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SUMMARY

The suprachiasmatic nucleus (SCN) is the master circadian clock in mammals, comprising ∼20,000 neurons 
organized into a bilaterally symmetric oval structure. System-level time computations in the SCN depend on 
coordinated spatiotemporal patterns of neuronal activity, yet most prevailing methods perform time-series 
analyses while disregarding neural spatiotemporal organization. Here, we developed an interpretable ma-

chine learning framework for the integrative analysis of large-scale spatiotemporal calcium signals from 
SCN neurons, with built-in validation and biological interpretability. Applying this framework, we identified 
distinct neural spatiotemporal states and subtypes whose spatial mapping across hemispheres revealed 
hemispheric asymmetry, particularly during the subjective day. Circadian timekeeping ability also displayed 
side specificity, with each hemisphere encoding a full yet unique time feature representation. Attribution anal-

ysis further indicated spectral features of calcium signals as the primary discriminative elements underlying 
this asymmetry. Overall, we demonstrate that hemispheric asymmetry of state switching is a fundamental 
property of the brain’s circadian clock.

THE BIGGER PICTURE Timekeeping is one of the brain’s fundamental functions. Mammals anticipate daily 

environmental changes through an internal clock located in the suprachiasmatic nucleus (SCN), a bilaterally 

symmetric brain nucleus comprising approximately 20,000 neurons. Accurate timekeeping therefore de-

pends not only on individual cellular rhythms but also on how thousands of SCN neurons interact within 

and across both hemispheres to compute time.

In this study, we demonstrate that the left and right sides of the SCN do not tick in synchrony during the day-

time, extending the broader principle of brain asymmetry to the central circadian clock. Our findings suggest 

that even a structurally symmetric brain system can display functional asymmetry to support stable time-

keeping. In addition, this work shows how interpretable AI can help reveal design principles in complex neural 

systems.
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INTRODUCTION

The suprachiasmatic nucleus (SCN), the central circadian clock 

of mammals, orchestrates daily physiological and behavioral 

rhythms through multichannel signaling from approximately 

20,000 heterogeneous neurons. 1–3 This bilaterally symmetrical, 

oval-shaped structure, which is entrained to the 24-h light-dark 

(LD) cycle, 4 serves as a compelling model for exploring how 

complex neuronal interactions give rise to emergent activities 

at the cellular, network, and whole-system levels. 5 Within the 

SCN, calcium (Ca 2+ ) signals integrate information from neuronal 

network electrophysiology, paracrine communications, and 

intracellular pathways, including those driven by the circadian 

transcriptional-translational feedback loop. 6 These circadian 

Ca 2+ rhythms exhibit spatiotemporally ordered sequential acti-

vation patterns across the SCN. 1,2,7–9 At the single-neuron level, 

SCN Ca 2+ activities are highly heterogeneous and display multi-

scale dynamics in which individual Ca 2+ bursts act as funda-

mental units that form higher-order temporal structures, such 

as Ca 2+ states and modes. 10 Decoding these Ca 2+ signals at 

the system level is therefore essential for elucidating the mecha-

nisms underlying circadian timekeeping in the SCN.

Recent advances in high-throughput Ca 2+ imaging and 

computational and mathematical tools for large-scale data anal-

ysis have provided unprecedented opportunities to explore SCN 

datasets and reveal system-level mechanisms and emergent 

properties. 1,10–16 In particular, machine learning has proven 

effective in analyzing intricate neural systems because of its abil-

ity to uncover hidden features and emergent patterns from large-

scale data. 10,17,18 For example, clustering algorithms paired with 

neural networks 10 and other representation learning methods for 

time series 11,19,20 have been employed to identify distinct SCN 

cell types and functional subgroups. These new investigative 

tools have revealed the group-decision timekeeping mechanism 

of the SCN, i.e., random polling of approximately 900 neurons 

across these subgroups can predict hourly time with 99% preci-

sion. 10 These exciting advances offer a new paradigm for deci-

phering biological rules and principles from high-dimensional 

experimental data.

However, we are only at the beginning of developing a battery 

of machine learning tools and, with them, tapping the rich infor-

mation concealed in large datasets on the SCN. In this context, 

previous studies failed to integrate prior spatial and temporal 

biological information, 1,11 precluding the exploration of func-

tional properties and organization that require spatial and 

temporal interplay among SCN neurons. Furthermore, the 

‘‘black-box’’ nature of machine learning methods complicates 

validation and interpretation within the context of SCN function. 21 

In this study, we developed an interpretable machine learning 

framework that integrates spatiotemporal priors to analyze SCN 

Ca 2+ rhythms and assess time predictability using both a 

recently released dataset and a newly collected dataset 

(Figure 1). Our results revealed hemispheric asymmetry in SCN 

population Ca 2+ dynamics, particularly during the subjective 

day. Furthermore, attribution analysis using an adversarially dis-

entangled neural network (ADNN) identified spectral features of 

the Ca 2+ signal as major discriminative elements associated 

with this asymmetry, alongside contributions from temporal 

and statistical features.

RESULTS

Overview of the proposed machine learning framework 

To analyze the timekeeping properties of the SCN at the system 

level, we used two large-scale SCN Ca 2+ imaging datasets with 

different acquisition strategies as inputs. The first was obtained 

from a recently reported dataset, 10 which consisted of six SCN 

slices (650 × 650 × 300 μm) from adult Viaat-Cre::GCaMP6s 

mice, with 5 min of volumetric Ca 2+ imaging every hour over an 

entire circadian period. We refer to these as 3D-t slices. Each 

slice consisted of 6,000–9,000 segmented neurons, and a total 

of 45,301 SCN neurons were recorded at a rate of 0.61– 

0.67 Hz. The other dataset consisted of continuous single-plane 

recordings (frame rate of 2.67–2.72 Hz) from a total of 426 SCN 

neurons over 3–4 h in three slices obtained from adult Viaat-

Cre::GCaMP6f mice, and these recordings are referred to as 

2D-t slices. These high-dimensional, multiscale-sampled data-

sets should allow for a comprehensive machine learning analysis 

of the dynamics and mechanisms of the SCN (Figure 1A; 

Table S1).

After multiscale Ca 2+ signals were preprocessed, we hypoth-

esized that SCN neurons would maintain a stable functional state 

over short intervals (e.g., 5 min) 10 and focused on neural spatio-

temporal states (ST states) as a starting point. To classify ST 

states by incorporating biological priors, such as a 24-h circa-

dian cycle, spatial similarity of neighboring neurons, and tempo-

ral similarity across consecutive time points, 1,2,7,9–11,22–24 we 

defined a data-adaptive distance metric for k-means clustering, 

which was a combination of three distances over Ca 2+ signal 

representations S that were extracted from a spiking autoen-

coder, circadian phase Φ, and spatial coordinate X (Figure 1B; 

Table S2; see methods for details). Building on the ST-state clus-

tering results, we further conducted neuron-subtype clustering 

on the basis of state-switching dynamics (Figure 1B).

Next, we employed time prediction experiments (Figure 1C; see 

methods for details) using a convolutional neural network (CNN)- 

based model for ipsilateral and contralateral time predictions, 

considering the identified subtypes to assess whether these 

neuron subtypes differ in their time-computation properties.

Finally, after mapping the ST states and neuron subtypes to 

explicitly defined Ca 2+ features, we used an ADNN to attribute 

inter-ST-state and inter-neuron-subtype differences to key 

signal features and gain biologically meaningful interpretations 

(Figure 1D; Tables S3 and S4; see methods for details).

Hemispheric asymmetry revealed by ST states and 

subtypes

Using the newly developed prior-guided clustering method 

combined with the existing elbow method 25 and the Bayesian in-

formation criterion (BIC), 26 we identified four ST states from mul-

tiscale Ca 2+ signals in the SCN (Figures 2A and S1). On average, 

they accounted for 27.6%, 30.4%, 21.3%, and 20.7% of all Ca 2+ 

signals for mice in the 3D-t dataset, with proportions of 28.8%, 

28.9%, 20.5%, and 21.8%, respectively, observed in a represen-

tative SCN slice (Figure 2B). The four ST states exhibited evident 

hierarchical differences in both the mean amplitudes and vari-

ance of Ca 2+ signals (Figures 2C and 2D; Table S5). Within an 

entire circadian period, the dwell times were 6–8 h for states I 

and II and 8–12 h for states III and IV (Figure 2E). By mapping
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the ST states to the SCN space, we found that states I and II were 

ubiquitously distributed across both sides of the bilaterally sym-

metric nucleus, whereas states III and IV were each unilaterally 

localized (Figure 2F), indicating the robust hemispheric asymme-

try of the SCN.

We next examined the inter-state-switching kinetics. At the pop-

ulation level, all SCN neurons exhibited near-synchronized transi-
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Figure 1. Machine learning-based decod-

ing of SCN spatiotemporal dynamics

(A) Multiscale Ca 2+ signal processing pipeline. 

From left to right: cartoon illustration of the acute 

SCN slice, spatiotemporal Ca 2+ dynamics (scale 

bar, 100 μm), Ca 2+ signal normalization (ΔF/F = 

[F (t) − F 0 ]/F 0 , F 0 : baseline fluorescence), and 

schematic of multiscale Ca 2+ signals.

(B) Prior-guided ST-state clustering and neuron 

clustering. An unsupervised spiking autoencoder 

extracts low-dimensional embeddings from Ca 2+ 

signals. ST-state clustering integrates (1) latent 

representations, (2) circular sinusoidal embed-

dings of the circadian phase, and (3) neuronal 

spatial coordinates.

(C) Subtype-specific time prediction experiments. 

Subtype-trained CNNs predict circadian time for 

ipsilateral or contralateral Ca 2+ signals.

(D) Attribution analysis through ADNN. We calcu-

lated the feature importance as the average 

gradient through discriminative representations in 

the ADNN and identified key discriminative fea-

tures and critical time windows associated with 

the observed patterns.

tions (hour-scale resolution) between the 

ST states, with characteristic state split-

ting occurring mostly during the subjective 

day (circadian time [CT]1–CT12) (Figure 

3A). Apart from temporal variations across 

slices, all five SCN slices followed a 

conserved inter-state-switching trajec-

tory. In three out of five slices, the initial 

phase corresponded to state II and was 

followed by a synchronized transition to 

state I at approximately CT20. Subse-

quent hemispheric asymmetry emerged 

at CT24–CT26, during which neurons split 

into states III (51.9% ± 1.4%) and IV 

(48.1% ± 1.4%) across the two hemi-

spheres (Figure 3B). This pattern persisted 

for ∼12 h before reverting to state II at 

CT34–CT38. Notably, this near-equilib-

rium allocation showed a <0.8-h standard 

deviation (SD) in the timing of state splitting 

within a representative slice. In the other 

two slices, this hemispheric asymmetry 

occurred approximately 3 h later (CT27– 

CT29), and inter-state switching appeared 

to be fluttered rather than all synchronized. 

However, one 3D-t slice exhibited com-

plex ST-state dynamics; although the 

hemispheric segregation of states III and IV was largely retained 

(Figure S2), we excluded this slice from further analysis.

Given the ST-state clustering results, we further performed 

clustering analysis to identify functional neuron subtypes. Spe-

cifically, functional neuron subtypes were typically identified us-

ing K-modes clustering, 27 in which the 24-h ST states of each 

neuron were treated as its feature vector. This analysis revealed 

two distinct functional neuron subtypes, each corresponding to
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a unique state-switching trajectory (Figure 3A). Spatial mapping 

of these neuron subtypes revealed a structured architecture 

along the left-right axis, further supporting the presence of hemi-

spheric asymmetry in the SCN (Figure 3C).

Since the ST-state analysis and the subsequent neuron sub-

type classification integrated Ca 2+ signal features with spatio-

temporal priors, we performed ablation experiments to evaluate 

the contributions of the three components—namely, Ca 2+ signal 

representations (S), temporal priors (Φ), and spatial priors

(X)—to the clustering outcomes and, in particular, to hemi-

spheric asymmetry. Clustering based solely on Ca 2+ signal repre-

sentations revealed some asymmetrically distributed spatial 

clusters (Figure S3A), whereas clustering based only on spatio-

temporal priors produced a predominantly circadian phase-

driven pattern, with neurons switching near synchronously 

between discrete states lasting ∼5–7 h each (Figure S3B). The 

incorporation of Ca 2+ signal representations with the temporal 

prior yielded a similar pattern, with neurons synchronously 

switching between discrete states, each lasting for 6 h 

(Figure S3C). In contrast, incorporating Ca 2+ signal representa-

tions with the spatial prior resulted in four neuron classes that re-

mained in stable states throughout the circadian cycle, and their 

spatial map exhibited both left-right and dorsal-ventral asymme-

try (Figure S3D). After all the components were integrated, left-

right hemispheric asymmetry emerged as a prominent feature 

of the SCN (Figure 3). Given that the temporal prior weights 

each circadian hour equally, the emergence of asymmetric states 

specifically during the subjective day is unlikely to be driven by 

spatiotemporal priors alone. Instead, this pattern emerged after 

integrating Ca 2+ signal representations with spatial and temporal 

priors, suggesting that Ca 2+ activity contributes to stronger hemi-

spheric asymmetry during the subjective day.

We further performed a permutation-based feature importance 

assessment to demonstrate the influence of each component on

the clustering results. Shuffling any individual component gener-

ally resulted in clustering outcomes that were less similar to our 

original clustering result and exhibited poorer clustering quality 

metrics (see methods and Table S6 for details). These results 

suggested that each component contributed to the clustering 

result and that our raw clustering result was reasonable.

For all five slices examined, hemispheric asymmetry occurred 

during the subjective daytime. To validate the robustness of our 

findings at finer scales, we analyzed three additional 2D-t SCN 

datasets, featuring noninterruptive, higher-frequency sampling 

over time windows of several hours during the day (CT7–CT11, 

CT10–CT12, and CT9–CT13, respectively; Table S1), when 

states III and IV coexisted (Figure 3A). Leveraging the above 

prior-guided clustering approach, we segmented the Ca 2+ sig-

nals into contiguous 5-min intervals, performed clustering for 

two ST states corresponding to the states at the same time in 

the 3D-t data, and then extracted state distributions and neuron 

subtypes on the basis of state-switching patterns. Our results re-

vealed that, in this high-temporal-resolution dataset, the two ST 

states or neuron subtypes corresponded to either side of the 

SCN (Figure 4), and there was no state switching in individual 

neurons during the observation period. These results reinforced 

the robustness and stability of the hemispheric asymmetry of the 

SCN during the subjective day.

Side-specific timekeeping properties

Previous studies have demonstrated that in constant light (LL)- 

induced rhythm splitting, the left and right SCNs of hamsters ex-

hibited antiphase oscillations in clock gene expressions, 28–30 

whereas mice under LL conditions exhibited coherent Per1 

gene expressions within individual SCN nuclei but 12-h antiphase 

oscillations between hemispheres. 31 These phenomena were 

modeled into coupled evening (E) and morning (M) oscillators, 

indicating that each SCN hemisphere independently drives
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Figure 2. ST-state analysis reveals hemispheric asymmetry in the SCN

ST-state analysis in a representative 3D-t slice.

(A) Cluster number determination via the elbow method. The within-cluster sum of squares (WCSS) plateaus at K = 4, defining four optimal ST states.

(B) Pie chart showing the proportions of the four ST states.

(C and D) Hierarchical differences in mean ΔF/F with 95% confidence intervals and variance across ST states. The color codes of the ST states are shown at the 

bottom. *p < 0.05, **p < 0.01, and ***p < 0.001 by two-sample t test analysis with Bonferroni correction for multiple comparisons.

(E) Raster plot of state switching over 24 hours. The color codes of the ST states are shown on the right.

(F) 3D spatial mapping of the ST states. Scale bar, 100 μm.
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behavioral outputs. 28,32,33 Moreover, rats exposed to an artifi-

cially short 22-h LD cycle displayed antiphase neural activities 

between the ventral and dorsal SCN regions. 34 Our findings 

extend these insights by leveraging multiscale neuronal activity 

data to elucidate the hemispheric asymmetry in mouse SCN sli-

ces under free-running conditions, suggesting that hemispheric 

asymmetry is a fundamental property that is intrinsic to the circa-

dian clock.

We have recently shown that a properly trained CNN can faith-

fully predict circadian time with hourly precision by polling just a 

few hundred randomly selected SCN neurons. 10 To explore how 

asymmetry affects time computation and representation in the 

SCN, we generated subtype/side-specific time predictors by 

training models exclusively on Ca 2+ signals from one subtype 

(Figures 5A and 5B). These time predictors were then applied 

to both subtypes to test and compare their performance with 

that of either subtype. Given the spatial asymmetry of subtypes, 

this is equivalent to testing the performance of ipsilateral and 

contralateral time prediction. That is, we leveraged the time pre-

dictor as an investigative tool to reveal potential side-specific dif-

ferences in timekeeping.

The results revealed that ipsilateral time prediction achieved 

an accuracy greater than 99% when a random cohort of 900 

neurons was polled (Figures 5C and 5D), indicating that each 

functional neuron subtype encodes a complete time feature 

representation. In contrast, the average accuracy of the contra-

lateral time predictions was markedly lower (44.9% ± 5.6%; 

mean ± SEM, n = 10). The difference between the ipsilateral 

and contralateral testing accuracy suggested distinctive side-

specific time representations (Figures 5C, 5D, S4A, and S4B). 

At the hour level, contralateral time prediction revealed pro-

nounced oscillatory behavior, with the accuracy alternating be-

tween peaks (>99%) and troughs (<10%) (Figures 5E and 

S4C). Despite their relative independence, both hemispheres ex-

hibited closely aligned in-phase oscillatory fluctuations in contra-

lateral time predictability (average cosine similarity = 0.85; n = 5 

mice). Intriguingly, the peaks in the contralateral time-prediction 

accuracy were temporally aligned with vertical bands in Ca 2+ - 

signal-representation-only raster plots (Figures 5E and S4D). 

These vertical bands indicate time windows in which more neu-

rons were assigned to similar states, suggesting increased 

cross-hemispheric similarity that facilitates contralateral 

prediction. Together, these results suggest that high ipsilateral 

predictability reflects the coupled dynamics within each SCN 

hemisphere, whereas interhemispheric coupling may serve to 

align the circadian phase and maintain coherent timekeeping.

Ca 2+ features underlying hemispheric asymmetry 

Hemispheric asymmetry was identified from the integrated clus-

tering results of the neuron subtypes and ST states. To further 

explore which features of Ca 2+ signals were associated 

with this asymmetry, we performed attribution analysis for a

Figure 3. Functional neuron subtypes revealed by ST-state switching

(A) State switching over 24 h of all five 3D-t SCN slices. The images at the top are the raster plots, and the ST state color codes are shown above. The image on the 

bottom is the trajectory of inter-ST-state switching. Subtype I: state II → state I → state III → state II; subtype II: state II → state I → state IV → state II.

(B) Proportions of the two identified SCN neuron subtypes.

(C) 3D spatial mapping of functional neuron subtypes in the SCN space. The same-type neurons were predominantly located on either the left or the right side of 

the SCN. Scale bar, 100 μm.
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representative sample with an ADNN in which the contribution 

coefficients of Ca 2+ features to the clustering results were calcu-

lated and key Ca 2+ features were identified (Figure 6A; see 

methods for details). We found that spectral features emerged 

as major discriminative elements associated with hemispheric 

asymmetry, alongside contributions from temporal and statisti-

cal features. Specifically, the top 20 features that are critical for 

inter-subtype differentiation included the fast Fourier transform 

(FFT) mean, especially during the subjective day, kurtosis, etc. 

(Figure 6B). The FFT frequencies that contribute to hemispheric 

asymmetry range from 0 to 0.33 Hz (Figure 6C), falling within the

range of Ca 2+ oscillations previously reported in SCN neurons 

and astrocytes. 10,35–37 These include Ca 2+ transients with pe-

riods of approximately 10–100 s (0.01–0.1 Hz) in neurons and 

7–70 s (0.014–0.14 Hz) in astrocytes. 36 This frequency band 

also corresponds to the irregular firing of spontaneous action po-

tentials in SCN neurons, which occurs at 0–3.5 Hz. 38,39 Addition-

ally, the amplitude differences observed between subtypes I and 

II (Figures 6B and 6D) were primarily attributed to kurtosis, a sta-

tistical feature indicative of nested oscillatory structures, 40 with 

elevated kurtosis reflecting a higher intensity of Ca 2+ bursts dur-

ing slow oscillatory cycles.
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Figure 5. Subtype-specific time prediction experiments revealed the time encoding properties of the SCN hemispheres

(A) Decoding time from circadian Ca 2+ dynamics across neuronal populations. By testing the time decoding performance with time predictors trained with 

different subsets of data, we aimed to infer side-specific differences in the time-encoding mechanism.

(B) The residual CNN 10 trained for time prediction to validate hemispheric asymmetry in the SCN.

(C and D) Ipsilateral time predictability from CNNs trained with Ca 2+ signals from one side (C) or the contralateral side (D). The bottom dashed line represents the 

chance level.

(E) Hour-level contralateral time predictability and corresponding Ca 2+ -signal-representation-only state-switching raster plot. Top: hour-level contralateral time 

predictability exhibiting in-phase oscillatory behavior (n = 100 neurons). Bottom: Ca 2+ -signal-representation-only raster plot showing state-switching patterns 

over circadian time.
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Similar patterns were observed in the attribution analyses of 

the ST states, supporting the association between the spectral 

components and the identified asymmetry. Specifically, the top 

20 features included the FFT mean features, entropy, etc. 

(Figure 6E). We demonstrated that spectral features accounted 

for the greatest proportion of the top 20 contributors across all 

five mice. The visualization of the importance score for the FFT 

mean features with different frequencies is shown in Figure 6F, 

and the interpretation was similar to and consistent with that of 

the above inter-subtype attribution analysis. Entropy, previously 

used to quantify the irregularity or complexity of neuronal activity 

in the SCN, 41 emerged as a key feature distinguishing inter-ST-

state differences in our analysis (Figure 6E). We also identified

key time windows in the Ca 2+ time series that were critical for 

clustering ST states. Attribution analysis of the raw Ca 2+ time se-

ries revealed that the curve trends varied between ST states in 

several important time windows, which are marked in the boxes 

(Figure 6G). Similar results were obtained across all five slices 

analyzed (Figure S5).

DISCUSSION

Although tens of thousands of heterogeneous SCN neurons act 

as an integrated unit to compute and represent physical time, a 

comprehensive, system-level understanding of how this neuron 

ensemble functions remains elusive. Progress in this direction
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Figure 6. Attribution analysis revealed deterministic features associated with hemispheric asymmetry in the SCN

Similar results are obtained across all the samples.

(A) Schematic of the ADNN for attribution analysis.

(B–D) Attribution analysis for the neuron subtypes.

(B) Feature importance score and the top 20 features for distinguishing different neuron subtypes.

(C) Importance scores of the FFT mean features with different frequencies.

(D) The mean Ca 2+ signal amplitude of each neuron subtype.

(E and F) Attribution analysis for the ST states.

(E) Feature importance score and the top 20 features for distinguishing different ST states.

(F) Importance score of the FFT mean features with different frequencies.

(G) Attribution analysis for the most important time windows.
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has been hindered by three major challenges: the scarcity of 

neuron-resolved, circadian-scale datasets; the lack of mathe-

matical tools capable of extracting the full informational richness 

of such datasets; and, to a lesser extent, the computational po-

wer that is required to support large-scale, data-driven analyses. 

To address these gaps, we developed an interpretable machine 

learning framework to decode neuronal Ca 2+ signals by inte-

grating spatial and temporal considerations. This framework 

combines prior-guided ST-state and subtype clustering for 

pattern identification, CNN-based time prediction for validation, 

and ADNN-based attribution for mechanistic interpretation. 

While not establishing strict causality, this framework offers a 

comprehensive analytical strategy for understanding SCN dy-

namics and lays the groundwork for further exploration of the 

functional organization of the mammalian circadian clock.

The application of this framework to large-scale SCN Ca 2+ 

datasets extended single-cell observations into long-term, 

neuron-resolved population analyses, enabling the detection of 

network-level transitions and revealing large-scale organiza-

tional patterns. Hemispheric asymmetry was revealed as an 

intrinsic feature of the SCN architecture, manifested by two 

neuron subtypes with unidirectional state-switching patterns 

and by two of the four ST states exhibiting mutually exclusive 

hemispheric segregation during the subjective day in 8 out of 9 

slices. Notably, the timing of hemispheric lateralization is roughly 

aligned with the phase wave of hyperactivity (PWHA) reported 

previously. 10 These ST states, derived from multiscale Ca 2+ dy-

namics and constrained by circadian and spatial priors, are 

conceptually distinct from the classical membrane-potential 

states characterized electrophysiologically 42–46 ; however, both 

types of analyses emphasize that SCN neurons switch between 

discrete states across the circadian timescale. The timekeeping 

properties of this asymmetry were further confirmed using CNN-

based time predictors: models trained on hemispheric Ca 2+ sig-

nals accurately predicted ipsilateral time but performed poorly in 

contralateral prediction. Notably, the contralateral time predic-

tion accuracy exhibited large oscillations between near-perfect 

and near-zero on a timescale of several hours, showing that 

each hemisphere computes time but still couples in concert 

with its counterpart. Finally, attribution analysis demonstrated 

that the spectral, temporal, and statistical features of Ca 2+ sig-

nals are major discriminative elements associated with distin-

guishing both inter-ST-states and inter-neuron subtypes, with 

spectral features playing the dominant role. These findings sup-

port a model in which SCN hemispheres act as independent 

but coupled oscillators—an asymmetrically organized architec-

ture that bolsters the precision and flexibility of circadian 

timekeeping.

Lateralization of brain function is widely observed across mul-

tiple brain regions, including the amygdala, 47 hippocampus, 48 

and whole-brain networks. 49 In the SCN, earlier studies reported 

antiphase clock gene rhythms between the left and right nuclei in 

behaviorally splitting animals under LL conditions, a phenome-

non conserved across rodent species. 31,34 Although early evi-

dence suggested that one SCN hemisphere is sufficient to 

sustain daily rhythms in rodent behavior, 50 more recent studies 

have shown that unilateral SCN lesions can alter reproductive 

indices, 51 as well as the subregion ‘‘splitting’’ within the unilateral 

SCN, where ventrolateral and dorsomedial subregions oscillate

in antiphase with an ∼12-h phase difference. 52–55 Moreover, 

we and others have reported that PWHA traverses the entire 

SCN on a circadian timescale and that the wavefront generally 

propagates symmetrically with subtle hemispheric differ-

ences. 10,56 In contrast, our machine learning-based analysis of 

Ca 2+ dynamics revealed, for the first time, hemispheric asymme-

try in free-running SCN slices. We speculate that these hemi-

spheric differences may reflect the intrinsic physiology of the 

SCN hemispheres, whereas coordinated interactions may sup-

port coherent circadian regulation of the whole organism. In 

intact animals, particularly under specific conditions (e.g., LL), 

such asymmetry may be enhanced by inherently lateralized in-

puts from the retina 57,58 and raphe, 59 which generate lateralized 

photic and neuromodulatory signaling, resulting in regional split-

ting and even hemispheric uncoupling.

Intriguingly, the phase of the hemispheric asymmetry coin-

cides with the dead zone of the phase response curve, during 

which no phase shifts are induced by light. 60,61 This observation 

suggests that the dead zone may represent a paradoxical condi-

tion in which cellular phase stability coexists with partially 

independent hemispheric coupling, allowing the SCN to be tran-

siently isolated from environmental perturbations. The few-hour 

alternation between SCN synchrony and lateralization likely re-

flects the dynamic modulation of interhemispheric coupling 

strength, enabling flexible adaptation to photic inputs and 

providing an efficient strategy to regulate network dynamics. 

Moreover, the efficacy of clock-modulating drugs depends on 

dosing timing, environmental cues, and molecular factors. 62,63 

In this context, the network state is also likely a modulator of 

drug outcomes. Together, these observations suggest that 

photic input acts as a key factor underlying SCN hemispheric 

asymmetry. If prolonged light exposure amplifies this asymme-

try, the present results may provide a physiological basis for pre-

viously reported circadian rhythm splitting under LL.

In summary, this study reveals hemispheric asymmetric time-

keeping features of the master circadian clock in mice using 

interpretable machine learning. This hemispheric asymmetry ap-

pears to be a dynamic process, waxing and waning on several-

hour scales, suggesting dynamic coordination between the SCN 

hemispheres. This aligns with broader principles observed in 

other brain regions, such as the cortex, where functional later-

alization arises from asymmetric cross-hemispheric commu-

nication and supports specialized processing and cognitive 

flexibility. 64 Further studies are warranted to elucidate the under-

lying mechanism and biological role of hemispheric asymmetry 

in circadian timekeeping.

METHODS

Experimental model and study subject details

All animal experiments were conducted in accordance with the 

guidelines of the Animal Care and Use Committee of Peking Uni-

versity, accredited by AAALAC International, and the procedures 

were approved by the Animal Care Committee of the PKU-Nanjing 

Institute of Translational Medicine (approval ID: IACUC-2021-

023). All mice were housed at 20 ◦ C–22 ◦ C under a 12-h LD cycle, 

with ad libitum access to water and food. Viaat-Cre::GCaMP6s 

mice or Viaat-Cre::GCaMP6f mice were generated by crossing Vi-

aat-Cre mice (JAX #017535) 65 with Rosa26-LSL-GCaMP6s
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mice 66 or Rosa26-LSL-GCaMP6f mice (JAX #024105) 67 for at 

least two generations.

The preparation and Ca 2+ imaging of SCN slices were per-

formed as previously described. 10 Briefly, 8-week-old male 

mice exhibiting robust rhythmic activity were sacrificed at zeit-

geber time 11 for slice preparation. Volumetric Ca 2+ imaging of 

entire 300-μm SCN slices was then conducted using a dual-

objective two-photon microscope 68 at a rate of ∼0.67 vol-

umes/s for 5 min, with a total imaging duration of 30 h from 

CT12 to CT41. Continuous single-plane Ca 2+ imaging of SCN sli-

ces was conducted using the same microscope at a rate of 

2.7 Hz for several hours. See Table S1 for details of the dataset.

The structure of the prior-guided clustering model

The prior-guided clustering model designed a data-adaptive dis-

tance metric to integrate Ca 2+ signal representations, temporal 

priors, and spatial priors for ST-state analysis, with Ca 2+ signal 

representations extracted using a spiking autoencoder and the 

priors biologically informed. Below, we explain these steps in 

more detail.

Spiking autoencoder to extract the representations of 

Ca 2+ signals

Our spiking autoencoder consisted of a spiking encoder and a 

spiking decoder. The spiking encoder converted the Ca 2+ signal 

into latent representations and minimized the noise in the raw 

Ca 2+ signals, whereas the spiking decoder reconstructed the 

Ca 2+ signal from the latent representations. Compared with 

traditional neural networks, spiking autoencoders can process 

brain signals more efficiently and with potentially reduced energy 

consumption. 69–71

Our spiking autoencoder was composed of leaky integrate-

and-fire (LIF) spiking neurons, 72 which were modeled as follows: 

τ m
du(t)

dt
= − (u(t) − u rest ) + RI(t); u(t) < V th ; (Equation 1)

where u(t) represents the membrane potential of each neuron of 

the spiking autoencoder, I(t) represents the input of each neuron 

of the spiking autoencoder, V th represents the firing threshold of 

our spiking autoencoder, and R and τ m represent the resistance 

and leakage terms, respectively. When u(t) reaches V th at time t f , 

the neuron of the spiking autoencoder emits a spike and resets 

the membrane potential u(t) to u rest , which is set to 0. The output 

spike train of a neuron is represented by s(t) = 
∑ 

t f 
δ(t − t f ), 

where δ is the Dirac function. For the network model, the neurons 

are connected by weights w, and we considered the simple cur-

rent model I j [t] = 
∑ 

i w ij s i [t] + b j . The discrete computational 

form of the network is as follows:

⎧ 
⎨ 

⎩

u j [t + 0:5] = λu j [t] + 
∑ 

i 
w ij s i [t] + b j 

s j [t + 1] = H 
( 
u j [t + 0:5] − V th 

)

u j [t + 1] = u j [t + 0:5] − V th s j [t + 1];

(Equation 2)

where H(x) denotes the Heaviside step function, s i [t] is the binary 

spike train of neuron i, λ is a leaky term related to the constant τ m 

and the discretization time interval for the LIF model, and we use 

subtraction as the soft reset.

The specific spiking autoencoder structure is shown in 

Table S2, and it was trained to learn the model parameter w

using backpropagation through time (BPTT) and a surrogate 

gradient 73 to minimize the mean squared error (MSE) loss using 

the Adam optimizer 74 for 5 epochs. The learning rate was set to 

0.005. The spiking autoencoder was developed using the 

SpikeJelly framework. 72

Prior-guided clustering

Considering both temporal and spatial interactions in the dy-

namics of the SCN nucleus, we developed a clustering approach 

using spatiotemporal information for Ca 2+ signal analyses. We 

considered three components in the clustering: (1) 150D latent 

Ca 2+ signal representations S extracted from a spiking autoen-

coder, (2) 3D spatial coordinates X, and (3) 2D circadian temporal 

information Φ. The 2D circadian temporal information of states

within the i th hour was represented by Φ i = 

( 

sin 

(
iπ
12

) 

;

cos 

(
iπ
12

)) 

, mapping time onto a circular space. This new tem-

poral representation solved boundary discontinuities inherent to 

linear hour indices (e.g., the separation of hours 24 and 1 under 

linear hour indices) by enforcing cyclic continuity.

The analysis was performed using a 24-h cycle prior and 

spatiotemporal priors, which are based on the assumption that 

neighboring neurons and consecutive time points exhibit consis-

tent state distributions. This assumption served as a mathemat-

ical simplification, where the same subtypes aggregate spatially 

as functional and structural modules within the SCN, 10,11 and 

temporally, it corresponds to the sequential activation of 

neuronal assemblies in the SCN. 1,2,7,9,22–24

To incorporate the above priors into the clustering method, we 

propose a new distance metric for the k-means clustering algo-

rithm. As shown in Equation 3, the distance metric considered 

different distance components of three kinds of features: 150D 

Ca 2+ signal representations S, 2D circadian phase vectors Φ, 

and 3D Euclidean spatial coordinate vectors X.

d(i; j) = λ S
⃦
⃦S i − S j

⃦
⃦

2 
+ λ Φ

⃦
⃦Φ i − Φ j

⃦
⃦

2 
+ λ X

⃦
⃦X i − X j

⃦
⃦ 

2 
: 

(Equation 3)

Our distance metric adaptively balanced the three terms,

which set the balance parameters of the three terms as λ S = 
a

MS 
, λ Φ = a

MΦ 
, and λ X = a

MX 
, where M S , M Φ , and M X were the

SDs of the Ca 2+ signal representations, circadian temporal vec-

tors, and spatial vectors, respectively, as shown in Equation 4. a 

can be chosen as any positive constant, and we choose a = M Φ , 

i.e., λ Φ = 1, so that we can compare the parameters of 

different mice.

M S =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E
⃦
⃦S i − S j

⃦
⃦2

2

√ 

=
̅̅̅ 
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E‖S − E[S]‖
2

2

√

=
̅̅̅
2 

√ 
SD(S);

M Φ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E
⃦
⃦Φ i − Φ j

⃦
⃦2

2

√ 

=
̅̅̅ 
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E‖Φ − E[Φ]‖
2

2

√

=
̅̅̅
2

√ 
SD(Φ); and

M X =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E
⃦
⃦X i − X j

⃦
⃦2

2

√ 

=
̅̅̅ 
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E‖X − E[X]‖
2

2

√

=
̅̅̅
2 

√ 
SD(X): 

(Equation 4)

Therefore, the distance metric can be represented as

d(i; j) = a 

(
‖ S i − S j‖ 

2

M S
+ 
‖ Φ i − Φ j‖ 

2

M Φ
+ 
‖ X i − X j‖ 

2

M X

) 

: This distance with a

data-adaptive parameter ensures that all the terms have the
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same scale and contribute equally to the clustering, with no one 

term dominating. This method also eliminates the need for hy-

perparameter tuning.

After ST-state clustering, we performed neuron clustering on 

the basis of the state-switching results. The feature vector of 

each neuron was composed of the neuron’s 24-h ST-state 

sequence. We chose the Hamming distance as the distance 

metric because the feature vector component was categorical. 

We subsequently performed K-modes clustering 27 through the 

neuronal dimension to obtain the neuron subtypes. The entire 

clustering method was data adaptive and automatic. To better 

capture the state-switching property when there was noise in 

the switching times, we also used the switching sequence, which 

was calculated by compressing the state sequence. We subse-

quently applied k-medoids clustering to the state-switching se-

quences using the Levenshtein distance. This method was 

more robust when there was noise in the switching times and 

produced results consistent with our results in the manuscript.

To verify the hemispheric asymmetry, we also analyzed the 

2D-t dataset, which reflected continuous records of several 

hours during the subjective day (Table S1). Using the prior 

case in which two states coexisted during the subjective day 

(Figure 3A), we set the number of k-means clusters to 2. We 

divided the Ca 2+ signals into contiguous 5-min segments and

set Φ i = 

( 

sin 

(
(T+i=12)π 

12

) 

;cos 

( 
(T+i=12)π 

12

)) 

, where T was the start

hour of the recording. We used our method for this new dataset 

and calculated the SDs of all Ca 2+ signal representations, 24-h 

circadian temporal vectors, and all spatial vectors as M S , M Φ , 

and M X , respectively. We then applied the K-modes algorithm 

to the state clustering results in the spatial dimension, and the 

SCN clustering results are shown in Figure 4. The state and 

neuron subtype patterns of all three mice were consistent with 

the 3D-t data.

Calculation of Cohen’s d effect size

We calculated the effect size measurement, Cohen’s d, together 

with confidence intervals for the variance of the Ca 2+ signal using 

the R package effsize. 75 An absolute value of Cohen’s d greater 

than 0.8 is considered a large effect size. 76,77

Attribution analysis with ADNN

We aimed to identify the key ‘‘biomarkers’’ of different ST states 

or neuron subtypes. Therefore, we first used the tsfel 78 package 

to extract meaningful features of each state, which includes 

more than 200 different features in the statistical, temporal, 

and spectral domains, such as the median, autocorrelation, 

mean, variance, kurtosis, and FFT mean coefficient. We also 

used the tsfel package to extract the features of each neuron 

subtype, which includes more than 5000 different features in 

the statistical, temporal, and spectral domains, such as the 

maximum Ca 2+ signals in the 21 st hour and the skewness of 

the 32 nd hour. These features differ from the raw Ca 2+ signals 

or representations and can provide more explanations.

To extract the contribution coefficient of each feature and 

explore the key discriminative features of the four ST states or 

two SCN subtypes, we built a gradient-based attribution analysis 

method while further designing the ADNN for better identification.

The attribution analysis first trains a neural network model for clas-

sification and then calculates the gradients of inputs to identify the 

contributions of each component. Unlike the vanilla method, our 

algorithm comprehensively decoupled the representations of 

the neural network model into discriminative representations 

and non-discriminative representations for more reliable attribu-

tion. We split the representations into two parts, where the 

discriminative component was encouraged to accurately predict 

the Ca 2+ categories (ST state or neuron subtype), while the other 

component was forced to fail for predictions through adversarial 

optimization. The ADNN was implemented utilizing two encoders 

that transferred raw data to the low-dimensional latent space and 

a decoder that reconstructed raw data from latent representa-

tions. The two encoders learned discriminative representations 

and non-discriminative representations through the downstream 

classification task and adversarial optimization, respectively. The 

discriminative representations and non-discriminative represen-

tations were merged and input into a common decoder for the 

reconstruction of raw data. The loss of an ADNN was composed 

of reconstruction loss, classification loss, and adversarial loss. 

The network structure can be found in Table S3, and the specific 

training algorithm can be found in Box 1. We trained the ADNN to

solve the key min-max optimization problem, max 
Φ u

min
θ I

L I , where L I

is the cross-entropy loss of the non-discriminative branch, and 

the other parameters are defined in Box 1.

To assess the extent to which the Ca 2+ features reflected gen-

eral lateralization properties, we trained an ADNN to classify 

different neuron subtypes. Our method achieved a test accuracy 

of 71% on a held-out test set. This is substantially higher than 

chance (a baseline accuracy of 50%) and supports the idea 

that hemispheric asymmetry was reflected in the Ca 2+ signal fea-

tures. The test accuracy is also better than that of a standalone 

classifier (66%), which is a linear classifier trained on the same 

features. The superior performance of our approach demon-

strates enhanced feature generalizability and suggests more 

plausible attribution mechanisms.

We also calculated the classification accuracy and Cohen’s 

kappa for the ST states. The classification accuracy is 35.42%, 

which is greater than chance (a baseline accuracy of 25%). 

The Cohen’s kappa between our methods and ground truth is 

0.14, indicating some level of agreement that exceeds random 

guessing. 79

To determine which mathematical features/which parts of 

Ca 2+ signals are most relevant to the essence of different 

states/different SCN subtypes, we used gradient-based attribu-

tion for the classification loss of the ADNN. We used a gradient 

measure r i that averages the gradient of the loss L with respect 

to a given input characteristic x i through the discriminative fea-

tures C over all of the examples x in a dataset X, where x i is 

the i th element of x:

r i =
1 

|X|

∑ 

x ∈ X

⃒ 
⃒
⃒ 
⃒
∂L

∂C 
⋅

∂C

∂x i

⃒
⃒
⃒
⃒ : (Equation 5)

Time predictor based on Ca 2+ signals

Each dataset, i.e., the entire SCN or single-sided subtype-spe-

cific Ca 2+ signals, was divided into training, validation, and 

testing datasets at a ratio of 6:1:3. The time predictor was
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constructed with a CNN. 80 During the time prediction tests, we 

employed a random selection of neuron cohorts, with each 

data point averaged across 500 random trials. This setting was 

consistent with our previous work, and the training and testing 

details can be found in this paper. 10

Statistical analysis

Statistical analyses were conducted using Microsoft Excel (Of-

fice 2021, Microsoft Corp.) and GraphPad Prism (v.8.3.0, 

GraphPad Software). The number of independent experiments 

(n) and the relevant statistical parameters for each experiment, 

such as the means ± standard errors of the means (SEMs), are 

described in the manuscript. Between-group comparisons 

were performed using two-sample t tests in Excel. The normality 

of the data used in these t tests was validated with the 

Kolmogorov-Smirnov test. Investigators were not blinded to allo-

cation during the experiments or outcome assessment.
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Box 1. Pseudocode of the training algorithm of ADNN

Input: input signal or characteristics x, clustering label y, and convergence iteration number K; ADNN parameters include

discriminative encoder ϕ d and non-discriminative encoder parameter ϕ u : The classifier g y with parameter θ y is in the

discriminative branch, and the classifier g I with parameter θ I is in the non-discriminative branch. Cross-entropy loss is L y , 

reconstruction loss is L AE , and the loss hyperparameters are λ 1 and λ 2 .
for iteration k from 0 to K do

# Stage 1. min L I (θ I )
# Forwards through non-discriminative branch

̂ y = g I (H u (x; ϕ u )):
L I = L y (y; ŷ)

# Update non-discriminative feature classifier params

θ I ←θ I − η ∂L I 
∂θ I :

# Stage 2. min 
( 
L AE + λ 1 L d 

( 
θ y 
) 
− λ 2 L u (ϕ u ) 

)

# Forwards through two branches

z d = H d (x;ϕ d );z u = H u (x;ϕ u ):
̂ yd = g y (H d (x; ϕ d ); ̂ yu = g I (H u (x; ϕ u ):
L AE = ‖Decoder(z d ;z u ) − x‖;L d = L y (y; ̂ yd );L u = L y (y; ̂ yu )

# Update feature extractor and classifier

ϕ u ← ϕ u − η 
(

∂L AE 

∂ϕ u
− λ 2 ∂L u

∂ϕ u

) 

:

ϕ d ← ϕ d − η 
(

∂L AE 

∂ϕ d
+ λ 1 ∂L d

∂ϕ d

) 

:

θ y ← θ y − η 
(

∂L AE 

∂θ y + λ 1 ∂L d 
∂θ y

) 

:

θ Decoder ← θ Decoder − η ∂L AE

∂θ Decoder
:

end for
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Meijer, J.H. (2003). Heterogeneity of rhythmic suprachiasmatic nucleus 

neurons: Implications for circadian waveform and photoperiodic encod-

ing. Proc. Natl. Acad. Sci. USA 100, 15994–15999.

25. Syakur, M.A., Khotimah, B.K., Rochman, E., and Satoto, B.D. (2018).

Integration K-Means Clustering Method and Elbow Method for 

Identification of the Best Customer Profile Cluster (IOP Publishing), 

pp. 012017.

26. Schwarz, G. (1978). Estimating the dimension of a model. Ann. Stat. 

461–464.

27. Huang, Z., and Ng, M.K. (1999). A fuzzy k-modes algorithm for clustering 

categorical data. IEEE Trans. Fuzzy Syst. 7, 446–452.

28. de la Iglesia, H.O., Meyer, J., and Schwartz, W.J. (2003). Lateralization of 

circadian pacemaker output: activation of left-and right-sided luteinizing 

hormone-releasing hormone neurons involves a neural rather than a hu-

moral pathway. J. Neurosci. 23, 7412–7414.

29. Yan, L., Foley, N.C., Bobula, J.M., Kriegsfeld, L.J., and Silver, R. (2005).

Two antiphase oscillations occur in each suprachiasmatic nucleus of 

behaviorally split hamsters. J. Neurosci. 25, 9017–9026.

30. de la Iglesia, H.O., Meyer, J., Carpino, A., Jr., and Schwartz, W.J. (2000).

Antiphase oscillation of the left and right suprachiasmatic nuclei. Science 

290, 799–801.

31. Ohta, H., Yamazaki, S., and McMahon, D.G. (2005). Constant light de-

synchronizes mammalian clock neurons. Nat. Neurosci. 8, 267–269.

32. Pickard, G.E., and Turek, F.W. (1982). Splitting of the circadian rhythm of 

activity is abolished by unilateral lesions of the suprachiasmatic nuclei. 

Science 215, 1119–1121.

ll
OPEN ACCESS Article

12 Patterns 7, 101617, September 11, 2026

Please cite this article in press as: Zhang et al., Interpretable machine learning reveals hemispheric asymmetry of state switching in the suprachiasmatic 
nucleus, Patterns (2026), https://doi.org/10.1016/j.patter.2026.101617

https://doi.org/10.1016/j.patter.2026.101617
https://doi.org/10.1016/j.patter.2026.101617
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref1
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref1
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref1
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref2
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref2
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref2
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref2
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref3
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref3
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref3
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref4
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref4
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref4
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref5
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref5
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref5
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref6
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref6
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref7
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref7
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref7
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref8
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref8
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref8
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref8
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref9
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref9
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref9
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref9
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref10
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref10
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref10
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref10
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref11
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref11
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref11
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref12
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref12
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref12
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref13
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref13
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref13
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref13
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref14
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref14
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref14
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref15
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref15
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref15
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref15
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref15
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref15
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref16
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref16
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref16
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref16
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref17
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref17
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref17
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref18
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref18
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref18
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref18
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref19
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref19
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref19
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref19
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref20
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref20
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref21
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref22
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref22
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref22
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref23
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref23
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref23
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref23
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref23
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref24
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref24
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref24
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref24
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref25
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref25
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref25
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref25
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref26
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref26
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref27
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref27
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref28
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref28
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref28
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref28
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref29
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref29
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref29
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref30
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref30
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref30
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref31
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref31
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref32
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref32
http://refhub.elsevier.com/S2666-3899(26)00126-1/sref32


33. Davis, F.C., and Gorski, R.A. (1984). Unilateral lesions of the hamster su-

prachiasmatic nuclei: evidence for redundant control of circadian rhythms. 

J. Comp. Physiol. 154, 221–232.

34. de la Iglesia, H.O., Cambras, T., Schwartz, W.J., and Dı́ez-Noguera, A. 

(2004). Forced Desynchronization of Dual Circadian Oscillators within 

the Rat Suprachiasmatic Nucleus. Curr. Biol. 14, 796–800.

35. van den Pol, A.N., Finkbeiner, S.M., and Cornell-Bell, A.H. (1992). Calcium 

excitability and oscillations in suprachiasmatic nucleus neurons and glia 

in vitro. J. Neurosci. 12, 2648–2664.

36. Hong, J.H., Min, C.H., Jeong, B., Kojiya, T., Morioka, E., Nagai, T., Ikeda, 

M., and Lee, K.J. (2010). Intracellular Calcium Spikes in Rat 

Suprachiasmatic Nucleus Neurons Induced by BAPTA-Based Calcium 

Dyes. PLoS One 5, e9634.

37. El Cheikh Hussein, L., Fontanaud, P., Mollard, P., and Bonnefont, X. 

(2022). Nested calcium dynamics support daily cell unity and diversity in 

the suprachiasmatic nuclei of free-behaving mice. PNAS Nexus 1, 

pgac112.

38. Kononenko, N.I., and Dudek, F.E. (2004). Mechanism of Irregular Firing of 

Suprachiasmatic Nucleus Neurons in Rat Hypothalamic Slices. 

J. Neurophysiol. 91, 267–273.

39. Mazuski, C., Abel, J.H., Chen, S.P., Hermanstyne, T.O., Jones, J.R., 

Simon, T., Doyle, F.J., III, and Herzog, E.D. (2018). Entrainment of 

Circadian Rhythms Depends on Firing Rates and Neuropeptide Release 

of VIP SCN Neurons. Neuron 99, 555–563.e5.

40. Stratton, P., and Wiles, J. (2008). Comparing Kurtosis Score to Traditional 

Statistical Metrics for Characterizing the Structure in Neural Ensemble 

Activity. In Dynamic Brain - from Neural Spikes to Behaviors: 12th 

International Summer School on Neural Networks, Erice, Italy, 

December 5-12, 2007, Revised Lectures, M. Marinaro, S. Scarpetta, and 

Y. Yamaguchi, eds. (Springer Berlin Heidelberg), pp. 115–122.

41. Bhumbra, G.S., Inyushkin, A.N., Saeb-Parsy, K., Hon, A., and Dyball, 

R.E.J. (2005). Rhythmic changes in spike coding in the rat suprachiasmatic 

nucleus. J. Physiol. 563, 291–307.

42. Pennartz, C.M.A., de Jeu, M.T.G., Bos, N.P.A., Schaap, J., and Geurtsen, 

A.M.S. (2002). Diurnal modulation of pacemaker potentials and calcium 

current in the mammalian circadian clock. Nature 416, 286–290.

43. Belle, M.D.C., Diekman, C.O., Forger, D.B., and Piggins, H.D. (2009). Daily 

Electrical Silencing in the Mammalian Circadian Clock. Science 326, 

281–284.

44. Diekman, C.O., Belle, M.D.C., Irwin, R.P., Allen, C.N., Piggins, H.D., and 

Forger, D.B. (2013). Causes and Consequences of Hyperexcitation in 

Central Clock Neurons. PLoS Comput. Biol. 9, e1003196.

45. Ginsberg, A.G., and Booth, V. (2023). A Mean-Field Firing-Rate Model for 

the Suprachiasmatic Nucleus. SIAM J. Appl. Dyn. Syst. 22, 90–128.

46. Wegner, S., Belle, M.D.C., Chang, P.-S., Hughes, A.T.L., Conibear, A.E., 

Muir, C., Samuels, R.E., and Piggins, H.D. (2024). Loss of neuropeptide 

signalling alters temporal expression of mouse suprachiasmatic neuronal 

state and excitability. Eur. J. Neurosci. 60, 6617–6633.

47. Ocklenburg, S., Peterburs, J., and Mundorf, A. (2022). Hemispheric asym-

metries in the amygdala: A comparative primer. Prog. Neurobiol. 214, 

102283.

48. Martin, S.J., Shires, K.L., and da Silva, B.M. (2019). Hippocampal 

Lateralization and Synaptic Plasticity in the Intact Rat: No Left-Right 

Asymmetry in Electrically Induced CA3-CA1 Long-Term Potentiation.

Neuroscience 397, 147–158.

49. Baban, W.M. (2019). Right/Left Hemisphere Lateralization: Correlation 

Between Individual Differences in Subjective Wellbeing, Happiness, Life 

Satisfaction, Success, Personality and Thinking Styles. In 

Undergraduate Research Symposium. 9. https://irl.umsl.edu/urs/9

50. Schwartz, W.J., and Zimmerman, P. (1991). Lesions of the suprachias-

matic nucleus disrupt circadian locomotor rhythms in the mouse. 

Physiol. Behav. 49, 1283–1287.

51. Silva, C.-C., Benı́tez, D.P., Flores, A., Corté s, G.D., Vieyra, E., Juá rez-
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