to 4 pm voxels) to maintain a comparable
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physical scale. This kernel size ensures consistency with prior proto-
cols while balancing resolution and noise robustness.

Peak filtering and feature calculation

To characterize each candidate peak, the corresponding background
minimum intensity was defined as the lowest voxel value within an
11 x 11 x 11 voxel neighborhood centered on each peak, to quantify the
local contrast between the peak and its surrounding background. This
kernel size corresponds to a 2.5-fold upsampling of the 5 X 5 x 5 voxel
window used in our previous work (92). The intensity ratio (ratiol)
was defined as the ratio of the center voxel intensity to the minimum
intensity (i.e., center voxel intensity divided by minimum intensity).
To construct the distribution of logio(ratiol) values used for threshold-
ing, ~10% of all peaks detected across 144: samples (3,571,055,045 peaks
in total) were randomly selected. The distribution of log;o(ratiol) of
the peaks was plotted and fitted with a Gaussian mixture model (fig.
S2A). Assuming that the Gaussian component with the lower mean
represented noise peaks and the one with the higher mean represented
c-Fos-positive peaks, a threshold of ratiol corresponding to a false
positive rate of 0.5% (~1.385) was determined. Peaks exceeding this
threshold were defined as filtered peaks and considered candidates
for c-Fos-positive cells.

To distinguish true c-Fos-positive cells from other structures, ma-
chine learning-based cell classification was applied. Fifteen features
were computed for each filtered peak. Ten of these features were de-
rived from distance functions comparing the 11 x 11 x 11 voxel local
volume centered on each peak (normalized by its maximum and mini-
mum intensities) to a set of 81 idealized point spread function (PSF)-
based template images. These templates were generated as follows: a
synthetic point was placed at the center of a 23 X 23 x 23 voxel space
and then shifted by one voxel in each of the x, y, and z directions, re-
sulting in 27 variations. Gaussian filters with three different sets of
sigma values were applied to these points to simulate varying PSF
contrasts, and the resulting images were downsampled by a factor of
2 in each dimension to yield 11 x 11 X 11 voxel templates.

The 10 distance functions were defined as follows (94, 95):

Hellinger coefficient ZmP(x)Q(w)

Chernoff coefficient ZzP(w)P @ Q)3 F@
Jeffreys distance Zw ( VP@)—+/ Q(a;'))2
Directed divergence Z P(:c)log2< P@) >

Q@)

Jensen (J) divergence Z (P(x) - Q(x))log2 ( 2@ >
¥ ()

L1 norm ZwlP(x) -Q@)|

L2 norm sz (PX) - QX))

(@)
Kullback-Leibler (KL) d P(x)log10
ullback-Leibler (KL) 1vergencez (x)log <Q())
(P(x)— Q@)
P(x)

Jensen-Shannon (JS) divergence

Z P(m)log10< P )> +Q(@)logl0 ( Q]f;) >’ M= @ (x);Q(x))

Pearson’s chi-squared statistic Zm (P(x)!'=0) else O

where P and Q are functions representing probability distributions.
is a value within the domain of the probability distributions. For each
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distance function, the minimum value across the 81 comparisons was
used as the final feature value. In addition to these 10 distance-based
features, ratiol and deltal (defined as center voxel intensity minus
minimum intensity) were included for each candidate.

Furthermore, to account for the spatial symmetry of the local vol-
umes, the tensor of inertia was calculated for each normalized volume
using the following equations:

I= (Il 1,1, 1, 1,1 1)

ax Loy Lag Ly Lyy Lyz Lo Loy L2z
Z m;(y? +27) Z m(

Z m;(V; +27) _Zlmzwzyz
Z mxzdy, =L, =— Zlmzylzl

m; is the set of normalized voxel intensities in the candidate local
volume, and (z;, ¥;, &;) are the coordinates of each voxel relative to the
center. The inertia tensor encodes the 3D shape and orientation of the
intensity distribution within the ROI. Because its diagonal elements
are the simplest summary of how wide or elongated the volume is
along each axis, diagonal components of this tensor (Z,,, L, I,,) were
also included as features.

= ) mi(@+y}) ], =

Collecting training and test datasets

To enable consistent cell detection across all brain samples and regions,
training and test datasets for supervised learning were constructed
using one sample at CT0, CT8, and CT16 from both the first and second
experiments. In each sample, at least 200 candidate peaks were manu-
ally labeled as either “c-Fos positive” or “c-Fos negative” (e.g., unlabeled
cells, fibers, vessels, or background structures) in each of four regions—
the SCN, CP (caudoputamen), CAl, and SSp-m2/3 (primary somatosen-
sory area, mouth, layer 2/3) (fig. S2B). Distributions of the 15 features
for “c-Fos positive” and “c-Fos negative” peaks are shown in fig. S3A.
Additionally, to reduce false positives along the brain surface, some of
these candidates were labeled as “c-Fos negative” and added to the
training dataset. Furthermore, because saturated signals appear flat-
tened due to uniformly high intensities and may be misclassified as
negative, the candidates nearest to the centroid were labeled as “c-Fos
positive” and added to the training dataset. Final training dataset com-
positions are shown in table S1.

Training and evaluating models

The annotated dataset was randomly split into training and test sets at
a 7:3 ratio. The following machine learning models were trained on the
training set and evaluated on the test set: Logistic Regression, Support
Vector Machine (SVM), k-Nearest Neighbors (KNN), Random Forest,
Decision Tree, Multi-Layer Perceptron (MLP), Naive Bayes, eXtreme Gra-
dient Boosting (XGBoost), and Adaptive Boosting (AdaBoost).

F1 scores were compared across models and the one with the highest
score was selected (fig. S4A). XGBoost outperformed the others and
was further optimized using Bayesian hyperparameter tuning within
the parameter ranges listed in tables S2 and S3. To avoid overfitting,
5-fold cross-validation was applied. The feature importance from the
final model and F1 scores by region in the test set and are shown in
figs. S3B and S4B.

Using the trained XGBoost model, all candidates in the 144: samples
were classified as either “c-Fos positive” or “c-Fos negative,” and the clas-
sification results were visually validated.

Registration and transformation of images and cell coordinates

To enable region-based analysis, the positions of c-Fos-positive cells
were registered to a common anatomical framework. The normalized
c-Fos and nuclear staining images of each sample were downsampled
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to one-fifth of the original resolution, resulting in an effective voxel size
of 50 pm. For consistency across samples, the median intensity of each
nuclear staining image was scaled to a common value before registration.
The downsampled nuclear images were registered to the CUBIC-R+-
treated reference atlas (Neuron Atlas) using Advanced Normalization
Tools (ANTs) (96), with parameters based on our previous study (97).
The same transformation was applied to the downsampled c-Fos images
and the coordinates of detected c-Fos-positive cells. All c-Fos-positive
cells were then annotated with anatomical region IDs from the Allen
Brain Atlas (CCFv3) (26).

Generating higher-resolution ANTs-transformed images

To enable voxelwise analysis, all voxel values from the normalized c-Fos
staining image of each sample were transformed into the Neuron Atlas
space using the transformation matrix obtained from the previous
registration. For generating higher-resolution ANTs-transformed im-
ages in Figs. 4, B and C, and 6, C and D, and figs. S10, B and C, and S14,
these transformed values were subsequently downsampled by a factor
of 2, resulting in a voxel size of 20 pm.

Circadian rhythmicity analysis using analytic cosinor test

Circadian rhythmicity was evaluated assuming a 24-hour oscillation
period, which provides a reasonable approximation of circadian rhythms
under our experimental conditions. Two 48-hour time series were con-
catenated into one virtual 96-hour time series to identify reliable oscil-
latory patterns that recurred with consistent phase. Because the time
series spans 96 hours, periodicities of 48, 32, 24, 19.2, 16 hours, etc., can
theoretically be detected, corresponding to two, three, four, five, and
six full cycles. Among these, the 24-hour component was specifically
tested, enabling a straightforward interpretation of oscillation phases.

To analyze the rhythmicity of c-Fos-positive cell counts in each re-
gion or voxel, a computationally efficient cosinor analysis was devel-
oped, referred to as the analytic cosinor test. This method analytically
derives P values under a null distribution, thereby avoiding computa-
tionally heavy permutations, and provides both statistical significance
and oscillation phase at a specified period. It is built on the same geo-
metric principles as Fisher’s G-test (98), but whereas Fisher’s G-test
scans across multiple frequencies, the analytic cosinor test efficiently
evaluates a single predefined period (e.g., 24 hours). This targeted
design yields three key advantages: (i) simplified mathematical formu-
lation, (ii) markedly faster computation, and (iii) intuitive incorpora-
tion of measurement errors. The derivation is outlined below.

A linear combination of sine and cosine functions of a given period
can be used to generate a sinusoid with arbitrary phase. The weights
of this combination are obtained by projecting the waveform onto the
sine and cosine functions. The ratio of these weights defines the oscil-
lation phase, and their norm reflects similarity to a sinusoid. These
properties underlie Fourier transformation. The norm is equivalent to
Pearson’s correlation when the waveform, sine, and cosine vectors are
zero-mean and unit-normalized. Accordingly, Pearson’s correlation (L)
of the time series data with the sinusoidal waveform was defined as:

— —\2 — —\2
L= (X-Bs) +(X-Bc) ,
where X s I?s, and Bj are vectors representing the time-series data, sine

curve, and cosine curve, respectively. Each vector was normalized to
have a unit length. The oscillation phase () of X is given by:

¢= arctan()? .B,,X -B, )

To evaluate the statistical significance of a given correlation (L),
the null distribution of random waveforms was considered. With n
data points, a random vector consists of 7 independent and identi-
cally distributed (i.i.d.) Gaussian variables. After normalization, these
vectors are uniformly distributed on the surface of a unit sphere in
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(n - 1)-dimensional space, because one degree of freedom is removed
by the unit-length constraint.

Notice that the sine and cosine curves, E and BT,, are also vectors on
this (n - 1)-dimensional unit sphere. These two vectors span a plane in
the (n - 1)-dimensional space, and the length of the projected vector
of the waveform onto this plane represents the Pearson’s correlation
with the closest sinusoid among all oscillation phases, whereas the di-
rection of the projected vector represents the oscillation phase. Thus,
waveform vectors with a correlation L are those that project onto the
circumference of a circle with radius L on the plane. Equivalently, such
vectors are distributed on the intersection of the (n - 1)-dimensional
sphere and a cylinder extending perpendicularly from this circle. This
intersection can be described, without loss of generality, as:

2 2 2 2
vyt ..t =1

2 2 _ 12
Xy ta, =L
=

‘I,Q

2 _ 2
st ot =1-L%

This shows that the intersection in (7 - 1)-dimensional space is equiva-
lent to the surface of a sphere with radius /1 — L? in (n - 3)-dimensional
space. Vectors with correlation 7 greater than L are distributed inside

this (n - 3)-dimensional sphere, because their coordinates satisfy:
2 2
A+ . o+a <1-1° (r>L).

Therefore, the probability of obtaining Pearson’s correlation greater
than L from random waveforms is given by the ratio of the volume of
this sphere to that of the unit sphere, hence:

Vo(VieTP)

P(r>L)= )
n-3

Because the volume of an m-dimensional sphere is given by:

/2
Vn®) = Sz
the probability simplifies to:
PL) = (1-L?%) =,

This gives the probability of obtaining a Pearson’s correlation greater
than or equal to L from random waveforms.

A reference Python implementation of the analytic cosinor test is
archived at Zenodo (99).

Although the present analysis focused on the 24-hour period, the
cosinor test retains broad sensitivity around this period. Pure sinusoids
with periods between 21 and 27 hours yielded P values below 0.01 (fig.
S16), indicating practical coverage of circadian-range oscillations.

To account for measurement errors at each time point, the projected
vector length was reduced according to the error magnitude. Errors
were modeled as an ellipsoid with radii of 0.0375 x SEM along each
axis at the tip of the waveform vector in the (n - 1)-dimensional space.
The factor 0.0375 corresponds to the radius of a 3% confidence inter-
val. The ratio of the waveform vector reaching the ellipsoid was used
to scale down the projected vector length, thereby conservatively ad-
justing the P value. To assess robustness, we also varied the confidence
interval radius factor to 10% (0.126 X SEM), 30% (0.385 x SEM), and
50% (0.674 x SEM). The number of regions classified as rhythmic (FDR <
0.1) changed slightly, from 508 at 3% to 503, 492, and 479, respectively
(table S4), indicating that the main conclusions remain robust to the
confidence interval setting.

We also evaluated alternative analysis schemes without concatenat-
ing the two time-series datasets. These included (i) four independent
1-day analyses with P values combined (FDR < 0.1: 26 regions), (ii) a
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single 24-sample analysis across 6 time points (0 regions), (iii) two
12-time-point analyses with P values combined (409 regions), and (iv) a
single 12-sample analysis across 12 time points (312 regions). In all cases,
fewer regions showed significant rhythmicity, reflecting reduced statisti-
cal power of shorter or split time courses. Concatenating the two DD
time courses allowed sensitive detection of circadian oscillations with
consistent phase. In this analysis, a 24-hour period was used to approxi-
mate the circadian rhythm observed in mice under DD conditions.

Statistical results from the analytic cosinor test across 642 brain
regions are summarized in table S4, including the Benjamini-Hochberg
adjusted g value (BH.Q; corresponding to the FDR used in the manu-
script), adjusted P value (ADJ.P), peak phase (Ph, in radians), time lag
(LAG), and maximum correlation coefficient (max_corr), along with
c-Fos-positive cell counts for each of the 144 samples.

The results obtained using this method were compared with those
from the JTK_CYCLE, a widely used approach for evaluating rhythmic
gene expression (25). The number of significantly rhythmic regions
(508 at FDR < 0.1 for the analytic cosinor test and 549 at FDR < 0.05
for JTK_CYCLE) was not markedly different between the two methods
(fig. S6A and table S6). These results, together with robustness checks
at alternative confidence interval settings, support the use of a 3% con-
fidence interval in the present analysis. When circadian peak phases
estimated by both methods were compared, the analytic cosinor test
appeared to perform comparably to JTK_CYCLE (fig. S6B). Because
of this computational simplicity, the analytic cosinor test enables much
faster analysis, providing a practical approach for voxelwise analysis.

Voxelwise rhythmicity analysis

To investigate circadian rhythms of c-Fos-positive cell counts in greater
detail, voxelwise rhythmicity analysis was performed at a 20-pm voxel
scale. For each voxel, the number of c-Fos-positive cells was calculated
as the total within a 160-pm cubic volume centered on that voxel (fig.
S10A). This convolution step was introduced to reduce the influence
of registration misalignment during image normalization and to en-
hance the robustness of rhythmicity detection in subregions. Rhythmicity
across all voxels in the whole brain was assessed using the analytic
cosinor test, after concatenating the two consecutive circadian cycles
into a 4-day series. Each voxel was color-coded according to its peak
time, and transparency was scaled based on the FDR (Figs. 4B and 6C
and fig. S10C). To visualize peak time distributions, voxelwise color maps
were overlaid on representative averaged c-Fos images at CTO (n = 6,
first experiment). Results obtained with different convolution sizes
are presented in fig. S10B.

Predicting brain CT using the timetable method

The timetable method was described previously (48). The cell count
ratio for each brain region was calculated by dividing the c-Fos-positive
cell count in that region by the total c-Fos-positive cell count in the
entire brain at each time point (Fig. 5A). For each rhythmic brain
region ¢ (¢ = 1... N), c-Fos-positive cell count ratio X; was normalized
using its mean (p;) and standard deviation (c;; SD) derived from the
regional timetable. The normalized value Y; was defined as:

Y; = (Xz - Pi) /o
A profile {ti, Yi} was then constructed, where ¢; denotes the peak
time of region . To predict brain CT, the correlation between this

profile and a 24-hour cosine function { £, \/2cos(2n(t;—b) /24) }was

calculated across all regions, where b (0 < b < 24) represents the phase.
The amplitude was fixed at 2 so that the SD of the cosine waveform
matched that of Y. The phase b that yielded the highest correlation
coefficient ¢ was selected, and the corresponding phase b, was taken
as the predicted brain CT.

In Fig. 5, C and D, this method was applied to 216 significantly
rhythmic regions with homogeneously distributed relative peak times
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across the 24-hour cycle (fig. S12B). To ensure phase balance, 25 regions
with the lowest FDR were selected from each of the 24 phase bins. If
fewer than 25 regions were available in a bin, all were included. Brain
CT for each sample was predicted using the remaining samples.

Sensitivity and specificity of the timetable method

The sensitivity and specificity of the timetable method were evaluated
using regions selected at different FDR thresholds (fig. S12, H and I).
To determine a correlation cutoff value for each threshold, 10 samples
were randomly selected, and control profiles of cell count ratios incor-
porating 100% measurement noise were generated for each sample.
The average correlation cutoff value (cthq,.) Was then computed from
these 10 samples.

For each sample, a random cell count ratio profile {tl-, YT} (i=1.
N) was generated, where Y,.is a random variable following the distribu-
tion of ¥;. The correlation value (¢") and phase (b,) of the best-fitted
cosine curve were subsequently calculated as described above. This
procedure was repeated 10,000 times to establish the distribution of
correlation values ¢" and phases b7.

Similarly, a control cell count ratio profile with 100% measurement

noise { t \/ 2cos(2x(t;/24)) +d, } (i = 1...N) was generated, where d,

is a random variable following the distribution of d;. The correlation
value (c) and phase (b,) of the best-fitted cosine curve were calculated
for each control profile, and this process was also repeated 10,000 times
to generate the distribution of correlation values ¢‘ and the phases &¢.

Measurement noise was defined as the SD of d; across all se-
lected rhythmic regions at a given FDR threshold, where d; =Y; —

\/ 2cos(2n(¢;—b,)/24) and b, represents the predicted brain CT. From

the distributions of ¢ and ¢”, probability values P, or P, were deter-
mined at each correlation threshold c. Sensitivity S, was defined as

5,0)=1-P,0),
and specificity S, was defined as
S,(¢)=1—-P,(c).

These metrics were used to construct receiver operating character-
istic (ROC) curves for the timetable method using rhythmic regions
under 100% measurement noise. A correlation cutoff value ¢ (0 < ¢ <
1) was identified for each of the 10 selected samples where sensitivity
and specificity were equal [Sr(c) = Sc(c)]. The average correlation cutoff
value (cthg.e) Was then calculated across these samples.

To assess sensitivity, the best correlation value was calculated for
each of the 144 samples using the remaining samples, as described
above. Sensitivity was defined as the percentage of cell count ratio
profiles (n = 144)) with correlation values exceeding the average cutoff
value cthgy,. For specificity, random cell count ratio profiles {, ¥, } (i =
1... N) were generated for each of the 144 samples, where Y, is a random
variable following the distribution of Y;. The best correlation value was
calculated for each random profile using the same method. Specificity
was defined as the percentage of these random profiles with correla-
tion values below cthgye.

Predicting brain CT using CYCLOPS 2.0

CYCLOPS 2.0, a cyclic ordering algorithm described previously (50),
was used to predict brain CT of samples. This method rearranges
samples along an elliptical trajectory based on high-dimensional input
data. Cell count ratios of all brain regions across the 144 samples were
provided as input.

Prediction accuracy was evaluated under different parameter set-
tings. These included the minimum and maximum coefficients of varia-
tion (CV) for selecting seed regions (seed_min_CV and seed_max_CV),
the minimum number of seed regions to include based on descend-
ing average cell count ratio (seed_mth_Region), and the maximum
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number of dimensions used in the eigen decomposition (eigen_max).
For each parameter set, the error between true sampling times and
predicted brain CT was calculated (fig. S12, J to N).

Architecture of the whole-brain circadian activity database

An open-access database was constructed and hosted on a website. The
backend was implemented using the Python Flask framework, and the
frontend was developed with HTML and JavaScript. Three-dimensional
objects and planes in the slice viewer were generated using Three.js.
Two-dimensional images were produced by slicing the Neuron Atlas
at 5-pm steps. Anatomical divisions in the database correspond to the
hierarchical anatomical ontology of the Allen Brain Mouse Atlas (26).

User-defined ROI analysis of circadian c-Fos expression

User-defined ROIs were created as binary masks (TIFF format; shape:
243 X 440 X 339 [z, y, x], 8-bit), with 1 indicating the region and O else-
where. The Neuron Atlas nuclear staining images and the correspond-
ing atlas region ID images are available on Zenodo (100) as reference
resources for user-defined ROI definition. As a demonstration, extended
regions adjacent to the dorsal and medial borders of the VLPO, called
edVLPO and emVLPO, respectively, were manually defined based on
anatomical references (51). ROIs were drawn and filled using ImageJ.
For each of the 144 samples, c-Fos-positive cells within the masked areas
were counted, and circadian rhythmicity was evaluated using the ana-
lytic cosinor test.

Software

All analysis, except for voxelwise counting of c-Fos-positive cells, were
performed using Python 3.8 and its associated libraries (Numpy, Numba,
SciPy, Pandas, Matplotlib, Seaborn, NiBabel, Tifffile, scikit-image, scikit-
learn, and XGBoost). Voxelwise cell counting was performed using C++17
and CUDA (version 12.0) on a GPGPU environment (NVIDIA RTX
A5000 or A6000).

Color-blind-accessible figures

To improve accessibility for color-blind readers, we prepared supple-
mentary versions of the main figures (Figs. 1to 6) and supplementary
figures (figs. S6 to S11 and S14), provided as figs. S17 to S29, using a
color map optimized for individuals with color vision deficiencies.
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A whole-brain single-cell atlas of circadian neural activity in mice

Katsunari Yamashita, Fukuaki L. Kinoshita, Shota Y. Yoshida, Katsuhiko Matsumoto, Tomoki T. Mitani, Hiroshi Fujishima,
Yoichi Minami, Eiichi Morii, Rikuhiro G. Yamada, Seiji Okada, and Hiroki R. Ueda

Science 391 (6787), eaea3381. DOI: 10.1126/science.aea3381

Editor’'s summary

Although circadian rhythms have been well studied in a few specific regions, their brainwide organization remains
poorly understood. To quantify spontaneous circadian neural activity at single-cell resolution, Yamashita et al. used
tissue clearing and whole-brain immunostaining on a large number of mouse brains over two full circadian cycles.
Circadian rhythmicity was present in many brain regions. The activity of most regions peaked during the animals’
active phase. However, sleep centers, visual areas, the dentate gyrus, and the cerebellum all peaked during the
inactive phase. A closer look revealed distinct circadian phases even within individual regions, highlighting temporal
heterogeneity. These findings will be useful for relating physiological and behavioral experimental data to the time-of-
day—driven internal regulatory forces. —Peter Stern
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