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Abstract. The suprachiasmatic nucleus (SCN) is known to be the master biological clock in mammals. Despite the
periodic mean firing rate, interspike interval (ISI) patterns of SCN neurons are quite complex and irregular. The aim
of the present study was to investigate the existence of nonlinear determinism in the complex ISI patterns of SCN
neurons. ISI sequences were recorded from 173 neurons in rat hypothalamic slice preparations using a cell-attached
patch recording technique. Their correlation dimensions (D2 ) were estimated, and were then compared with those of
the randomly-shuffled surrogate data. We found that only 16 neurons (16/173) exhibited deterministic ISI patterns
of spikes. In addition, clustering analysis revealed that SCN neurons could be divided into two subgroups of neurons
each having distinct values of coefficient of variation (CV) and skewness (SK). Interestingly, most deterministic
SCN neurons (14/16) belonged to the group of irregularly spiking neurons having large CV and SK values. To see
if the neuronal coupling mediated by the γ -aminobutyric acid (GABA), the major neurotransmitter in the SCN,
contributed to the deterministic nature, we examined the effect of the GABAA receptor antagonist bicuculline on
D2 values of 56 SCN neurons. 8 SCN neurons which were originally stochastic became to exhibit deterministic
characteristics after the bicuculline application. This result suggests that the deterministic nature of the SCN neurons
arises not from GABAergic synaptic interactions, but likely from properties inherent to neurons themselves.
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1.

Introduction

The suprachiasmatic nucleus (SCN) contains pacemaker neurons imposing circadian rhythmicity in
mammals (Meijer and Rietveld, 1989; Morin, 1994).
The circadian rhythm of SCN neurons is expressed by
the sinusoidal modulation of their mean firing rates.
Individual SCN neurons are autonomous pacemaker
cells that harbor an interconnected set of transcriptiontranslation negative and positive feedback loops, which
produce coordinated, rhythmic changes in expression
of clock genes (for reviews, Reppert and Weaver, 2001,
2002). Spiking activity of SCN neurons follows this
molecular clockwork, with higher mean firing rates
during the day and lower firing rates at night (Inouye
and Kawamura, 1979; Jagota et al., 2000; Schaap et al.,
2003). Such circadian oscillation in action potential firing frequency is known to be crucial for the transmission of time information to other brain areas to impose
circadian rhythmicity on physiological and behavioral
activities (Schwartz et al., 1987; Newman et al., 1992;
Shirakawa et al., 2001).
However, on a short time scale, the spiking activity of individual SCN neurons in the neuronal network
is neither periodic nor modulated. Extracellular single unit measurements revealed that SCN neurons have
several types of firing characteristics: regular, irregular, or burst-like (Cahill and Menaker, 1989; Groos and
Hendriks, 1979; Shibata et al., 1984; Pennartz et al.,
1998). The spontaneous firing rate of an SCN neuron incessantly varies ranging from 1.5 to 15 Hz, often accompanied by intermittent bursts (Gillette, 1991;
Pennartz et al., 1998; Jagota et al., 2000; Schaap et al.,
2003). Interspike intervals (ISIs) of SCN neurons are
quite irregular and complex. How this complex spontaneous spiking activity of individual SCN neurons
eventually leads to the long-range circadian rhythm is
poorly understood.
As a first step toward understanding this issue, we
investigated the firing patterns of individual SCN neurons and their underlying dynamics. In this study,
we used nonlinear time series methods to determine
whether the complex ISI patterns of SCN neurons are
random or deterministic, a critical issue for understanding their cellular mechanisms underlying circadian rhythms. Whether temporal patterns of spikes are
deterministic or not decides our approach to investigate the patterns and their underlying dynamics. Recently, nonlinear dynamical theory has shown that the
irregularity of a time series may not necessarily re-

sult from a stochastic process. Systems of deterministic chaos can exhibit a very irregular behavior as
stochastic systems do. Indeed, a number of recent studies have shown that irregular spiking activities recorded
from various brain regions emerge from deterministic
chaos (for reviews, McKenna et al., 1994; Rabinovich
and Abarbanel, 1998; Faure and Korn, 2001; Segundo,
2003).
Nonlinear time series analysis has provided new
tools detecting the presence of nonlinear determinism
in a time series, which cannot be assessed by conventional spectral analysis. These are proven applicable to
the study of ISI sequences obtained from neurons and
neuronal ensembles (Sauer, 1994; Hegger and Kantz,
1997). In the present study, the correlation dimension
(D2 ) was used to detect the presence of nonlinear determinism in ISI sequences of SCN neurons in hypothalamic slices. Our analysis revealed that about 10% of
the SCN neuronal population exhibits truly deterministic patterns of spikes, while the remaining population
shows stochastic patterns.
There has been the hypothesis that the deterministic
nature of neuronal spike trains, in general, arises from
neuronal interactions. Rapp et al. (1985) and Sauer
(1994) have proposed that the deterministic structure
of ISI sequences with a few degrees of freedom can
result from neural interactions in the presence of selforganizing and synchronizing influences. Neuronal interactions in a simple model network can, indeed,
generate various types of oscillatory modes including a deterministic chaotic behavior in its ISI patterns (Chapeau-Blondeau and Chauvet, 1992; Lewis
and Glass, 1992). Experimental evidences supporting
this hypothesis have been also found in the rat spinal
cord (Chang et al., 1994; Debus and Sandkuhler, 1996)
and nigral dopamine neurons (Hoffman et al., 1995,
2001; Di Mascio et al., 1999b; Jeong et al., 2000, submitted). These studies demonstrated significant reductions in nonlinear determinism of ISI sequences after
the interruption of neuronal couplings.
Although multiple ways of intercellular communications have been found in the SCN, the most significant neurochemical mediator for neuronal coupling
is the γ -aminobutyric acid (GABA) (Okamura et al.,
1989; Moore and Speh, 1993). Thus, in order to determine whether GABAA receptor-mediated synaptic
couplings contribute to the deterministic nature, we
applied the GABAA receptor antagonist bicuculline
to SCN neurons and evaluated subsequent changes
in the deterministic nature of ISI sequences. Eight
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stochastic SCN neurons became to exhibit deterministic characteristics, and other stochastic neurons showed
a marked decrease in the complexity of spiking patterns. These results suggest that the deterministic behavior of SCN neurons pertain to the individual SCN
neurons themselves.

7,356 ± 2,961 (range: 1,422–19,213). For each recording, first two minute of data were discarded to ensure
the stationarity of the ISI sequences as possible. Before
the analysis, we have divided each ISI sequence into 1
min segments and estimated the means and variances of
segments to ensure the stationarity of the ISI sequence.

2.

2.3.

2.1.

Materials and Methods
Animals and Brain Slice Preparation

Male Sprague-Dawley rats (n = 52; 40–100 g) were
housed in a temperature-controlled room (25–27◦ C)
under a 12/12-hr light/dark cycle (light on 07:00–
19:00) for at least 2 weeks prior to use. The rats
were anesthetized with Nembutal (6 mg/100 g body
weight) in the daytime of subjects, and then the
brains were quickly removed and submerged in
ice-cold artificial cerebrospinal fluid [ACSF (mM):
124NaCl, 26NaHCO3 , 3KCl, 2.4CaCl2 , 1.3MgSO4 ,
1.25NaH2PO4 , 10Glucose, 95% O2 , and 5% CO2 saturation]. Using a vibrating tissue slicer (Vibratome 1000,
Technical Products International, USA), a block of hypothalamic tissue was cut into slices coronally at the
thickness of 120–150 µm. The slices containing the
SCN were transferred to a recording chamber perfused
by the same ACSF at the flow rate of 1.0–1.5 ml/min.
The experimental procedures described above were in
accordance with the guideline set by the Korea University College of Medicine Animal Research Policies
Committee.
2.2.

Extracellular Recording

After 1-hr incubation in the recording chamber,
extracellular recordings were commenced at room
temperature (25–27◦ C). The recording electrodes
made of borosilicate tubings (Sutter Inst. Co. USA)
had a tip diameter of 2–4 µm with a resistance of
3–5 Mohm. Cell-attached patch (CAP) configuration
without membrane rupture was achieved for extracellular, single-unit recording. In a CAP mode, a single
action potential caused a transient capacitive current
over the patch of membrane sucked into the pipette
tip. This was recorded under voltage clamp conditions
with a pipette potential of 0 mV. The recordings were
performed using Axo-patch 200B amplifier (Axon Instruments, USA) in track mode from 173 SCN neurons
for 20–40 minutes, and the ISI data were stored using
pClamp software. The mean number of data points was

Nonlinear Dynamical Analysis

The correlation dimension (D2 ) reflects the number of
independent variables that are essential for describing
the dynamics of the concerned system. D2 values of
ISI sequences were estimated using the GrassbergerProcaccia algorithm (see Appendix). The D2 of a deterministic system is preserved as the embedding dimension increases, whereas that of a stochastic system
increases without any saturation.
The surrogate data test was used to confirm the
presence of the deterministic nature in the ISI sequences of SCN neurons. Surrogate data are a randomized sequence of the original data with all nonlinear
determinism that may be present destroyed but their
amplitude histogram and power spectrum preserved
(Theiler, 1992; Schreiber and Schmitz, 2000). Thus,
a statistically significant difference in the D2 values
between original data and the surrogate data would indicate the presence of nonlinear determinism in the
original data. In our analysis, the D2 estimation was
applied to each raw ISI data set and 19 different sets of
surrogates. Pairwise t-tests of the difference between
the D2 values of the original ISI sequences and the
mean D2 values of their 19 surrogates were applied to
test the null hypothesis of a stochastic behavior.
In addition, the significance S was also introduced to
quantify the significance of the deterministic behavior
(Longtin, 1993; Shen et al., 2003; Theiler et al., 1992;
Rapp et al., 1993; Hoffman et al., 1995). The S was
defined by
S+

|D2s  − D2 |
,
σs

(1)

where D2S  denotes the mean D2 value of the 19 surrogate data, D2 was the correlation dimension of the
original data set, and σs was the standard deviation of
D2 values of the surrogates. If nonlinear determinism
is present, D2 should be significantly less than D2s .
An S-value larger than 1.96 at an optimal embedding
dimension estimated using the false nearest neighbor
method proposed by Kennel et al. (1992), indicates the
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presence of deterministic behavior in the original data
(with a 0.95 level of significance), as suggested by Shen
et al. (2003). All numerics were expressed by mean ±
S.D. All tests of statistical significance were two-tailed.
The algorithm is briefly presented in the Appendix. All
tests of statistical significance were two-tailed.
3.

Results

3.1. Nonlinear Determinism in ISI Sequences
of SCN Neurons
A typical ISI sequence generated by an SCN neuron is
shown in Fig. 1. All observed neurons (n = 173) produced highly irregular ISI sequences, whose distributions were unimodal with a mean of 0.24 ± 0.09 sec.
While the majority of the neurons studied here had a
normally-distributed ISI histogram, about 30% of the
population exhibited a skewed ISI histogram towards
longer ISI values.
D2 values were estimated for all data sets as the embedding dimension (de ) increased from 2 to 15. Among
173 neurons, 16 neurons exhibited saturated D2 values
as the de increased. Figure 2A presents the local slopes
of correlation integrals (the local D2 profile) for the ISI
sequence obtained from a deterministic SCN neuron as
a function of log-scaled r for de = 5, 10, and 15. The
approximate value of the plateau (scaling region) in the
local D2 profile is the D2 value for the data at a particular embedding dimension. The D2 value of this neuron,
estimated by linear regression analysis, was 5.38. This
indicates that spiking activity of this neuron was quite
deterministic with finite degrees of freedom, despite
the high irregularity of the ISI sequence. In contrast,
the D2 values of its surrogate data increased without
saturation as the de increased (Fig. 2B). The D2 differences between the original data and their surrogate data
increased as the de increased, as shown in Fig. 2C. 16

Figure 1.

The ISI sequence of an SCN neuron as a function of time.

Figure 2. The D2 profiles of (A) the ISI sequence recorded from a
typical deterministic SCN neuron and (B) the corresponding surrogate data as the embedding dimension increases. (C) The average D2
values of the original ISI data and their surrogate data as a function
of the embedding dimension.

neurons had long plateau enough to ensure nonlinear
determinism. The mean D2 values of the 16 deterministic neurons were 8.15 ± 1.36. The S-scores of the
D2 values for 16 ISI data sets were estimated at optimal embedding dimensions. Using the false nearest
neighborhood method, the optimal embedding dimensions for these sixteen ISI data sets were estimated as
10–12. The mean S-score was 8.87 ± 1.59, indicating
that the 16 SCN neurons generated deterministic ISI
patterns, although it is relatively high-dimensional (dimension range: 5.5–10.2). Paired t-test also supported
the results from the S-score analysis (0.0001 < P).
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obtained from these 157 SCN neurons are not deterministic.

3.2.

Electrophysiological Heterogeneity of SCN
Neurons

The regularity in spontaneous firing patterns of neurons
is usually quantified by the coefficient of variation (CV)
in spike intervals, which is defined as the standard deviation divided by the mean ISI. From a statistical point
of view, higher CV values of ISI sequences indicate
more irregular firing patterns. CV values of 173 SCN
neurons were found to distribute over a significantly
wide range: 113 neurons had relatively low CV values ranging from 0.1–0.4, indicating regularly spiking
neurons. The other group of 60 neurons showed high
CV values (range: 0.4–0.8), indicative of irregularly
spiking neurons. This result raised the possibility that
a subgroup of relatively irregular neurons is present in
the SCN.
Based on the histogram and regularity analyses of
ISIs, we investigated the possibility of the presence of
subgroups in the populations of SCN neurons. Figure 4
clearly demonstrates that SCN neurons are divided into
two clusters in the parametric space of CV and skewness (SK): one group with skewed ISI histograms towards more long ISIs (2.0 < SK < 10.0) and high CV
values (0.4 < CV < 0.8), which was denoted as ‘cluster I’, and the other group with normally-distributed
ISI histograms (−1.0 < SK < 2.0) and low CV values (0.1 < CV < 0.4), which was labeled ‘cluster II’
(Fig. 4).
Figure 3. The D2 profiles of (A) the ISI sequence recorded from
a stochastic SCN neuron and (B) their surrogate data as the embedding dimension increases. (C) The average D2 values of the original
ISI data and their surrogate data as a function of the embedding
dimension.

The other neurons (157/173) exhibited stochastic ISI
patterns. Figure 3A presents the local D2 profiles for the
ISI data of a typical stochastic neuron at de = 5, 10, and
15. Their D2 values increased without any saturation as
the de increased. The D2 profiles of the corresponding
surrogate data were very similar to those of the original
data (Fig. 3B). D2 values for the original ISI data and
their surrogate data showed no significant differences
as the de increased (Fig. 3C). The mean S-scores of the
D2 for these ISI data sets were 0.25 ± 0.12 at the embedding dimension 12, indicating that ISI sequences

Figure 4. Comparison of firing properties (mean ± standard errors)
of SCN neurons between cluster I (n = 60) and II (n = 113). The
left y-axis indicates the amplitudes of mean ISI (sec) and CV values,
and the right y-axis the amplitudes of SK and the mean D2 values.
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Table 1. Spike train properties (mean ± standard deviations)
per cluster of SCN neurons (n = 173).
Parameters
Number of cells
Mean ISI (sec)
Skewness
CV
Mean D2
Probability of
deterministic
neurons

Cluster I

Cluster II

t-value

60
0.33 ± 0.14
2.64 ± 1.76
0.55 ± 0.12

113
0.21 ± 0.06
0.67 ± 0.86
0.26 ± 0.08

–
6.14*
7.18*
13.92*

12.11 ± 3.54
14/60

14.56 ± 1.56
2/113

−4.59*
–

Student t-test; CV: coefficient of variation
∗ P < 0.001

In addition, we quantitatively examined the presence
of two subgroups using hierarchical clustering analysis. The parameters, CV and SK, were standardized and
subjected to the hierarchical tree clustering. Individual
neurons were represented as terminal branch point
along the bottom of dendrogram and labeled. When
the linkage distance gradually increases, successive
branch points represent clusters of increasing size and
dissimilarity. The main binary branching was found at
a proper linkage distance. The more detailed algorithm
of the hierarchical clustering analysis is present in the
Appendix.
The significant differences in CV and SK values between two clusters were confirmed, as shown in Table 1 (P < 0.001; Student t-test). In a post hoc analysis, cluster I was found to have a longer mean ISI
and a smaller mean D2 value than those of cluster II
(Fig. 5). More surprisingly, the majority of deterministic SCN neurons (14/16) belonged to cluster I, while the

Figure 5. Plot of CV of interspike intervals versus SK for 173 SCN
neurons. Two clusters can be discerned having small CV and SK
values, and large CV and SK values, respectively. The values on the
axes are not standardized.

Table 2. Detailed description of the changes in electrophysiological properties (mean ± standard deviations) of SCN neurons by the bicuculline application (n = 56).
Parameters

Normal
condition

Bicuculline
condition

t-test

Mean ISI (sec)

0.22 ± 0.06

0.17 ± 0.05

−0.85∗

SK

1.53 ± 2.58

2.41 ± 6.43

−0.81NS

CV

0.39 ± 0.25

0.48 ± 0.50

−0.86NS

14.15 ± 1.19

12.93 ± 2.69

2.28∗

Mean D2

Paired t-test.
CV: Coefficient of variation; SK: skewness; NS: not significant; ∗ P < 0.05.

other larger group (cluster II) of regularly spiking SCN
neurons having small SK and CV values are mostly
stochastic. These findings indicate that SCN neurons
are heterogeneous in properties of firing patterns.

3.3.

The Bicuculline Effect on Nonlinear
Determinism in SCN Neurons

Since the GABA is the major neurotransmitter of the
SCN, bicuculline was applied to examine the role
of GABAA receptor-mediated synaptic couplings in
the nonlinear deterministic behavior of some SCN
neurons. Bath application of bicuculline (30 µM for
20 min) was performed for 56 SCN neurons selected
from 173 neurons after a baseline recording (15–20
min) in a normal condition.
The statistical measures and D2 values of 56 ISI sequences were evaluated before and after the bicuculline
application, and summarized in Table 2. The mean ISI
was significantly decreased after the bicuculline application, whereas the CV and SK were not (Table 2). The
reduction in the mean ISI indicates that spontaneous
GABAA receptor-mediated inputs do inhibit the SCN
neurons. In normal conditions, 54 neurons out of 56
SCN neurons exhibited stochastic activity and only 2
neurons showed deterministic activity. The most significant finding was that 8 stochastic SCN neurons (8/54)
in normal conditions turned to have nonlinear determinism (mean D2 :7.92 ± 0.73 at de = 12) after the
bicuculline application, while the remaining stochastic
SCN neurons (46/54) showed a significant decrease in
D2 values (Fig. 6). Since the D2 reflects the number of
degrees of freedom, this result indicates that the spiking patterns of SCN neurons exhibit a reduction in the
dimension of the spiking dynamics. It is noted that, for
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Figure 6. (A) The ISI sequence of an SCN neuron as a function
of time in a normal condition, during the bicuculline application
(30 µM for 20 min), and in a recovery condition. (B) Changes in firing
properties (mean ± standard errors) of SCN neurons (n = 56) by
the bicuculline application. The left y-axis indicates the amplitudes
of mean ISI (sec) and CV values, and the right y-axis the amplitudes
of SK and the mean D2 values.

the 8 SCN neurons, their ISI histograms became to be
more skewed towards to long ISIs, and their CV values
were increased. Furthermore, two deterministic neurons (2/56) in normal conditions still had the deterministic structure after the bicuculline application. Taken
together, these results suggest that the deterministic
nature of SCN neurons does not arise from GABAA
receptor-mediated synaptic couplings, but from intrinsic properties of the neurons.
4.

Discussion

The mechanisms underlying variability and complexity in spiking patterns of neurons are an important issue
in neurophysiology and computational neuroscience
(Softky and Koch, 1993; Troyer and Miller, 1997;
Shadlen and Newsome, 1998). A number of studies
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have demonstrated that ISI sequences are very variable,
but not quite random (for reviews, Rapp et al., 1994;
Faure and Korn, 2001; Segundo, 2003). A deterministic
(or predictable) temporal structure of ISI sequences has
been repeatedly reported in various neuronal preparations (Mpitsos et al., 1988; Hayashi and Ishizuka, 1992;
Chang et al., 1994; Hoffman et al., 1995, 2001; Debus
and Sandkuhler, 1996; De Menendez et al., 1997; Di
Mascio et al., 1999a, 1999b; Wan et al., 2000; Jeong
et al., 2000; Suzuki et al., 2000; Lovejoy et al., 2001).
The present study demonstrates that some SCN neurons also generate deterministic ISI sequences. In other
words, interspike intervals and overall patterns of neuronal spike trains in some SCN neurons are generated
and/or exquisitely regulated by deterministic rules, regardless of their highly irregular and complex behavior.
What is the origin of nonlinear determinism found
in ISI sequences of SCN neurons? Our finding that
the deterministic behavior of SCN neurons is persistent during the synaptic blockade by bicuculline indicates that the deterministic nature does not arise
from GABAA receptor-mediated synaptic couplings.
Rather, the emergence of the determinism in stochastic
SCN neurons during the bicuculline application suggests that nonlinear determinism arises from intrinsic
properties of SCN neurons themselves. Here, synaptic inputs may act as a stochastic noise source in the
spiking activity of SCN neurons, based on the finding of the overall decrease in D2 values during the
GABA synaptic blockade. This result is not in accordance with the hypothesis that the deterministic nature of neuronal spike trains emerges from neuronal
interactions (Rapp et al., 1985; Chapeau-Blondeau and
Chauvet, 1992; Lewis and Glass, 1992; Sauer, 1994).
However, it is consistent with previous SCN studies
reporting that individual SCN neurons are an independent, autonomous circadian oscillator by itself (Welsh
et al., 1995; Liu et al., 1997). It is noted that Lovejoy
et al. (2001) draw a similar conclusion on nigral
dopamine neurons that the irregular pattern of firing
arises not from extrinsic inputs or neuronal interactions,
but rather from the intrinsic, deterministic dynamics of
neurons.
The association between nonlinear determinism observed in ISI sequences of SCN neurons and circadian
rhythms is not known. However, deterministic rules underlying ISI sequences are possibly significant for SCN
neurons in imposing circadian rhythms on their spiking
patterns on a longer time scale. We speculate that SCN
neurons employ some deterministic rules to regulate
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interspike intervals to impose circadian rhythmicity on
their overall firing patterns.
However, at this point, we should note that the majority of SCN neurons exhibit stochastic behaviors in their
ISI sequences, and that only about 10% of the SCN neurons show the deterministic characteristics. How can
these stochastic SCN neurons impose circadian rhythmicity on their mean firing rates? A possible explanation is that stochastic SCN neurons are non-rhythmic
cells, but can be driven to be rhythmic by clock cells,
which are likely deterministic neurons, through synaptic interactions. It is well known that the SCN consists of rhythmic clock cells and non-rhythmic cells
(Lee et al., 2003). Another possibility is that stochastic SCN neurons have long-term correlations among
ISIs, which can produce modulations of mean firing
rates. Although they produce spiking patterns through a
stochastic process, correlations within ISIs over various
time scales, so called 1/ f power-law (fractal) activity,
can modulate the mean firing rates to impose circadian
rhythmicity.
Another interesting finding is that SCN neurons are
heterogeneous in properties of regularity and nonlinear determinism. Two subgroups are identified: a small
group (cluster I) of irregularly spiking SCN neurons
having relatively large SK and CV values and the other
larger group (cluster II) of regularly spiking SCN neurons having small SK and CV values. Most deterministic neurons belong to cluster I, i.e. the irregularly spiking neuron group. This result is quite consistent with
the earlier findings of Pennartz et al. (1998). They have
examined, using a current-clamp recording technique,
electrophysiological and morphological properties of
SCN neurons in hypothalamic slices to find that SCN
neurons can be partitioned into three clusters, viz. cluster I being characterized by monophasic spike afterhyperpolarizations (AHPs) and irregular firing of high
CV values, cluster II with biphasic spike AHPs and
relatively regular firing with low CV values, and cluster III with large rebound depolarizations and biphasic
spike AHPs. Based on the values of CV and mean ISIs,
the cluster I and II defined in our study seem to correspond to the cluster I and II denoted by Pennartz group,
respectively.
Anatomical and functional heterogeneity within the
SCN have been empirically observed. It was initially
reported that SCN-lesioned animals continue to be
rhythmic so long as at least 20% of SCN neurons
remain intact and damage to pathways rostral to the
SCN is more critical for rhythmicity than damage

to caudal pathways (Rusak, 1977; Harrington et al.,
1993). The SCN is structurally heterogeneous and subdivided into two parts, the ventrolateral and dorsomedial areas (Moore, 1996; Moga and Moore, 1997).
The ventrolateral area contains vasoactive intestinal
polypeptide (VIP), substance P, and gastrin-releasing
peptide, while the dorsomedial area contains arginine
vasopressin (AVP) (Moore, 1996; van Esseveldt et al.,
2000). More interestingly, Pennartz et al. (1998) using immunohistochemical staining for AVP found that
AVP-positive neurons exhibit more prominent circadian rhythms in spontaneous firing rate than those of
AVP-negative neurons and most AVP-positive neurons
belong to cluster I. Furthermore, Schaap et al. (1999,
2003) demonstrated that irregularly firing neurons in
cluster I have circadian rhythms, whereas cluster II neurons do not participate in the expression of circadian
rhythmicity. These findings might be associated with
our result that cluster I neurons are mainly deterministic, whereas cluster II neurons are stochastic. If this is
the case, we can speculate that the deterministic SCN
neurons in cluster I act as rhythmic clock cells while the
most stochastic neurons in cluster II are non-clock cells
and that the nonlinear determinism observed in cluster I
neurons in the present study is associated with cellular
mechanisms for the generation of circadian rhythms.
Recently, it was found that AHP in cluster I neurons
regulates the firing rate in a circadian manner and that
apamin- and iberiotoxin-insensitive K (Ca) channels,
which are involved in the AHP mechanism, are subject
to diurnal modulation by the circadian clock (Cloues
and Sather, 2003). This modulation might either directly or indirectly lead to the expression of a circadian
rhythm in spiking frequency. Thus, there is a possibility
that the nonlinear determinism in cluster I neurons is
related to the AHP mechanism, which should be further
investigated.
The heterogeneity of nonlinear determinism in SCN
neurons suggests that the SCN is composed of distinct neuronal subgroups each of which makes a unique
functional contribution to the circadian timing. Thus,
the structural and functional heterogeneity of the SCN
should be considered particularly for a computational
modeling study of the SCN (Moore and Silver, 1998;
Hamada et al., 2001). Recently, Antle et al. (2003) proposed an SCN model that incorporates nonrhythmic
‘gate’ cells and rhythmic oscillator cells with a wide
range of periods. The gate cells provide daily input to
oscillator cells and are in turn regulated directly or indirectly by the oscillator cells. In their model, individual
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oscillators with initial random phases are able to selfassemble so as to maintain coordinated, rhythmic
output.
Finally, we should mention as a limitation of the current study that the length of ISI sequences used in this
study is relatively short for producing reliable results in
correlation-dimension estimation, because spiking dynamics of SCN neurons might be high-dimensional.
Nonlinear dynamical methods require large number
of data points to reconstruct the whole dynamics underlying neural activity in a high-dimensional phase
space from ISI sequences (Jeong et al., 2002). With
short time series, the phase space is so sparsely populated that neighborhoods of trajectories in the embedding space are poorly defined (Kantz and Schreiber,
1995). Furthermore, the application of these methods
can lead to spurious results, if the time series under
study is non-stationary. However, acquiring this large
number of data points from a stationary time series
is almost impossible when working with physiological systems. There might be a tradeoff between the
necessary number of data points for nonlinear dynamical methods and stationarity in the time series. In this
study, we experienced that ISI neuronal sequences over
6,000 data points having about 6–8 degrees of freedom
might produce consistent results in the determinism
test, in particular using both correlation dimension and
surrogate data methods, and that they might maintain
the statistical stationarity based on mean and variance
estimation.
Another limitation is that the temperature in the
recording chamber is 25–27◦ C which is different from
that in vivo. Since temperature may affect the spiking
dynamics of the SCN neurons, analysis of the ISI sequences in SCN neurons recorded at high temperature
similar to in-vivo situation is further required to ensure
the results on spiking dynamics of the SCN neurons in
this study.
In conclusion, a small but significant number of SCN
neurons are found to be deterministic in their firing
temporal patterns, whereas most SCN neurons show
stochastic properties. In addition, most deterministic
neurons belong to a group of irregularly firing neurons. For further investigation, the biochemical, electrophysiological, and morphological properties of SCN
neurons—in particular for deterministic neurons—will
be examined to improve our understanding of the functional role of distinct groups of SCN neurons and
to develop a more reliable computer model for the
SCN.
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Appendix
Nonlinear Dynamical Analysis and D2 Estimation
Nonlinear analyses are usually performed in the phasespace. In the n-dimensional phase space, each state of
the system corresponds to a single point in the phase
space whose n coordinates are the values assumed by
the governing variables for this specific state. If the
system is observed through time, the sequence of points
in the phase space forms a dynamical trajectory. This
trajectory fills a subspace of the phase space, which is
called the system’s attractor.
However, in most biological systems, we are unable to obtain the actual underlying equations that
generate complex behaviors, but only to observe temporal sequences of events {x(t)}. Thus, the attractor is reconstructed in the phase space from the observed sequences {x(t)} by plotting delay coordinates
in what is referred to as an embedding procedure
(Eckmann and Ruelle, 1985). The delay coordinates
y(t) = [x(t), x(t + T ), . . . , x(t + (d − 1)T )] are constructed from an observed single time series x(t), where
T is the time delay and d is the embedding dimension,
to unfold the projection back to a multivariate phase
space that is a representation of the original system. An
attractor reconstructed in an embedding procedure by
using delay coordinates from a single time series x(t) is
topologically equivalent to the original dynamical system (Takens, 1981). Recently a number of studies have
shown that nonlinear dynamical analysis is applicable
to ISI sequences recorded from neurons or neuronal
populations (Longtin, 1993; Chang et al., 1994; Rapp
et al., 1994; Sauer, 1994; Schiff et al., 1994; Hegger
and Kantz, 1997).
For the time delay T , the first local minimum of the
average mutual information between the set of measurement x(t) and x(t + T ) are often used. Mutual
information measures linear and nonlinear dependence
of two variables (Fraser and Swinney, 1986). However,
for most ISI data sets, the average mutual information
at one event interval is the first local minimum. Thus,
T is set at one for ISI data sets.
Using the Grassberger-Procaccia algorithm (GPA),
we evaluated the D2 of the attractors from the delay coordinates obtained by ISI sequences of SCN neurons
(Grassberger and Procaccia, 1983). In this algorithm,
the D2 calculation is based on determining the relative number of pairs of points in the phase-space data
set that are separated by a distance less than r . It is
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computed from
log C(r, N )
,
r →0 N →∞
log r

D2 = lim lim

(2)

where the correlation integral C(N , r) is defined by
C(r, N ) =

2
(N − W )(N − 1 − W )
N
N


×
θ (r − |xi − x j |), (3)

true neighbors and those that are false (Kennel et al.,
1992). A false neighbor is a point in the data set that is
a neighbor only because we are viewing the orbit (the
attractor) in too small an embedding space (d < dmin ).
When we have achieved a large enough embedding
space (d ≥ dmin ), all neighbors of every point in the
orbit of the multi-variate phase space will be true neighbors. The detailed algorithm is in the paper of Kennel
et al. (1992) or Jeong et al. (1998).

i=1 j=i+1+W

where xi and x j are the points of the trajectory in the
phase space, N is the number of data points in the phase
space, the distance r is a radius around each reference
point xi , and θ is the Heaviside function, defined as 0 if
x < 0, and 1 if x ≥ 0. W denotes the Theiler correction
(Theiler, 1986), which was used to correct for temporal
correlations. A short plateau can be detected in the D2
curve of ISI sequences for an appropriate combination
of small values of delay time and Theiler correction W .
For small r, a scaling property is exhibited:
C(N , r ) ∝ r D2 . For a self-similar (fractal) attractor
the local scaling exponent is constant, and this is called
a scaling region. If this plateau is present over a significant long range, the scaling exponent can be used
as an estimate of the D2 . C(N , r ) is plotted against r
on a log-log scale, and the D2 is given by the slope of
this curve over a selected range of r. In this study, the
slope of the correlation integral curve in the scaling region was estimated by a linear regression method. We
used a modification, proposed by Kantz and Schreiber
(1997), of the GPA to removes pairs of points that are
temporally close from consideration.
False Nearest Neighbor Method
The false nearest neighbor method utilizes geometric
principles to determine the minimum embedding dimension. Takens (1981) have demonstrated that an embedding dimension of 2D + 1 is generally sufficient to
guarantee the proper reconstruction of the phase space
dynamics, where D is the dimension of the attractor.
Proper reconstruction means that the phase space trajectories are unfolded, and that orbits do not cross. In
other words, the projection of system trajectories that
is too low in dimension results in neighbor points that
would not be neighbors in the case of proper reconstruction. The algorithm for estimating the minimum
embedding dimension is based on the idea that, in the
passage from dimension d to dimension d + 1, one
can differentiate between points on the orbit that are

Clustering Analysis
Grouping of neurons was performed by using hierarchical cluster analysis (SPSS version 10.0). Although
this method does not allow rigorous conclusions about
groupings of neurons, it provides an objective classification tool for SCN neurons based on their electrophysiological properties. Hierarchical clustering operates on a matrix that contains a measure for the dissimilarity between values of parameters for all pairs of
neurons within the overall population. Dissimilarities
are expressed as Euclidean distances in a space whose
dimensions are the same as the number of parameters
taken into account. These distances are computed on
the basis of standardized values to remove the effect
of scaling differences between parameters according
to the following transformation: standardized value =
(raw value − mean)/standard deviation. The clustering
algorithm groups individual neurons into hierarchically
nested clusters with increasing linkage distance. The
linkage distance provides a criterion for progressively
joining together neurons with increasing dissimilarity.
When linkage distance is short, similar neurons are
joined into a low-level cluster. High linkage distances
yield large clusters of more dissimilar neurons, often
spanning multiple lower branches of the dendrogram.
In our analysis, the CV and SK were used as possible criteria to distinguish groups of neurons. The linkage rule used for joining small into larger clusters was
weighted pair-group averaging (i.e. the criterion for
cluster linking was derived from the average distance
between all pairs of objects in two different clusters, using the size of each cluster as a weight factor) because
of the large differences in size of the clusters.
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