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Abstract 
The suprachiasmatic nucleus (SCN), locus of a circadian clock, is a small nucleus of 

approximately 20,000 neurons that oscillate with a period of about 24 hours. While individ-

ual neurons produce circadian oscillations even when dispersed in culture, the coherence 

and robustness of oscillation of the SCN as a whole is dependent on its circuitry. Surpris-

ingly, the individual neurons of the intact SCN do not all oscillate in phase with each other. 

To understand the oscillatory dynamics across the intact nucleus, we develop a model 

of the relation of the phase of neurons to their PER2 expression at a particular subjec-

tive time (CT1900) using time series data from SCN slice preparations. Next, we use the 

model, which produces a surprisingly good fit in the SCN slice data, to estimate oscillator 

phase at a single time point (CT1900) in snapshot data from PER2 expression measure-

ments in intact, unsliced SCN-wide tissue. To monitor temporal changes in phase in time 

series data, we use PER2::LUC imaging in an ex vivo SCN slice preparation. To study 

phase in the intact SCN at a fixed time point we use data generated by PER2 staining 

and a tissue clearing protocol. Because PER2 expression, as measured in the time series 

slices and the snapshot intact SCN are not directly comparable, the model estimated 

from time series slices to the snapshot intact SCN data requires a calibrating constant. 

The results indicate that our model provides a surprisingly good fit to the SCN slice data 

and is therefore a meaningful method for estimating phase in the intact SCN snapshot 

data, permitting the study of virtual interventions such as virtual tissue slicing. We next 

compare oscillation in circuits in the SCN-wide tissue to those that have been disrupted 

by virtual slicing using a Kuramoto model to simulate the dynamics. The results support 

prior evidence that the damage done by coronal slicing has the most disruptive impact 

on SCN oscillation, while horizontal slicing has the least damage. The results point to the 
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importance of connectivity along the caudal-to-rostral axis and indicate that SCN circuit 

organization depends on the caudal-to-rostral flow of information. In summary, the con-

struction of this model is a major finding of the paper. Our modeling allows us to perform 

the previously impossible analysis of oscillatory dynamics in static data in an intact SCN 

captured at a single time point.

Author summary
A mammal’s internal circadian clock, critical to its function and survival, is created and 
maintained by the suprachiasmatic nucleus (SCN). The SCN comprises about 20,000 
oscillatory neurons that, due to their connectivity, synchronize to the external cycle 
of day and night. Understanding the dynamics of the oscillation of the tissue provides 
evidence of how the SCN encodes information about the environment such as daylength 
and seasonality.

We created a model that allows for the estimation of the phase of the oscillation across 
the entire SCN, side-stepping the limitation of existing techniques that calculate phases 
that require slicing and damaging the tissue. The construction of this model is a major 
finding of the paper. Using this model to inform a simulation of the dynamics, we find 
that slicing does indeed change the oscillatory dynamics and that the most common 
orientation in preparing brain tissue slices (coronal) is the most damaging.

Introduction
SCN as the master clock: Maintaining synchrony with the circadian cycle of its environment 
is necessary for living organisms’ survival, and virtually all species have developed enabling 
timekeeping mechanisms. In mammals, the suprachiasmatic nucleus (SCN) serves as a master 
clock to synchronize physiological activities to the regularly recurring cycling of environmen-
tal cues caused by the earth’s rotation, especially the light-dark cycle [1]. The SCN is local-
ized above the optic chiasm in the hypothalamus, comprising roughly 20,000 neurons [2,3]. 
One characteristic that differentiates the SCN from many peripheral clocks is that the SCN 
retains an autonomous circadian rhythm even without synchronizing to external inputs [4], 
a feature that requires intra-SCN synchronization among its neurons. Although autonomous 
intra-SCN synchronicity is well recognized, the oscillatory dynamics of intra-SCN network 
are not well understood. Based on the current knowledge, the oscillation within the SCN is 
not homogeneous across the entire nucleus. Instead, there is the directionality of the wave of 
activity spreading over the SCN, leading to phase differences at different locales within the 
nucleus [5–7].

The cellular clock: The mechanism of oscillation at the cellular and molecular level is the 
transcriptional-translational feedback loop (TTFL) involving a series of clock genes and their 
proteins [8,9]. Briefly, the TTFL refers to the process by which the proteins CLOCK-BMAL1 
dimers activate the transcription and translation of per and cry genes. The accumulation and 
heterodimerization of PER and CRY proteins interact with CLOCK-BMAL1 dimers, which in 
turn inhibit transcriptional activity of per and cry themselves. The further degradation of the 
existing PER-CRY dimer relieves the repression of their own transcription and initiates a new 
cycle of activities in the TTFL.
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Method to monitor oscillations in the SCN: Genetically modified animals are extensively 
used in assessing the oscillatory activities of the TTFL. For instance, SCN tissue slices har-
vested from mice expressing the fused protein of PER2 (a subtype of PER) and LUCIFERASE 
(the enzyme producing light when interacting with luciferin) is used to assess the oscillation 
of PER2 expression (PER2::LUC) [10–12]. By adding luciferin to the culture medium, the 
bioluminescence intensity reflects the amount of PER2 allowing for tracking of changes in 
expression level in real time. This method produces invaluable data for analyzing the time 
series of the expression level of TTFL components. Work in the PER2-LUC oscillation of the 
SCN slices shows a spatio-temporal wave across the tissue, with more dorsal SCN neurons 
phase-advanced relative to the rest of the SCN [13–16]. However, there are limitations in this 
method as it is based on physically sliced SCN tissue. The slicing procedure itself interrupts 
intra-network connectivity. Specifically, sagittal slicing disrupts the connection along the 
medial-lateral axis; coronal slicing disrupts connection between the rostral-caudal axis; hori-
zontal slicing disrupts connection between dorsal ventral-axis.

Method to acquire whole volume imaging of SCN: One way to bypass slicing problem Is 
by studying the intact SCN using volumetric imaging such as light-sheet microscopy com-
bined with brain clearing techniques such as iDISCO [17,18]. Using this method, the expres-
sion of PER2 in the intact SCN can be visualized without any physical slicing. This procedure 
preserves the connectivity of the SCN in all orientations. However, there is also a cost. The 
imaging is done in fixed tissue and time series data cannot be generated from a single sample, 
making the dataset as a “snapshot” of a specific time point. While it is empirically possible to 
create a time series by studying many animals sacrificed at selected circadian times, given the 
high cost and uncertain reliability of inference across brains from different individuals, this 
question will be best pursued with the development of new techniques for in vivo observations 
or 3D cultures.

Goal of the current study: Here, we aim to decipher the spatiotemporal organization of 
the PER2 oscillation in the SCN at the resolution of a single cell. We first construct a model 
from time series data in cultured SCN tissue slices to predict phase, based on the PER2::LUC 
intensity. We then apply this model to the snapshot data in the iDISCO cleared sample to 
describe the phase distribution in an intact SCN. Because PER2 measurements in cultured 
SCN tissue slices and in iDISCO cleared data are not directly comparable, this step requires us 
to assume a calibrating constant, as described below. The results of this modeling allows us to 
analyze oscillatory dynamics in the intact SCN, which previously has not been possible, and is 
the key finding we report here. We next use snapshot data and associated phase estimation to 
simulate dynamics on both intact SCN and virtually created slices of SCN tissue sectioned in 
the horizontal, sagittal, or coronal plane. Simulation results support the hypothesis that sec-
tioning distorts dynamics, with coronal slicing doing the most damage, followed by sagittal, 
and then horizontal, a second major finding. This observed anisotropy complements earlier 
results showing directional biases in strength of connectivity across the SCN [14]. These 
results demonstrate the directionality of an oscillatory wave within the SCN and the risk of 
tissue slicing method, which emphasizes the need for examining the circadian variations at the 
whole tissue level.

Background and orientation to the data

Time series data
In order to link the spatial organization of the SCN to the period and phase of oscillating neu-
rons, we perform time series analysis on the timing and intensity of PER2::LUC biolumines-
cence expression over several days (Fig 1) on previously published data [14]. By grouping the 
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Fig 1.  Analysis of time series slice data. Each row reports measurements on one lobe of an SCN, physically sliced and imaged 
in one of the three orientations – coronal, horizontal, and sagittal. Each SCN was measured hourly, over two days, resulting in 
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pixels together in 5 color-coded “clusters”, we see a spatial structure inherent in the dynamics 
(Panel A) as has been done in previous studies [13,19] with similar results. The time series 
analysis of the average brightness of each cluster, reveals a strong circadian component in 
each cluster and shows that the clusters are not in phase, but have a stable order of oscillation 
(Panel B). To emphasize this, we color the clusters and time series in the order of the peaks of 
the clusters’ oscillation. Using Fourier analysis on the cluster time series, we can decompose 
the signals into their oscillator components by period. The power spectra analysis, shown 
in Panel C, demonstrates the dominance of the 24-hour period component of the signal as 
its power is substantially higher than all the other components. The Fourier coefficients for 
shorter “ultra-circadian” periods (higher frequencies) are not exactly zero, since there is some 
high frequency fluctuation, but they are close to zero. The Fourier coefficients for longer 
“infra-circadian” periods (lower frequencies) are also not exactly zero, since the time series 
shows some decay over the experiment. We see this in the Fourier coefficients at the longest 
measurable period, but these are also very small compared to the dominant circadian signal. 
Consequently, the Fourier component with a 24-hour period captures almost all the informa-
tion in the signal.

This feature of the data has several important implications for our analysis. First, 
the high power at the circadian frequency supports the conclusion that the phase mea-
surements at the circadian frequency are likely to be accurate. Second, we can compress 
the data greatly from 48 observations for each pixel to 2 statistics, namely the average 
brightness at that pixel, and the phase of its circadian oscillatory component, with highly 
conserved signal information -- the median of the total power captured by the circadian 
component is 62%. Further, previous work [13] shows that filtering out the circadian com-
ponent results in a non-rhythmic signal. Consequently, knowledge of the average bright-
ness and circadian phase alone allows us to reconstruct a very good approximation of the 
variation of brightness over time as a cosine function with the specified phase advance or 
delay. The phase spectral analysis shown in Panel D again highlights the importance of 
the 24-hour period component as we see a transition from an incoherent phase spectrum 
for ultra-circadian period components to a tightly clustered phase profile in the circa-
dian component. In fact, in all the SCN shown, phases are so tightly clustered together at 
the 24-hour period that they overlap and occlude one another. This result reinforces the 
observations from Panels A and B that the oscillation across the tissue has differences in 
phases that follow a stable spatial pattern across the tissue. The histograms of phases for 
all the pixels in the tissue, shown in Panel E, indicate the scope of variation in phase. All 
the histograms are tightly centered at zero phase and are supported almost entirely in the 
range of phases between a 5-hour advance and a 5-hour delay. The second horizontal slice 
(row 4) shows a mild bimodality.

a list of 48 measurements at each pixel in the image. Panel A in each row the image is rendered in pixels, which are grouped 
together in 5 color-coded “clusters” as has been done in previous studies [6,19,20] ordered by latency of peak onset. The 
clustering shows a spatial structure inherent in the dynamics. For panels B, C, and D, the colors indicate the clusters shown in 
panel A. Panel B displays the time series of the average brightness of each cluster, visibly showing a strong circadian compo-
nent in each series and the order in which the clusters oscillate. Panel C shows the Fourier power spectra shown in each row 
and demonstrates the dominance of the 24-hour period component of the signal as its power is substantially higher than all 
the other components. Many of the components occlude one another as they are tightly grouped. In Panel D the Fourier phase 
spectra highlight the importance of the 24-hour period component as we see a transition from an incoherent phase spectrum 
for ultra-circadian period components to a tightly clustered phase profile in the circadian component. In Panel E we show the 
histograms of phases for all the pixels in the tissue - shown to indicate the scope of variation in phase.

https://doi.org/10.1371/journal.pcbi.1012855.g001

https://doi.org/10.1371/journal.pcbi.1012855.g001
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Snapshot data
Light sheet microcopy and tissue clearing protocols allow us to create three-dimensional 
images of neurons in SCN tissue distinct from other matter, enabling the creation of a 3D 
snapshot of PER2 expressing neurons, indexing their location and expression level at the time 
of the tissue is harvested.

This snapshot data [17,18] enables us to visualize PER2 expression of individual neuronal 
oscillators in the intact SCN at a specific point in time (Fig 2). This data overcomes the main 
limitation of time series data in slices, as it provides information of the state of the intact 
SCN in vivo. But we can only perform the measurement at a single point in time in any given 
sample - we do not have additional time points with which to perform time series analysis. As 
a solution, we find that applying our model from time series data in SCN slices to the snapshot 

Fig 2.  “Snapshot” image of the intact SCN at ZT 1900h in a 3D iDISCO-cleared mouse brain, shown in views 
from horizontal, sagittal and coronal orientations. Panel A: The extent of the SCN is delineated by staining with 
AVP (left). We show PER2 expression in SCN neurons (middle) and a merged view of AVP and PER2 (right). Panels 
B and C show the sagittal and coronal views respectively of PER2 expressing SCN neurons. Abbreviations: AVP=vaso-
pressin; C=caudal; L=lateral; M=medial; R=rostral; V=ventral. Axis units=μm.

https://doi.org/10.1371/journal.pcbi.1012855.g002

https://doi.org/10.1371/journal.pcbi.1012855.g002
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data provides an estimate of phase, and consequently the oscillatory dynamics, across the 
entire, intact SCN.

Results

Estimating phase from brightness using time series data
We first ask if PER2::LUC expression levels in ex vivo SCN slices given in snapshot data can 
provide reliable information about phase in the same tissue. To achieve that goal, we develop a 
method to estimate the phase of neuronal oscillations in cultured SCN tissue using brightness 
of PER2::LUC expression. Given evidence of anisotropy in strength of connectivity [14] we 
analyze oscillations in each of the three standard slice orientations - coronal, horizontal, and 
sagittal shown in Fig 1.

Sinusoidal models of oscillatory signals are determined by four parameters, their frequen-
cies (ω ), amplitudes (A), phases (ϕ), and additive constants (C):

	 A sin t C ω φ+( )+ . 	

Estimating four parameters with data from one point in time should, a priori, be difficult 
if not impossible – as data from one time point provides only one constraint on 4 parame-
ters. Another confounding factor arises due to periodicity – the value at a single time point 
may indicate the ascending or descending portion of the curve. Time series data, however, 
has additional structure that constrains the model: across the whole tissue the periods (and 
hence the frequencies) of the individual neurons are fixed at the circadian period of 24 hours; 
the constants and amplitudes are constrained; and the phase distribution is tightly clustered 
around zero (shown in Fig 1E). The latter feature diminishes the ambiguity introduced by 
periodicity: two phases that would yield the same value at a given time must be twice the 
distance between either phase and the trough or peak between them. For some time points, 
particularly at the midpoint between trough and peak, phases would need to be more distant 
from one another than shown in the results of the time series data phase distributions.

We start by exploring the utility of a linear model – this is the most parsimonious choice 
and, even if unsuccessful, would yield clues about non-linearities. The linear model we pro-
pose linearly relates the difference in phases, ∆φ,  of a neurons oscillation to the difference in 
its PER2::LUC expression, ∆I.  Formally we have,

	 ∆ ∆I c= + +α φ ∈ , 	 (1)

where α is the slope, c is an additive constant, and ϵ is the residual term.
We use time series data from six SCN – two of each orientation - to build this model. Time 

series data provide access to phases through the Fourier transform, as described above, and 
looking at each of the data sets at a single point in time provides an analogue of snapshot data. 
Integral methods, like the Fourier transform, have a significant advantage over other methods 
of estimating phase, as they use information from the entire time series. As time series data is 
typically noisy, phase estimations using integral methods provide better phase estimates due 
to the denoising associated with integration as well as having less sensitivity to outlier data 
points. Using the phases from the 24-hour period component of the signal as “ground truth,” 
we then turned to estimating a linear model relating brightness and phase. We preprocess 
the data at a single time point by Z-scoring intensity values across all pixels in a given frame, 
removing the top and bottom 10% intensities, and collect values into 400 equally sized bins 
(see Methods for details). Because phase is a relative measurement, we relate the differences in 
brightness to differences in phase in this linear model.
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Upon examining linear fit for each hourly time point starting at the trough of oscillation 
as hour 0, we were surprised at the remarkable effectiveness of a simple linear fit at CT 1900 
hours. For each data set, we found that differences in phases were simply multiples of the dif-
ferences in brightness – the constant terms, c, in the linear fits were all very close to zero, with 
all 95% confidence intervals including zero with a maximum width of 0.047 and associated 
p-values below machine tolerance. We constructed linear regression models for each hour in 
a 24-hour period starting at the trough of the overall oscillation. In Fig 3, we show the linear 

Fig 3.  Regression results relating change in intensities to changes in phase in time series data. The scatterplot in 
each panel shows the pairs ∆ ∆Iij ij, φ( )  for each pair of pixels i j,( ) in the frame, no matter how close or far apart, 
where ∆Iij  is the difference of the intensities of the pixels and ∆φij  is the difference of the phases as calculated 
using the Fourier transform. The columns show the results of data taken at t = CT 700 hours (left), CT 1200 hours 
(middle), and CT 1900 hours (right) as measured from the trough of the overall oscillation. The cyan lines show the 
resulting regression line as well as the envelope of 2 standard deviations. Each panel reports the R2  and standard 
error values for the regression model. In all instances the p-value associated to the regression was less than machine 
tolerance. We repeat the analysis for the same six sets of time series data as reported in Fig 1, two coronal (top), two 
horizontal (middle), and two sagittal (bottom) slices.

https://doi.org/10.1371/journal.pcbi.1012855.g003

https://doi.org/10.1371/journal.pcbi.1012855.g003
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regression models at hours CT 0700, CT 1200, and CT 1900 timed from the trough of the 
oscillation (at CT 0000).

We draw three conclusions. First, linear model is particularly effective at CT 1900. The R2  
values are quite large across our samples (> 0.73), showing that the model captures a large 
portion of the variance in the data. The p-values for every model were below machine toler-
ance indicating statistical significance. Further, the standard errors are low (< 1.11 hours), 
indicating that the models predict phase accurately. Last, the slopes of the regression lines all 
have the same sign, indicating robustness of the model – if the signs varied, it would show 
that in some samples a positive difference in intensity is associated with a positive difference 
in phase while in others, a negative difference in phase. However, while having the same sign 
the slopes vary in their magnitudes. We address how to calibrate a general model in the next 
section.

In contrast to the results at CT 1900, the models at CT 1200 are quite poor with low R2  
values and slopes of different signs. The models at CT 0700 are better than CT 1200 but are 
not consistent across all the samples.

Calibrating the model based on time series data
The results at CT1900 give us evidence that support the simplest of linear models,

	 φ φ αi j i jm m− = −( ) , 	

where the φi{ }  are the estimated phases, the mi{ }  are the measurements of bioluminescence, 
and α is a parameter. As the mi{ }  are normalized so that their mean is zero and as phase is 
a relative measurement, we can use this model to estimate the phase φi  relative to the global 
mean phase, which we set to zero and associate with the mean bioluminescence:

	 φ αi im− = −( )0 0 , 	

or

	 φ αi im= . 	

The resulting model has a single parameter α that determines the appropriate rescaling of 
the measurements into estimates of phase. The value of this parameter determines the spread 
of the distribution of estimated phases - if we choose it inappropriately the resulting phase 
estimates will not be reflective of the dynamics. Estimating the slope α, however, is not obvi-
ous from the regression models as the slopes for each of the examples in Fig 3, column 3, are 
different, ranging from 0.33 to 0.70.

To calibrate the model, we use an additional piece of information from the slice time series 
data -- the level of synchronization of oscillations across the tissue at CT 1900 hours as mea-
sured by the order parameter (see Methods). The order parameter is a summary statistic of 
the phase distribution that quantifies synchronization in the oscillation of the neurons. It is a 
statistic between zero and one, with zero indicating when the phases of the oscillators are ran-
domly and uniformly scattered, and one, when all the phases are identical, and the oscillators 
are completely synchronized. For our six samples of time series data, the order parameters are 
{0.7581, 0.7699, 0.8090, 0.8442, 0.9146, 0.9193} with a mean of 0.8358. To calibrate a snapshot 
model for a given set of brightness measurements mi{ }we find α by fixing the order param-
eter of the resulting collection of phase estimates to be 0.84. The choice of α has only limited 
impact on the model – higher or lower values simply raise or lower the spread of the resulting 
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phase distribution. Consequently, the choice of α has no impact on appropriately normalized 
statistics (e.g., skewness, kurtosis) but will have an impact on unnormalized statistics (e.g., 
mean, standard deviation). Our calibration using the order parameter ensures that the disper-
sion of estimated phases is similar to those of the time series data.

Application of model to SCN-wide snapshot data
The model we developed in the previous section allows us to estimate oscillatory phase 
whenever we have measurements of the PER2 concentration, as time courses of PER2::LUC 
[12,21,22] are very similar to those of PER2 [23–25]. One source of such information is the 
snapshot data generated by the iDISCO tissue clearing methodology.

Applying our phase estimation model to snapshot data provides insight into the properties 
of the oscillatory dynamics of the entire, intact SCN. We estimate phases for data for six SCN 
from adult animals imaged at t = CT 1900 hours of their oscillation. Calibration of the six 
models produce α values of 3 1 10 2 2 10 1 6 10 1 7 10 2 9 10 3 1 104 4 4 4 4 4. , . , . , . , . , .× × × × × ×{ }− − − − − − .

Fig 4 shows the phase estimation across each of the SCN (left) and histograms of the asso-
ciated phase distribution (right). All SCN show heterogeneous phases that progress across the 
tissue and the histograms are remarkably similar. To support this observation, in Table 1 we 
report skewness and excess kurtosis of all the phase distributions shown in Fig 3 (note that the 
means of the distributions are all zero). All estimated phase distributions are skewed right-
ward and are leptokurtic. To compare these to the time series data, Fig E in S1 Text shows the 
skewness and excess kurtosis values shown in Table 1 as well as those for the time series data 
and for virtual slices (see Methods) of the intact data – all of which, with three exceptions, 
have positive values of both.

Fig 4.  Visualization and properties of phase distributions for snapshot data. The left panel shows the results of 
estimating phase for snapshot data using the calibrated linear model. We show six SCN, two from each of three brains 
(B1, B2, and B3) - where the points are located at the center of each of the scanned neurons and color indicates the 
estimated phase. To the right, the panels show histograms of the estimated phase distributions for the corresponding 
panel to the left.

https://doi.org/10.1371/journal.pcbi.1012855.g004

https://doi.org/10.1371/journal.pcbi.1012855.g004
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The estimation of phase from PER2 data in intact cleared SCN, using the statistical model 
based on time series from cultured slice data, is the key finding of this research, and the foun-
dation for further investigations we report below.

In our discussion of time series movies, we noted that physically slicing the tissue for imag-
ing necessarily damages the tissue and may impact and distort the dynamics. With current 
experimental methods, we cannot directly analyze the intact SCN to determine the impact of 
slicing on the oscillatory dynamics. Our model allows us to estimate dynamics on the whole 
SCN and to compare intact dynamics to the dynamics on slices in simulation. That is, having 
established the properties of dynamics in snapshot data, we can now use the model to see the 
consequence of different interventions on the dynamics across the entire SCN. We use esti-
mated phase and cell location information from the real SCN-wide snapshot measurements as 
a foundation for simulation of dynamics in virtually sliced tissue. In executing the model, our 
first application is to analyze the impact of slicing on the dynamics in a simulation.

For simulation, we use the Kuramoto Coupled Oscillator framework - a system of coupled 
first order ordinary differential equations where we use the estimated phases, from the phase 
estimation methods in snapshot data discussed above, as initial conditions (see Methods). Our 
Kuramoto model requires 3 sets of parameters: a connectivity matrix A, a coupling strength 
 K and a set of initial conditions for the oscillations. A is a matrix of zeros and ones where the 
ijth  entry indicates that neurons i and j influence one another’s oscillations if it is one, and that 
there is no influence if the entry is zero. The coupling constant, K, quantifies the strength of 
the influence of connected neurons on one another - the larger the value of K, the more one 
neuron pulls the phase of another’s oscillation towards its own.

The precise details of SCN neural connectivity are not completely known (see [26] for 
a discussion of neural models). We use a well-established first order model of connectivity 
that assumes the existence of connectivity between nearby neurons complemented by some 
portion of randomly chosen long-range connections between distant neurons [27], which is 
reflective of known attributes of neural connectivity (e.g., [28–30]). To construct the matrix A, 
we first connect any neurons within 20 µm  of one another from the cell positions obtained in 
the iDISCO data. We then introduce more connections at random (not derived from iDISCO 
data) using a parameter q ∈[ ]0 1, , which gives the probability of a connection between any 
two neurons regardless of distance. For our models, q and K are not determined but instead 
we simulate over a grid-range of these parameters, q K∈[ ] ∈( ]0 0 01 0 2, . , , .  

Kuramoto models are parsimonious in that they make a minimal set of assumptions yet 
still yield useful results (see, e.g., [31]). However, simulation results can only be broadly inter-
preted, as the dynamics do not exactly match observed dynamics in time series data due to 
both the simplicity of the model as well as the assumptions about connectivity. More complex 
models (e.g., [32,33] and their generalizations) produce more realistic dynamics but come at a 
much higher computational cost, preventing simulation across the entire SCN. Consequently, 
to compare dynamics on intact and sliced tissue, we use simulation data on both.

Virtual slicing and anisotropy by orientation.  Before presenting the results of our 
simulations, we return to the snapshot data generated from the iDISCO method to learn 

Table 1.  We report skewness and excess kurtosis of the 6 phase distributions associated to the left and right SCN from three specimens, B B B1 2 3, ,  The means of 
all these distributions is zero.

B1  left B1  right B2  left B2  right B3  left B3  right
skewness 0.3486 0.3983 0.3041 0.5871 0.5238 0.9195
kurtosis 0.3416 0.1876 0.5443 1.4919 1.1518 2.7698

https://doi.org/10.1371/journal.pcbi.1012855.t001

https://doi.org/10.1371/journal.pcbi.1012855.t001
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what we might expect the results to be from the virtual slicing and simulation. Our goal in 
this analysis is to see if there are differences in the number of connections when we look in 
different directions – in other words, if there is heterogeneity in the spatial distribution of 
neurons. If there are, we would conjecture that virtual slices that “cut” across such a direction 
would be more damaging than others to the dynamics as more connections would be cut.

We first consider the spatial distribution of the nearest neighbor connections (i.e., the 
connections given from the data in A when q= 0 ). If we denote the centers of the neurons 
in their three-dimensional spatial coordinates as x y zi i i, ,( ){ } , we can consider the collection 
of directions of the connections,

	 v
x x y y z z

x x y y z z
ij

i j i j i j

i j i j i j

=
− − −( )
− − −( )

,

,
, 	

for all pairs of neurons i and j. We can represent these vectors in spherical coordinates by 
finding φij  and θij  so that

	 v cos sin sin sin cosij ij ij ij ij ij= ( ) ( ) ( ) ( ) ( )( )θ φ θ φ φ, , .    	

If the neurons in the SCN were randomly distributed in every direction, we would expect 
the vij{ }  (and consequently the θij{ }  and the φij{ } ) to also be randomly distributed. We 
find that there are preferred directions, which we illustrate in Fig 5. In the left-hand panels 
of that figure, we visualize the two-dimensional histograms of the distribution of the data 
derived directions. The rows show the left and right SCN from three brains for a total of 
6 SCN. To construct the histograms, we bin the distribution θ φij ij i j

,
,

( ){ }  into a 35x35 grid 
with the color representing the count for that bin, i.e., the height of the histogram bar, as 
a percentage of the total number of neurons, with bluer shades lower and yellower shades 
higher (see the Fig A in S1 Text for other visualizations). If these distributions were asso-
ciated with random placement of neurons, the histograms would be almost uniform in 
color. The concentration of brighter and yellower colors around φ π

=  
2

 indicate preferred 
directions for all 6 SCN, which corresponds to the equator of the sphere (shown in yellow to 
the lower right of the figure).

The equator lies in the plane spanned by the rostral-caudal and medial-lateral axes in the 
SCN, indicating a heterogeneity in the distribution of directions of connections. This observa-
tion suggests the possibility that slices that impact this plane are likely to more greatly disrupt 
the resulting dynamics as they sever more connections than slices in other planes.

Kuramoto simulation results.  Our analysis of the distribution of directions of potential 
connections in the SCN gives us hints as to what we might find in simulation – supporting 
the conjecture that slicing across the horizontal plane will perturb the dynamics more than 
preserving the horizontal plane. In performing simulations of dynamics over a range of 
parameters, we evaluate whether slices that cut across horizontal planes impact the dynamics 
more than those that don’t. Our simulations have two parameters, q and K, which determine 
the connection topology and the extent to which connected neurons influence one another as 
described above.

For a fixed q K, ,( ) we perform four simulations over a 24-hour period. First, we simulate 
the intact SCN structure to represent undamaged tissue and dynamics. We then create virtual 
slices by restricting our model to the neurons within a 100 µm  slab of neurons in each of the 
three standard orientations (see Methods for more details). In these virtual samples, coro-
nal slicing removes the most neurons (averaging 71% of all neurons), sagittal slicing less so 
(50%), and horizontal slicing the least of all (20%). Restricting the matrix A to the remaining 
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neurons, we simulate dynamics on each virtual slice. Comparing the phase at the end of the 
simulation of the intact (snapshot) SCN to those of the virtual slices provides a measure of 
the impact of the slicing, which we summarize with a deviation statistic given by the mean of 
the absolute differences between the two sets of phases (see Methods).

Fig 6 shows the results of these simulations. Panel A shows a schematic of neural connec-
tivity we use in the simulation. In all three schemata, nearest neighbors are connected to one 
another. Further, random connections are added determined by the probability given by q, 
which increases from left to right. Focusing on panel B, the summary image reports the results 
of the simulation experiments. For each (q,K) pair we determine which of the three orienta-
tions (coronal, sagittal, or horizontal) has the highest deviation statistic and color the pixel 
– blue for coronal, yellow for sagittal, red for horizontal – accordingly. The image is blue near 
the origin indicating that the virtual coronal slicing does the most damage to the dynamics. As 
we move diagonally upwards, increasing both q and K, there is a line of transition to yellow, 
indicating that the virtual sagittal slicing does the most damage for those parameter values. We 
note that there are no red pixels in the image as for all choices of parameter values q and K, 
the change in dynamics due to horizontal slicing is not the largest. This is consistent with the 
hypothesis noted above that horizontal slicing does the least damage.

Fig 5.  Spatial anisotropy of neural connectivity. The leftmost panels (A) show two-dimensional histograms of the directions of 
nearest-neighbor connections between neurons in the left and right SCN of 3 brains labeled brain 1,2, and 3. The directions are encoded 
in spherical coordinates, θ φ,( ) . Colors indicate the fraction of all directions that point in a particular direction with yellow shades 
higher and bluer shades lower. All SCN show the same general result, a concentration of directions around φ

π
=

2
,  corresponding to 

directions in the plane spanned by the medial-lateral and rostral-caudal axes. On the upper right (B), we see a mapping of Brain 3 right 
SCN onto the sphere to aid in interpreting the histograms. On the lower right (C), we show a schematic version of the collective results 
with the yellow circle representing the concentration band in the histograms and the blue circles indicating the sparsest portions.

https://doi.org/10.1371/journal.pcbi.1012855.g005

https://doi.org/10.1371/journal.pcbi.1012855.g005
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Fig 6.  Simulation of dynamical damage from slicing. At the top of the figure (A), we show schematic representations of connectivity given by combining nearest 
neighbor connections and random connections added with probability q. Panel B shows the main results of the simulation indicating which orientation of slicing has 
the most impact on the dynamics across choices of parameters q and K .  (K is the coupling strength, where the larger the value of K, the more one neuron pulls the 
phase of another’s oscillation towards its own. The parameter q ∈[ ]0 1,  gives the probability of a connection between any two neurons). Panel C shows the cumula-
tive distributions of the absolute value of the phase difference between simulation dynamics in the virtual slices and those of the intact neurons. The numbers 1, 2, 3 in 
circles indicate the specific K and q values as shown in B.

https://doi.org/10.1371/journal.pcbi.1012855.g006

https://doi.org/10.1371/journal.pcbi.1012855.g006
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These first results are coarse - we report based on results derived from a single statistic, 
the mean, for the distribution of the absolute differences. As this may hide relevant details 
of the differences between the impact of the slices we examine three cases in more detail. In 
Panel C we show cumulative distribution functions (CDFs) for distributions in three cases: 
q K, { . , , . , , . , .      ( )∈ ( ) ( ) ( )0 0001 1 0 001 1 0 01 1  We picked the values q= 0 0001 0 001. , . , and 0 01.  

because they reflect three different regimes of the connection topology. The first,  q= 0 0001. , 
has very few random connections compared to the nearest neighbor connections. The second, 
q= 0 001. , is approximately where the number of random and nearest neighbor connections 
are equal, while in the third, q= 0 01. , there are many more random than nearest neighbor 
connections. These three regimes are illustrated schematically in Panel A and are identified in 
Panel B by green circles labeled 1, 2, and 3. Returning to Panel C, for q= 0 001.  and  0 01. , the 
horizontal slice CDF (red) is left of the sagittal (yellow) which is left of the coronal (blue). Figs 
B, C, D in S1 Text show visualizations of the complete simulation results. Coronal virtual slices 
have mean absolute differences about twice as large as those of the sagittal virtual slices which, 
in turn, are about three times as large as the horizontal virtual slice means. These results per-
sist for q K∈ ∈] [



0 0001 0 001 0 1 2. , . , . , .   

Once we cross the dashed transition line, virtual sagittal slices exhibit more damage on 
average than the others. We see a more complicated picture of the CDF in the rightmost 
image in (C) when q= 0 01.  and K =1 . On the left-hand side of the CDFs we see that virtual 
coronal slices have a larger proportion of small damage than the other two orientations. As we 
move rightward, the horizontal slice’s CDF quickly moves up towards 1 and the sagittal slice’s 
CDF moves upwards less quickly. These represent interesting qualitative differences in the 
impact of virtual slicing in different orientations that merit further future scrutiny.

However, smaller values of   q  are more biologically plausible as the combination of 
nearest neighbor connections with a relatively small number of random connections. Exist-
ing literature provides evidence that proximate neurons in the SCN are more important to 
synchronization than those connected at longer ranges. Maywood et al [34] show that local 
signaling is critical to synchronization and is powerful enough to induce it even in ani-
mals lacking VIP. Abel et al [35] show that a functional network model of the SCN exhibits 
small-world characteristics including dense local connectivity paired with sparse long-range 
connection. Czeisler et al [36] describe soma-soma contact plates that can facilitate stronger 
communication contributing to synchronization, further supporting the dominance of local 
connectivity and communication. Taking all of this together, we see that for biologically plau-
sible portions of the parameter space virtual coronal slicing alters dynamics the most, followed 
by sagittal and then horizontal slicing. Only with high coupling, high randomness or both do 
these roles change.

Discussion
The central contribution of this paper is a tunable linear model for estimating oscillatory 
phase in the SCN for data on PER2 expression at a fixed time point, namely at CT1900 hours. 
At this time point PER2 levels are falling in the SCN and have reached half-way to their daily 
trough. Interestingly, in daily oscillation, this is also the time of maximal interaction of CREB 
binding protein with the repressor protein PER2, at least in liver tissue [8]. Our model is 
robust and accurate using time series data from coronal, sagittal, and horizontal slices. Inter-
estingly, in our data estimations from sagittal and horizontal data are better than coronal as 
the linear models explain more of the variance in the data with smaller standard errors in the 
former.

Our model extends our ability to examine SCN dynamics to intact tissue using data from 
iDISCO clearing,a goal that has not been addressed in the published literature to the best 
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of our knowledge. Estimated phase distributions for six SCN from three specimens show 
remarkable similarities in the shape and spatial organization. We interpret this as further evi-
dence for the usefulness of the model as we would not expect SCN dynamics to radically differ 
in the two lobes of the SCN or across specimens.

We visually observe spatial structure in the phases as we move through the tissue, echoing 
the complex spatial structures seen in sliced tissue. For example, several studies have used 
clustering to examine the spatial distributions of phase using different modalities [13,14,19], 
while others have identified wave-like structures in phase across the tissue [5,6,15,16,37,38]. 
These consistencies further support the efficacy of the model estimation.

The estimated phase distribution sets the stage for a comparison of dynamics of sliced 
tissue and that of intact SCN. Preparing SCN tissue by slicing and plating necessarily removes 
some of the neural architecture of the SCN, so we could reasonably conjecture that slicing 
would have impact on the dynamics. However, even with substantial lesioning the SCN 
retains coherent oscillation so long as a portion of the core tissue is intact [39]. Thus, it is also 
reasonable to hypothesize that while the dynamics may be perturbed, the overall oscillatory 
system remains functional after slicing. For example, we might expect the spatial phase waves 
in slices to differ from a phase wave observed in intact tissue.

In our simulation experiments, we perform the virtual analogue of slice preparation. 
The results support the hypothesis that slicing impacts the oscillatory dynamics and does 
so differently for different slice orientations. Virtual coronal slices have the most deviance 
in their dynamics from simulated intact tissue, while sagittal slices have less and horizontal 
slice lesser still. This effect may be driven by the amount of tissue removed as coronal slicing 
removes the most while horizontal slicing removes the least. However, these results are con-
sistent with our analysis of the anisotropy of connection by orientation where we conjecture 
that slicing that removed directions in the horizontal plane, spanned by the rostral-caudal 
and medial-lateral axes, would have more impact due to denser connectivity in those direc-
tions. The anisotropy in the distributions of neurons in different directions is echoed in the 
differences in dynamics.

These findings are also consistent with other results in the literature that describe anisot-
ropy in the SCN. Yoshikawa et al [14] demonstrate that increasing connection strength 
between neurons as we move along the caudal-rostral axis is a potential explanatory mecha-
nism for observed structures, phaseoids, in the spatial distribution of phase. Directional differ-
ences are also implicated in encoding of photoperiod. Several authors [40–42] find rhythms in 
the caudal aspect of the SCN leading the rostral aspect when entrained to long days. Similarly, 
phase waves moving along the caudal-rostral axis have been observed using coronal and hori-
zontal slices [6,43,44].

Taken together, we see an emerging picture of a communication topography in the 
SCN where different regions and communication along different directions have different 
importance to the oscillatory functions and potentially play different roles. Directions in 
the horizontal plane directions are particularly important as cutting them produces the 
largest changes in the dynamics. Coronal slicing produces the most damage highlighting 
the primary importance of the caudal-rostral communication. Given the ubiquity of cor-
onal slice data in existing analyses and results, our findings point to the potential need to 
revisit them.

Our model has potential generalization to other types of oscillatory data so long as there is 
reasonable control over parameters guiding the oscillation. The most important factors are 1) 
uniform periods across the oscillators when the SCN is synchronized and 2) a sharp-peaked 
phase distribution. Given their similarity to PER2 data, we expect a version of this model to 
apply to oscillation of PER1 and Ca+ in the SCN.
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Materials and methods

Experimental data
Ethics statement.  All animal protocols were performed according to protocols approved 

by the Institutional Animal Care and Use Committee of the Columbia University in 
accordance with guidelines set by the National Institutes of Health (Protocol AC-AABH1603).

Animals.  The PER2::LUC data from coronal, sagittal, and horizontal slices has been 
reported in prior experiments [14]. For these studies, tissue was harvested between 
zeitgeber time (ZT) 0500 and 0900 and immediately placed in culture. Data analysis began 
at least one day later. Circadian time (CT) 0000 was designated as the trough of PER2::LUC 
expression. For iDISCO preparations, animals were deeply anesthetized at ZT 1900 with 
ketamine (100 mg/kg) and xylazine (10 mg/kg), then perfused intracardially with 50 ml 0.9% 
saline followed by 100 ml 4% paraformaldehyde (PFA) in 0.1 M phosphate buffer (PB, pH 
7.3). After post-fixing in 4% PFA overnight, brains were transferred to 0.1 M PB with 0.9% 
saline (PBS).

iDISCO Clearing and immunostaining.  The iDISCO tissue clearing protocol was used 
to visualize the SCN on both sides of the midline as we previously described [17] with the 
following modification. PER2 antibody (1:250, rabbit, Millipore, Burlington, MA) was used 
to assess the state of the cellular clock; AVP antibody (1:1000, guinea pig, BMA biomedicals, 
Augst, Switzerland) delineated the extent of the SCN). The secondary antibodies were as 
follows: for PER2, donkey anti-rabbit Cy3 (1:200, Jackson ImmunoResearch); for AVP, donkey 
anti-guinea pig Cy2 (1:200, Jackson ImmunoResearch, West Grove, PA).

A dilution series was run to examine the sensitivity and reliability of the PER2 antibody 
and optimize the immunostaining. The concentrations of anti-PER2 tested were 1:125, 1:250, 
1:500, and no-primary control, incubated with secondary antibody donkey anti-rabbit Cy2 at 
1:200. The best signal-to-noise ratio was at 1:250 for anti-PER2. The dilution series for AVP 
was done in a previous study [45].

Light sheet microscopy.  Cleared and immunostained tissues were imaged with 
Ultramicroscope II (LaVision BioTec, Bielefeld, Germany) equipped with an Olympus 
MVX10 zoom body (Olympus), a LaVision BioTec Laser Module, and an Andor Neo sCMOS 
Camera with a pixel size of 6.5 µm. The lasers and filters were as follows: Cy2-AVP was excited 
at 488nm and emission acquired at 525±50nm; Cy3-PER2 was excited at 561nm and acquired 
at 605±50nm. The SCN region was scanned horizontally with a voxel size 0.755 x 0.755 x 1µm 
(LE-RI x R-C x D-V).

Image preprocessing and PER2 detection.  Stacks of light sheet microscopy images were 
imported into Imaris software (Bitplane AG, Zurich, Switzerland) for image rendering. AVP 
staining was used to delineate the core and shell regions using Imaris Surface tool. Spot tool 
in Imaris was used for computer assisted identification of PER2-expressing neurons. The 
estimated XY diameter was set as 4  µm  and the estimated Z diameter based on point spread 
function was set as 6 µm . The segmentation of cells was done in Imaris with Different Spot 
Sizes (region growing) method and local contrast background subtraction. The location 
in and diameter of each PER2 neuron was inspected and corrected manually if needed. 
The information on position (X, Y, Z coordinates) and intensity of each PER2 neuron was 
recorded in a spreadsheet for further analysis.

Analysis
Time series data analysis.  For time series data we extract the amplitude and phase 

associated with the component of the signal with 24-hour period using the Fourier transform, 
consistent with methods used in other studies [13,19].
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For each pixel, we computed a discrete Fourier transform of the first 48 hours of the time 
series. This results in each pixel having a complex number, α β+ i , associated to the compo-
nent of signal with a 24-hour period which allows us to compute the amplitude and phase:

	 A arctan= + = ( )α β φ β α2 2, / . 	

Each phase is given in radians, which we convert to hours: h= ⋅φ
π
24
2

.  As phase is a relative 
statistic – it can only be measured against a baseline – we normalize the phases across the SCN 
so that a phase of zero corresponds with the mean signal across the SCN at the period of 24 
hours. This results in the phase of every pixel being at most 12 hours phase advanced, or 12 
hours phase delayed relative to the mean oscillation. The product of this process is a matrix 
that aligns with the images in the frames of the PER2::LUC movie, where each entry is the 
phase extracted from the time series associated to the pixel in the coordinate in a frame of the 
movie. Each lobe of the SCN was analyzed separately, and for visualization purposes one of 
the two lobes was chosen for each of the horizontal and coronal slices.

Phase estimation model using time series data.  Our estimation method relies on 
applying regression to the collection of differences in intensity values and of differences 
in phases for slice time series data. Given the noisiness of this data, we preprocess via the 
following steps:

1.	 Z-score the intensity values across all the pixels in the frame.

2.	 We remove the 10% highest and lowest intensities.

3.	 Sort the remaining intensity values into 400 equally sized bins.

4.	 Create the differences in intensities, which we label ∆I , by taking the pairwise differences 
in the centers of the intensity bins.

5.	 For each pair of intensity bins, calculate the expected difference in phases between all of 
the pixels in one bin and all of the pixels in the other. These give us differences in phases, 
labeled ∆φ, for each pair of bins.

Using this preprocessed data, we apply linear regression to provide a model relationship 
between ∆I  and ∆φ

	 ∆ ∆I c= + +α φ ∈ . 	

Order parameter and synchronization.  In studying oscillatory dynamics, we use the 
order parameter to measure the degree of synchronization of the oscillators. If φj

N

j
{ }

=1
 is the 

collection of phases of N oscillators, we define the order parameter as

	 O
N
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N

ej

N
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N
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Looking at this geometrically, where cos i sinj jφ φ( )+ ( )   represents a point in the complex 
plane, the order parameter is the distance of the average of all these points to the origin. Con-
sequently, if O is near one, the phases are all very close together while if it is close to zero, the 
phases are spread over the entire circle.

Tuning parameters via synchronization.  To find an appropriate slope for our 
linear model, we use a second piece of information from the slice time series data - the 
synchronization at CT 1900. If I j

N

j
{ }

=1
 are the median signal intensity in the iDISCO sample 

across N neurons, we use a representative order parameter value of 0.8 and tune α so that
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Snapshot data analysis. 
Virtual slicing and simulation.  To form a virtual slice from iDISCO data, we take a 100 

μ m slab centered at the mean value of one of the coordinate axes and restrict to the neurons 
inside. For a virtual coronal slice we take the mean value of the second coordinate (y) so that 
the slice extends in the medial-lateral and dorsal-ventral directions. Similarly, we use the mean 
of the first (x) coordinate for a virtual sagittal slice and the mean of the third coordinate (z) for 
a virtual horizontal slice.

To simulate dynamics on both the intact SCN and virtual slices, we use the Kuramoto cou-
pled oscillator framework [31,46,47], which is defined by a set of coupled ordinary differential 
equations:

	 �θ ω θ θi i i
N

ij j iK A sin= + ∑ −( )= 1 , 	

Here, θi  is the value of the oscillation for the ith  neuron, ωi   is its intrinsic frequency, K is the 
coupling strength, and Aij is the connectivity between oscillators i and j. We fix the intrinsic 
frequencies to be identical, associated with a 24-hour period. We first define Aij to be 1 if neu-
rons i and j are within 20 μ m of one another, measured using the Euclidian distance between 
the three-dimensional locations of the neurons, and 0 otherwise. Then we set randomly 
selected entries of the matrix A to one with probability q. We examine the dynamics over a 
range of the two parameters q and K: q K∈ ∈] [



0 0001 0 1 0 2. , . , , .   

We solve these systems over a 24-hour time period using the Runge-Kutta method using 
the estimated phases for initial conditions and a time step of 30 seconds.

Measuring the impact of virtual slicing  For a virtual slice, we define S to be the col-
lection of neurons in the slice and T to be the set of time steps by hour T = …{ }0 1 2 24, , , , .  
Letting t ji j S i T

( ){ }
∈ ∈.

 be the time series generated for the intact SCN and ˘
.

t ji j S i T
( ){ }

∈ ∈
 be the 

time series for the virtual slice for a given q and K, we define the deviation statistics as differ-
ence between the two:

	 1 24 24

S
e

j S

i t j t j∑
∈
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Supplementary Information
S1 Text.  A: Three dimensional visualizations of the histograms in Fig 5. B: We present 
visualizations of the simulation results with parameters q K= =0 0001 1. ,   which is labeled 
as “1” in Fig 6B and C. In each column we show the oscillatory phase, θ, for a virtual slice 
over the course of the simulation period (top) and the absolute difference between the oscilla-
tory phases of the virtual slice and the phases of the corresponding neurons in the simulation 
of the intact SCN. The first column shows results from a virtual coronal slice, the second a 
virtual sagittal slice, and the third, a virtual horizontal slice. The second-row visualizations 
show the difference in the impact of the different slice orientation qualitatively: the coronal 
slice shows more widespread changes in simulated phase (i.e., more yellows pixels) than sagit-
tal slicing, which in turn shows more changes than horizontal slicing. C: We present visualiza-
tions of the simulation results with parameters q K= =0 001 1. ,   which is labeled as “2” in Fig 
6B and C. Interpretation of the panels is the same as in S2a Fig. D: We present visualizations 
of the simulation results with parameters q K= =0 01 1. ,   which is labeled as “3” in Fig 6B and 

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012855.s001
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C. Interpretation of the panels is the same as in S2a Fig. In this case, the sagittal slicing creates 
more changes than the coronal, both of which create more changes than the horizontal slicing. 
E: We report the excess kurtosis and skewness for the time series data presented in Fig 1 (red 
symbols), the virtual slices used in the simulation reported in Fig 6 (blue symbols), and the 
estimated phases for snapshot data presented in Fig 3 and Table 1 (yellow symbols). All values 
are positive with three exceptions: one horizontal slice with slightly negative excess kurtosis, 
and one coronal and one sagittal slice with slightly negative skewness.
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