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The suprachiasmatic nucleus in the hypothalamus is the master circadian clock in mammals, coordinating physio-
logical processes with the 24-hour day—night cycle. Comprising various cell types, the suprachiasmatic nucleus (SCN)
integrates environmental signals to maintain complex and robust circadian rhythms. Understanding the complexity and
synchrony within SCN neurons is essential for effective circadian clock function. Synchrony involves coordinated neu-
ronal firing for robust rhythms, while complexity reflects diverse activity patterns and interactions, indicating adaptability.
Interestingly, the SCN retains circadian rhythms in vitro, demonstrating intrinsic rhythmicity. This study introduces the
multiscale structural complexity method to analyze changes in SCN neuronal activity and complexity at macro and micro
levels, based on Bagrov et al.’s approach. By examining structural complexity and local complexities across scales, we aim
to understand how tetrodotoxin, a neurotoxin that inhibits action potentials, affects SCN neurons. Our method captures crit-
ical scales in neuronal interactions that traditional methods may overlook. Validation with the Goodwin model confirms the
reliability of our observations. By integrating experimental data with theoretical models, this study provides new insights
into the effects of tetrodotoxin (TTX) on neuronal complexities, contributing to the understanding of circadian rhythms.
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1. Introduction

The suprachiasmatic nucleus (SCN), located in the hy-
pothalamus, is recognized as the master circadian clock in
mammals, orchestrating various physiological processes to
align with the 24-hour day-night cycle.!!* Although the SCN
is a small structure, it is composed of multiple cell types that
contribute to its complex structure and function.>~”] For ex-
ample, its roles as both an oscillator and pacemaker are re-
alized through dynamic processes that span various spatial
scales, ranging from genetic and neuronal interactions to the
SCN network and inter-network interactions.!®! In fact, even
electrical activity data from a single neuron can reveal both
circadian and second-scale rhythmic components, underscor-
ing the complexity of the system, from individual neurons to
the organization of the SCN as a whole. Each cell type within
the SCN performs distinct roles, contributing to the overall
complexity and robustness of the circadian rhythms it gener-
ates. This intricate structure allows the SCN to integrate di-
verse environmental signals and modulate physiological pro-
cesses accordingly.

Understanding the complexity and synchrony within SCN
neurons is crucial, as these properties are fundamental to the
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effective functioning of the circadian clock.!*!"l Synchrony
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refers to the coordinated firing of neurons, which is essen-
tial for robust rhythmic output.!'"?) Complexity, meanwhile,
reflects the richness of neuronal activity patterns and interac-
tions, indicating the system’s capacity to adapt and respond
to various signals. This complexity is a vital characteristic
of neuronal activity, showcasing the dynamic behavior and
adaptability of the system. Interestingly, even when the SCN
is isolated from the brain, it continues to exhibit robust cir-
cadian rhythms in vitro for several days, underscoring its in-
trinsic rhythmicity and the inherent complexity of its neuronal
network. [13:14]

Tetrodotoxin (TTX) is a powerful neurotoxin that blocks
sodium channels, effectively inhibiting action potentials in
neurons and reducing their coupling strength.!'315] Abel et
al. applied TTX to slices of mouse explants and obtained
bioluminescent reporter data from individual neurons, cate-
gorizing these data into three stages: pre-TTX, during-TTX,
and post-TTX.!'%] These data provide a unique opportunity to
study how disruptions in electrical activity affect neuronal syn-
chrony and complexity. For instance, Abel et al. applied maxi-
mal information coefficient statistics to the data from different
stages, inferring that the functional connectivity network in the
SCN exhibits small-world characteristics. Additionally, Gu et

© 2025 Chinese Physical Society and IOP Publishing Ltd. All rights, including for text and data mining, Al training, and similar technologies, are reserved.
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al. measured the synchronization degree and the disassortativ-
ity coefficient of the network structure, finding that the SCN
network is a disassortative network. 7]

These studies offer valuable insights into the effects of
TTX on the network structure and synchrony of SCN neurons.
However, they typically examine data characteristics at a sin-
gle scale, overlooking variations across different scales. Re-
search has demonstrated that biological neural networks oper-
ate at multiple levels of granularity, from individual neurons to
local neural circuits and extending to extensive networks com-
prising thousands of cells.!"® The SCN network is no excep-
tion to this principle, as it is a complex structure that operates
across multiple temporal and spatial scales. For example, the
circadian signals generated by feedback loops of clock gene
transcription and translation occur on the scale of a day, while
neuronal firing generates signals on the scale of seconds. Such
a single scale analysis fails to capture the full dynamic behav-
ior of SCN neuron complexity and synchrony. To gain a com-
prehensive understanding of the mechanisms underlying SCN
neuron functionality, it is crucial to consider their behavior
across multiple scales, thereby fully capturing their complex
functions and interaction patterns. Additionally, many papers
only mention or, at most, qualitatively study the complexity of
SCN neurons and networks.[1%-221 To our knowledge, no one
has quantitatively measured this complexity thus far.

In this study, we introduce the multiscale structural com-
plexity (namely, MSC) method to examine changes in neu-
ronal activity and complexity at both macro and micro levels
(i.e., different degrees of coarse-graining)./?*! This method is
developed based on the approach proposed by Bagrov et al.,
designed to describe the complexity of image data across mul-
tiple spatial scales.!?*?3] The resulting structural complexity,
as a new measure of complexity, not only considers the differ-
ent hierarchical organization of SCN system but also focuses
on the interaction between local and global features. Hence,
unlike traditional complexity measures (such as entropy, frac-
tal dimension, synchrony, etc.), structural complexity can re-
veal the hidden hierarchical and evolutionary characteristics
within SCN system through cross-scale analysis, making it a
more promising tool for the study of complex systems. By
analyzing structural complexity and local complexity at vari-
ous scales, we aim to comprehensively understand how TTX
affects SCN neurons. This method enables us to capture crit-
ical scales of changes in neuronal interactions that traditional
methods may overlook. To validate our experimental findings,
we employed the Goodwin model to simulate neuronal activ-
ity under different coupling strengths, corresponding to var-
ious stages of TTX treatment. The consistency between the
simulated data and the experimental results underscores the
reliability of our observations and highlights the effectiveness
of the Goodwin model in capturing the impact of TTX on neu-
ronal complexity.

By integrating experimental data with theoretical models,
this study not only corroborates previous research but also un-
covers new insights into the effects of TTX on neuronal struc-
tural and local complexities. These findings offer valuable
contributions to the field of neuroscience, providing a solid
foundation for future research aimed at unraveling the intri-
cate mechanisms governing circadian rhythms. This paper is
organized as follows. In Section 2, we present (i) the empiri-
cal and model data used in this study, and (ii) the description
of the MSC method. Section 3 shows the results, including
(i) findings derived from the empirical data and (ii) results ob-
tained from the model data. Finally, Section 4 summarizes and
discusses the research findings.

2. Data and methods
2.1. Data
2.1.1. Experimental data

The dataset used in this study can be freely downloaded
from https://github.com/JohnAbel/scn-resynchronization-
data-2016. SCN neuronal tissues were extracted from the
brains of five mice and cultured in five separate ex vivo slices.
The number of neuronal cells in slices SCN1 through SCN5
were 383, 264, 304, 281, and 228, respectively.

PERIOD2::Luciferase (PER2::LUC) bioluminescence
was used to stain the SCN neurons. Gene expression levels
were monitored by recording bioluminescence intensity every
hour throughout the experiment. A few days after extraction,
TTX was added to the neuronal tissues. TTX inhibits neuro-
transmitter secretion, reducing coupling strength between neu-
rons while preserving physical connections. After six days of
TTX treatment, TTX was washed out, allowing neurotrans-
mitter secretion to gradually return to normal levels, thereby
restoring neuronal coupling. The number of data points col-
lected for each neuron in each slice (i.e., the length of the bio-
luminescence recordings) were: 426 for SCN1, 493 for SCN2,
468 for SCN3, 518 for SCN4, and 447 for SCNS5. The bio-
luminescence recordings were divided into three stages: pre-
TTX (before TTX application), during-TTX (during TTX ap-
plication) and post-TTX (after TTX removal). The time points
for TTX application and removal for slices SCN1 through
SCN5 were as follows: TTX_time = [90,109,82,107,113]
and Wash_time = [234,252,224,240,242], respectively. For
more details of the experiment, please see Ref. [16].

2.1.2. Model data

The Goodwin model is based on the negative feedback
loop self-oscillation mechanism and is often used to quali-
tatively describe the model of the circadian rhythm. In this
model, the mRNA of the circadian clock gene produces a cor-
responding circadian clock protein, which promotes the tran-
scription of the inhibitor, and the inhibitor is in turn inhibi-
tion of transcription of the clock gene, thus forming a negative

048701-2


https://github.com/JohnAbel/scn-resynchronization-data-2016
https://github.com/JohnAbel/scn-resynchronization-data-2016

Chin. Phys. B 34, 048701 (2025)

feedback loop. 2632 The topology of the SCN is still unclear.
Simply, this paper considers it as a globally coupled network.
The coupling between neurons is through neurotransmitters
(mainly VIP, AVP, and GABA), and the Goodwin model af-
ter coupling is as follows:

Xi=nila k" o Xi +a76Fi

I zr T Poax ) T %kt GR

Yi=n;| kX —a
77(3 4k4+Y)
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n(S 6k6+Z) l 3499, )
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)

where N represents the number of neurons in the SCN, and
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- NZi:l‘/h

the subscript i represents the i-th neuron. It can be seen that
in this model a neuron oscillator consists of four variables X,
Y,Z, and V, where X, Y, Z are three components of the above
negative feedback loop, representing the mRNA of the circa-
dian clock gene, the corresponding circadian clock protein and
the inhibitor, respectively. The variable V represents a neuro-
transmitter capable of completing coupling between neurons,
and the average field F is the concentration of neurotransmit-
ters. In addition, n is the Hill coefficient and G is the coupling
strength. 1); obeys a normal distribution with a mean of 1, and
this parameter enables the natural period of each neuron to fol-
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v

X, ={x1, 2, 23, ..., Tp_r,} and

where L =8
XQ(t) ' o .. ol ® o o .:
e| @ oo |® |0 o ©
°o|%|eog el ° 2e
leol0|®lele ®

ol © o o9 @ o .. ®

H b 0| o

o ® K .. ®l e

8ol ®°gl®  ele| e

X1(t)

Xo= {147, Toyr, T3yr, -

low a normal distribution between 224 and 284.1331 The oy, ki,
(078 kz, k3, Oy, k4, k5, O, k6, k7, og, kg, O, and kc are param-
eters, and the values of each parameter are set as in Ref. [27]:
o1 =0.70M/h, ki =1 oM, n=4, ap = 0.35 nM/h, k, = 1 nM,
k3 =0.7/h, au = 0.35 nM/h, ks = 1 nM, ks = 0.7/h, o =
0.35 nM/h, kg = 1 nM, k7 = 0.35/h, ag = 1 nM/h, kg = 1 nM,
o, = 0.4 nM/h, and k. = 1 nM.

The numerical simulation method used in this paper is
a fourth-order Runge—Kutta method with a step size of 0.01.
The initial value of each variable is a random number between
0 and 1. In order to eliminate the impact of the transient, we
will discard the first 1 million steps (i.e., 10000/) and retain
the next 1.5x10° steps (i.e., 1500h) for subsequent calcula-
tions. And the number of neurons in the simulation takes
N =300.

2.2. Method

The multi-scale structural complexity method (i.e., MSC)
is a technique developed based on the approach of measuring
image complexity, designed to characterize system complexity
using only a scalar time series. This method first converts the
scalar time series into a matrix, then analyzes the matrix at dif-
ferent scales to calculate the local complexity and total com-
plexity (also known as structural complexity) of the system.
By following these steps, a more comprehensive understand-
ing of the system’s multi-scale characteristics can be achieved.
The specific steps of this method are as follows.

Tp—1; Tn

) wn}

For example, where T(1,8) is equal to

the average of all points in the red

g
T

rid in the coordinate axis.

I —
Ty(1,1) T(1,2) Ty(1,3) Ty(1,4) Ty(1,5)| To(1,6) Ty(1,7)|To(1,8)
To(2,1)| T(2,2)| T5(2,3) To(2:4) To(2,5)| Ty(2,6)| Tp(2,7)| To(2.8)
T,(3,1) To(3,2)|Ty(3,3)| T (3,4) To(3,5)| To(3,6)| Ty (3,7)| Ty (3,8)
Ty(4,1) Ty(4,2)|Ty(4,3)| Ty (4,4) Ty (4,5)| Ty (4,6)| T (4,7)| T, (4,8),
T(5,1) T4(5,2)| Ty(5,3)| Ty (5,4) Ty (5,5) | Ty (5,6)| To(5,7) T(5,8),
T,(6,1) Ty(6,2)|T1(6,3)|T,(6,4)| Ty (6,5)|T5(6,6)| Ty(6,7) T,(6,8)
To(7, 1) To(7,2)| T(7,3) To(7,4) Ty(7,5) Ty(7,6)| Ty(7,7)| T(7.8)
Ty(8,1) Ty(8,2) Ty(8,3) Ty (8,4) Ty(8,6)| Ty(8,6)| T,(8,6)| T;,(8,6))

Matrix Ty’s elements are equal to the average of
those of the corresponding grid in the coordinate axis.

Fig. 1. The process of transforming a scalar time series into a matrix.

Step 1 Converting a scalar time series X into a matrix

Tp. First, consider a time series X = X(1),X(2),...,X(S)

with a delay time 7. We generate the truncated time se-

=X(1),X(2),...
7),X2+71),...,

series. Unless specified otherwise, 7 is set to 1. Next, X; and

,X(S — 1) and the delayed time series
X (S), where S is the length of the

ries X

X, =X(1+
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X, values are mapped onto the horizontal and vertical axes of
a coordinate system, respectively, with the axes spanning the
minimum to maximum values of the time series. Each axis is
divided into L equal segments, creating a grid of L? squares.
The mean value of all points within the (i, j)g square is then
calculated and assigned to element Ty (i, j) of matrix Tp. Refer
to Fig. 1 for an illustration.

Step 2 Calculating MSC for matrix Tp. Initially, the ma-
trix for each scale is calculated. Matrix T is tiled by modules
of size & x &, with & set to 2 in this study. Matrix T} is gen-
erated by averaging the elements within each module of Ty,
resulting in 77 having dimensions L X L but containing at most
(L/&)? distinct values. This process is repeated by covering

T} with £2 x £2 modules to produce matrix 75, and so on, gen-
., T, where £" x £" = L x L. Each
matrix i is always L x L in size and represents scale k using

erating matrices T3, Ty, ..

at most (L/(E¥))? distinct values. The recursive formula for
matrix 7, representing scale k (1 < k <logg L), is as follows:

Ti(i,j) = ﬁ Y Y i

m=1[=1

([ en L] #0). o

tE)

where k represents the scale number and the operator “|- |
denotes rounding down. Figure 2 illustrates this process.

(a) 1 3 3 4 15 05 2 3 | For example, where Ty(4,j) = = 2 4 4 1 1 2 2
To 25 1.5 3 6 1 1 1 2 1<z, j<2 T 2 2 4 4 1 1 2 2
3 4 4 1 1.5 1 3 2.5 4 4 3 3 2 2 3 3
5 4 2 5 3 25 1| 35 3 4 4 3 3 2 2 3 3
L5 05 3 2.5 2 3 2 3 The values in each box of matrix T are equal, 1 1 3 3 3 3 2 2
1 1 3.5 3 4 3 1 2 which are equal to the average value in the box L 1 3 3 3 3 2 2
3 4 1 3 15105 4 5 of the corresponding color in matrix 75 . 3 3 2 2 1 1 4 4
3 6 25 15 1 1 3 4 3 3 2 2 1 1 4 4
(b) o1 Tiig)
2 2 4 4 1 1 2 2 | For example, where Ty(i,j) = Z4=t1tD [325 3.!5 325 325[ 2 2 2 2
2 2 4 4 1 1 2 2 1<u, j<4 T 325 325 325 325| 2 2 2 2
T 4 4 3 3 2 2 3 3 21325 325 325 325) 2 2 2 2
4 4 3 3 2 2 3 3 325 325 325 325 2 2 2 2
} i ; ; g g g 5 The values in each box of matrix T are equal, ;ig gg: gig g;g gz gz ;2 22
3 3 5 2 I I 4 4 which are equal to the average value in the box 2'25 2'25 2'25 2'25 2‘5 2'5 2'5 2‘5
of the corresponding color in matrix T7- E . E - . - . .
3 3 2 2 1 1 4 4 225 225 225 22525 25 25 25
(C) 325 325 325 325 2 2 2 2 For example, where T5(i,5) :W 25 25 25 25 25 25 25 25
325 325 325 325 2 2 2 2 1<z, j<8 25 25 25 25 25 25 25 25
T 325 325 325 325 2 2 2 2 T 25 25 25 25 25 25 25 25
325 325 325 325 2 2 2 2 25 25 25 25 25 25 25 25
225 225 225 225 25 25 25 25 The values in cach box of matrix T are equal 25 25 25 25 25 25 25 25
. . . . . . . . i ’ ’ 25 25 25 25 25 25 25 25
giz giz ggz ;iz 32 ;z iz gz which are equal t(.) the average Vﬁll.le in the box 25 25 25 25 25 25 25 25
225 225 225 225 25 25 25 25 of the corresponding color in matrix T;. 25 25 25 25 25 25 25 25

Fig. 2. An illustration of Step 2 for n =3 and L = 8. Each L x L matrix T}, representing time scale number i, is obtained by tiling the matrix
T; with L/E¥ modules of size £F x £ (each represented by a colored box), and averaging values within each module. (a) Obtaining matrix T}
from matrix Tp using modules of size & x £. (b) Obtaining matrix 7> from matrix 7; with modules of size 52 X ",‘2. (c) Obtaining matrix 73

from matrix 75 using modules of size &3 x £3.

Next, the local complexity for each scale is calculated by
assessing how the structure changes with scale. The local com-
plexity Cy, at scale k is calculated as the difference between ma-
trices T;_1 and Ty, which represent the system at scales k — 1
and k, respectively. Specifically, the local complexity Cj at
scale k is given by

Co=1Y. Y Ouli,j)|, 3)

where
1
O = ) (T = Tie1) - (T — Ti—1)

1
=Tk'Tk71—§(Tk'77c—77c71'Tk71)- “4)

[T3RL)

In these equations, the multiplication “-” is element-wise,
not matrix multiplication. Finally, the total complexity (that

is, structural complexity) is calculated as the sum of the local

complexities across all scales:

logg L

C= Z Cy. 5)
k=1

To clarify, the term “structure” in “structural complexity”
refers to the organization and arrangement of a system or sig-
nal across different scales, with a particular emphasis on how
these elements interact at multiple levels to form an overall
complex pattern. It reflects that complexity is not solely de-
termined by local randomness or irregularity, but rather driven
by the system’s hierarchy, organizational structure, and the re-
lationships between different scales.

3. Results
3.1. Experimental data

Figure 3 shows that (i) the pre-TTX stage, the synchrony
among neuronal oscillators was strong, and the oscillators had
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relatively large amplitudes; (ii) the during TTX stage, we ob-
serve weak circadian rhythms of individual neurons as well
as poor synchronization between neurons; (iii) the post-TTX
stage was washed out, gradually restoring synchrony among
neuronal oscillators. However, compared to the pre-TTX
stage, the amplitude and synchrony had not fully returned to

their original levels.

0.08

Opre-TTXﬁi* during-TTX -“‘— post-TTX:

0.06
0.04

0.02 +

Bioluminescence (AU)

200 300 400
t

0 100
Fig. 3. The time series plot of 2 randomly selected neurons.
The recordings are bioluminescence values of PERIOD2::Luciferase
(PER2::LUC) from 2 randomly selected neurons in SCN1, showing
their time evolution during 3 different stages. The stages pre-TTX,
during-TTX, and post-TTX represent the stages before the application
of tetrodotoxin, during the application of tetrodotoxin, and after the
washout of tetrodotoxin, respectively.

This experimental curve illustrates the process of neu-
ronal oscillators transitioning from synchrony to desynchrony
and back to resynchrony throughout the experiment. These re-
sults demonstrate that TTX effectively inhibited neuronal cou-
pling, leading to desynchronization, and that removal of TTX
allowed for partial resynchronization. This provides a basis
for analyzing the complexity of different experimental phases.

Figure 4 shows the comparison of structural complex-
ity C in neurons in slice 1 (i.e., SCN1) during the pre-TTX,
during-TTX, and post-TTX stages. The solid symbols repre-
sent the average C of 308 neurons in SCN1, and the error bars
of the solid symbols indicate the standard error. The stages
pre-TTX, during-TTX, and post-TTX correspond to the stages
before the application of tetrodotoxin, during the application
of tetrodotoxin, and after the washout of tetrodotoxin, respec-
tively. The results show that C is lowest during the during-
TTX stage, indicating a significant reduction in the activity
and structural complexity of neurons under the influence of
TTX. The structural complexity in the post-TTX stage par-
tially recovers but remains lower than in the pre-TTX stage.

The underlying reason for this phenomenon could be that
TTX not only inhibits neuronal activity but also alters the
coupling strength between neurons. During the during-TTX
stage, sodium ion channels are blocked, preventing neurons
from generating action potentials normally, thereby reducing
the overall activity level of neurons. Simultaneously, the syn-

chronization and coupling strength between neurons decrease,

further leading to a reduction in structural complexity. Al-
though neuronal activity partially recovers in the post-TTX
stage as TTX is washed out, the complexity does not fully
return to the pre-TTX level due to significant changes in neu-
ronal activity and coupling patterns during the during-TTX
stage. This comparison allows us to observe the changes in
structural complexity due to the application and subsequent

removal of tetrodotoxin.

0.12
—u— Mean

N/

post-TTX

0.10f

0.08F

O 0.061

0.04

0.021

0 pre-TTX  during-TTX
Stage

Fig. 4. Comparison of the values of structural complexity C at different
stages. The solid symbols represent the average C of 308 neurons in
SCNI1, and the error bars of the solid symbols indicate the standard er-
ror. The stages pre-TTX, during-TTX, and post-TTX correspond to the
stages before the application of tetrodotoxin, during the application of
tetrodotoxin, and after the washout of tetrodotoxin, respectively. This
comparison allows us to observe the changes in structural complexity
due to the application and subsequent removal of tetrodotoxin.

In neuroscience, activities at different scales may be in-
terrelated. Multiscale complexity analysis allows for the inte-
gration of information across scales, revealing the overall dy-
namic properties of the system. Figure 5 presents a compari-
son of local complexity C; during the pre-TTX, during-TTX,
and post-TTX stages. The hollow symbols represent the aver-
age Cy of 308 neurons in SCN1, with the error bars indicating
the standard error. The variable k represents different coarse-
graining scales, with higher values indicating a higher degree
of coarse-graining and thus a lower level of precision. The
results indicate that (i) with increasing coarse-graining lev-
els (i.e., increasing k), local complexity during the pre-TTX,
during-TTX, and post-TTX stages follows a parabolic trend
of initially increasing and then decreasing; (ii) during the pre-
TTX and during-TTX stages, local complexity peaks at k = 10,
whereas during the post-TTX stage, local complexity peaks at
k=09.

This phenomenon may stem from changes in neuronal
interaction patterns and coupling strength induced by TTX
treatment. In the pre-TTX stage, neurons are highly synchro-
nized, and their activity patterns become very regular and pre-
dictable. At higher coarse-graining levels (k = 10), this or-
derliness is effectively captured, leading to a peak in local
complexity. During the TTX stage, neural activity is highly

uncoordinated, and the overall activity becomes very random
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and disordered. At higher coarse-graining levels (k = 10), this
randomness and disorder are also captured, again leading to a
peak in local complexity. In the post-TTX stage, synchrony
among neurons is at an intermediate level, where neural net-
work activity is neither fully ordered nor completely disor-
dered, but somewhere in between. This intermediate level of
synchrony is better captured at lower coarse-graining levels
(k=9), resulting in a peak in local complexity at these levels.
In summary, TTX treatment significantly affects local interac-
tion patterns among neurons, leading to changes in local com-
plexity. These key scales may correspond to important fea-
tures or mechanisms of the system, and identifying these key
scales aids in a deeper understanding of the system’s dynamic

behavior.
—o— pre-TTX
0.031 .
—O0— during-TTX
—4A— post-TTX
0.021
~=
@)
0.01t
0 -

Fig. 5. Comparisons of the values of local complexity Cy at different
stages. The hollow symbols represent the average C; of 308 neurons
in SCN1, with the error bars of the hollow symbols indicating the stan-
dard error. The variable k represents different coarse-graining scales.
The stages before TTX, during TTX, and after TTX correspond to the
periods before the application of tetrodotoxin, during the application of
tetrodotoxin, and after the removal of tetrodotoxin, respectively. This
comparison allows us to observe how local complexity changes across
different scales and experimental conditions.

To confirm that the results observed in Figs. 4 and 5 are
not coincidental, we extended our analysis to slices 2 through
4 (i.e., SCN2 to SCN4), calculating the structural complexity
C and local complexity Cy of neurons in these additional slices.

Figures 6 and 7 present the results of these analyses. The
results demonstrate that (i) the structural complexity of neu-
rons in these slices aligns with the slices 1, with the order be-
ing Cpre—TTX > Cpost—TTX > Cauring—11X: (ii) local complexity
peaks at a higher coarse-graining level (k = 10) during the pre-
TTX and post-TTX stages, while it peaks at a lower coarse-
graining level (k = 9) during the during-TTX stage.

These findings confirm that the results depicted in Figs. 4
and 5 are not coincidental but reflect genuine features of neu-
ronal complexity changes across different treatment stages.
The consistency observed across multiple slices enhances our
confidence in the reliability of the experimental results and the

general applicability of our conclusions.
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0 0.4 —
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Stage Stage

Fig. 6. Comparisons of the values of structural complexity C at differ-
ent stages. Panels (a)—(d) represent the results for SCN2-SCN4, respec-
tively. The solid symbols represent the average C of all neurons in the cor-
responding slice, and the error bars of the solid symbols indicate the stan-
dard error. The stages pre-TTX, during-TTX, and post-TTX correspond
to the stages before the application of tetrodotoxin, during the application
of tetrodotoxin, and after the washout of tetrodotoxin, respectively. This
comparison highlights the structural complexity changes across different
slices and experimental conditions, providing a comprehensive view of how
tetrodotoxin affects neuronal network complexity.
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Fig. 7. Comparisons of the values of local complexity Cy, at different stages.
Panels (a)—(d) represent the results for SCN2-SCN4, respectively. The hol-
low symbols represent the average Cj of all neurons in the corresponding
slice, with the error bars of the hollow symbols indicating the standard error.
The variable k represents different coarse-graining scales. The stages before
TTX, during TTX, and after TTX correspond to the periods before the ap-
plication of tetrodotoxin, during the application of tetrodotoxin, and after the
removal of tetrodotoxin, respectively. This comparison elucidates how local
complexity changes across various slices and conditions, offering a detailed
understanding of the impact of tetrodotoxin on the structural complexity at
multiple scales. The data provides valuable insights into the dynamic behav-
ior of neuronal networks under different experimental conditions, enhancing
our comprehension of their multi-scale properties.

3.2. Model simulations

To validate the experimental data, we employed the
Goodwin model to simulate neuronal activity under different
coupling strengths. In the simulation, the three stages-pre-
TTX, during-TTX, and post-TTX-were modeled by altering
the coupling strength G between the oscillators. Specifically,
the coupling strengths for the pre-TTX, during-TTX, and post-
TTX stages were set to G = 1, G =0, and G = 0.8, respec-

tively. Hence, the only difference between the models at dif-
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ferent stages was the coupling strength. Figure 8 presents the
simulated data generated using the Goodwin model, demon-
strating that the simulation results are consistent with those in
Fig. 3. During the simulation, neuronal oscillators exhibited
synchronization and pronounced circadian rhythms during the
pre-TTX and post-TTX stages, whereas they lost synchroniza-
tion and exhibited reduced amplitude during-TTX stage. Thus,
these results indicate that the model accurately describes the
experimental data.

0.12 l—pre-TTX —>~ during-TTX*-j‘—post—TTX—o

0.10

HM“‘HHHH \“‘
> 0.06} {11

0.04

iy
o.02 HItIuLLanEEYY i

1

0 250 500 750 1000 1250 1500
t

Fig. 8. Temporal evolutions of 2 randomly selected neurons from the
Goodwin model simulation. This figure corresponds to Fig. 1. The cou-
pling strengths for the pre-TTX, during-TTX, and post-TTX stages are
G=1,G=0,and G = 0.8, respectively. These stages correspond to the
stages before the application of tetrodotoxin, during the application of
tetrodotoxin, and after the washout of tetrodotoxin, as shown in Fig. 3.
This allows us to compare the modeled neural activity with the observed
data and to understand how changes in coupling strength influence the
dynamics of the neuron oscillations.

0.40

—m— Mean

0.351

0.30

0.25

0.20 1

during-TTX post-TTX
Stage

pre-TTX

Fig. 9. Numerical results from the Goodwin model. Comparisons of the val-
ues of structural complexity C at different stages, as shown in Fig. 2. The
solid symbols represent the average structural complexity C of 300 neurons,
and the error bars of the solid symbols indicate the standard error. The cou-
pling strengths for the pre-TTX, during-TTX, and post-TTX stages are G = 1,
G =0, and G = 0.8, respectively. These stages correspond to the periods be-
fore the application of tetrodotoxin, during the application of tetrodotoxin,
and after the washout of tetrodotoxin, as shown in Fig. 4. This comparison
highlights how the coupling strength influences the structural complexity of
the neuronal network during different experimental conditions.

Subsequently, we calculated the structural complexity
(Fig. 9) and local complexity (Fig. 10) of the simulated data.
The result in Fig. 9 shows that the structural complexity of
the simulated data aligns with the experimental data, with the

order being Cpre—TTX > Cpost—TTX > Cauring—TTX. Figure 10

demonstrates that the trend of local complexity at different
k values also matches the experimental results, showing a
parabolic shape. Notably, there is a slight difference from the
experimental data: the peaks of local complexity for the pre-
TTX and during-TTX stages in the simulation occur at k = 4,
while the peak for the post-TTX stage occurs at k = 5. This
difference suggests a significant change in neuronal interaction
patterns during the post-TTX stage.

0.06

—og— pre-TTX
—O0— during-TTX
—A— post-TTX

0.05

0.04

0.031

Ck

0.021

0.01r

Fig. 10. Numerical results from the Goodwin model. Comparisons of the
values of local complexity C; at different stages, as shown in Fig. 3. The
hollow symbols represent the average Cy of 300 neurons, with the error bars
of the hollow symbols indicating the standard error. The variable k repre-
sents different coarse-graining scales. The coupling strengths for the pre-
TTX, during-TTX, and post-TTX stages are G =1, G =0, and G = 0.8,
respectively. These stages correspond to the periods before the application of
tetrodotoxin, during the application of tetrodotoxin, and after the washout of
tetrodotoxin, as shown in Fig. 5. This comparison provides insight into how
local complexity changes across different scales and experimental conditions,
allowing for a deeper understanding of the system’s behavior in response to
the presence of tetrodotoxin.

The slight discrepancy between the model simulation re-
sults and the experimental data regarding the coarse-graining
levels at which local complexity peaks can be explained
from multiple perspectives, including experimental condi-
tions, model assumptions, and the inherent complexity of neu-
ral networks. However, overall, the simulation results of the
Goodwin model further validate the reliability of the exper-
imental data. In summary, TTX treatment significantly im-
pacts the local interaction patterns among neurons, leading to

changes in local complexity.

4. Discussion and conclusion

The suprachiasmatic nucleus (SCN), as the core region of
the mammalian biological clock, regulates circadian rhythms
and various physiological functions. In recent years, signif-
icant progress has been made in the study of the complex-
ity and synchrony of SCN neurons, especially regarding their
states before, during, and after the application of tetrodotoxin
(TTX).[1%17] These studies provide valuable theoretical basis
for understanding the effects of TTX on the complexity and
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synchrony of SCN neurons. However, most studies have fo-
cused only on changes in neuronal electrical activity, with less
discussion on structural complexity and local complexity. Ad-
ditionally, previous research mainly focused on experimental
observations, lacking validation through theoretical models.

This study, by introducing multiscale complexity analy-
sis, not only examines changes in neuronal activity on a macro
level but also reveals the patterns of local complexity changes
on a micro level. It demonstrates a comprehensive focus on
the multilevel, multiscale organization and dynamic interac-
tions of the SCN, extending traditional complexity measures
and providing a better understanding of the SCN system’s hier-
archical structure and cross-scale relationships. Firstly, the ex-
perimental data show that in the pre-TTX phase, the synchrony
among neuronal oscillators is strong, with large amplitudes; in
the during-TTX phase, the amplitude and coupling strength
between oscillators are obviously weakened, which leads to
the decrease of synchronization; in the post-TTX phase, TTX
is washed out, gradually restoring synchrony among neuronal
oscillators, although the amplitude and synchrony do not fully
return to pre-TTX levels.

By comparing the structural complexity C, the result
shows that during the TTX phase, C is the lowest, indicating
a significant reduction in neuronal activity and structural com-
plexity under the influence of TTX. In the post-TTX phase,
C partially recovers but remains lower than in the pre-TTX
phase. This suggests that TTX not only inhibits neuronal ac-
tivity but also alters the coupling strength between neurons.

In addition, the local complexity analysis reveals that lo-
cal complexity Cj follows a parabolic trend of initially in-
creasing and then decreasing with increasing coarse-graining
levels, and this trend varies at different stages. Specifically,
the peaks of local complexity for pre-TTX and during-TTX
stages in the simulation occur at the same k (i.e., k = 10),
while the peak for the post-TTX stage occurs at a different
k (i.e., k =9). This indicates that both high and low synchrony
among neurons lead to a peak in local complexity at higher
coarse-graining levels, while medium synchrony results in a
peak in local complexity at lower coarse-graining levels. This
phenomenon can be explained by the coordination and ran-
domness of neural networks: highly synchronized neurons ex-
hibit very regular and predictable activity patterns, captured
effectively at higher coarse-graining levels, leading to a peak
in complexity. Conversely, highly uncoordinated neural ac-
tivity becomes very random and disordered, also peaking at
higher coarse-graining levels. Intermediate synchrony among
neurons results in neural network activity that is neither fully

ordered nor completely disordered, better captured at lower

coarse-graining levels, leading to a peak in complexity at these
levels. Identifying these key scales is crucial for gaining a
deeper understanding of the system’s dynamic behavior, as
they correspond to important features or mechanisms of the
system.

To validate the reliability of the experimental data, we
employed the Goodwin model to simulate neuronal activity
under different coupling strengths. The simulation results
show that the trend of complexity changes in the simulated
data is consistent with the experimental data, further validat-
ing the reliability of the experimental results. This indicates
that the Goodwin model can effectively describe the effects of
TTX on neuronal complexity.

In summary, by integrating experimental data and model
simulations, this study not only validates the results of pre-
vious research but also further reveals the effects of TTX on
neuronal structural complexity and local complexity. These
findings provide new perspectives for neuroscience research
and lay the foundation for future studies.

Despite the significant findings of this study, several lim-
itations remain. For instance, while we have discovered that
the application of TTX may affect the key scales at which lo-
cal complexity peaks, the specific mechanisms underlying this
effect are not yet clear. Furthermore, these key scales may
correspond to important features or mechanisms of the sys-
tem. Identifying and understanding these key scales will help
to reveal the dynamic behavior of the system more deeply.
Therefore, future research should aim to investigate the spe-
cific mechanisms by which TTX affects these key scales and
further elucidate their relationship to the overall function of the
system through various approaches. This will provide a more
comprehensive understanding and offer new research perspec-

tives in the field of neuroscience.
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