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ABSTRACT Diffusive coupling (nearest-neighbor coupling) is the most common type of coupling present in many systems.
Previous experimental and theoretical studies have shown that potassium lateral diffusion coupling (i.e., diffusive coupling) can be
responsible for synchronization of neuronal activity. Recent in vivo experiments carried out with anesthetized rat hippocampus
suggested that the extracellular potassiumcould play an important role in the generation of a novel type of epileptiform nonsynaptic
activity. Yet, the role of potassium in the generation of seizures remains controversial. We tested the hypothesis that potassium
lateral diffusion coupling is responsible for the coupling mechanisms for network periodicity in a nonsynaptic model of epilepsy in
vivo using a CA1 pyramidal neuron network model The simulation results show that 1), potassium lateral diffusion coupling is
crucial for establishing epileptiform activity similar to that generated experimentally; and 2), there exists a scaling relation between
the critical coupling strength and the number of cells in the network. The results not only agree with the theoretical prediction, but
strongly suggest that potassium lateral diffusion coupling, a physiological realization of the concept of diffusive coupling, can play
an important role in entraining periodicity in a nonsynaptic neural network.

INTRODUCTION

Synchronization, one of the most universal phenomena to

describe the behavior of two or more interacting systems, has

been extensively studied in various areas such as physics,

biology, chemistry, and neuroscience (1,2). Synchronization

is commonly understood as adjustment of rhythms due to an

interaction between two or more oscillators, and therefore it

does not necessarily require complete temporal coincidence

of signals. Throughout this study, synchronization is spe-

cifically understood in terms of phase locking among neu-

rons. Normally, phase-locking can be understood as the

nonzero constant phase shift and small fluctuations of the

phase difference, and not as equality of phases (2).

A key mechanism of synchronization is a mutual interac-

tion due to the coupling between oscillatory systems. One of

well-understood coupling mechanisms is global coupling (or

all-to-all coupling) through which each oscillator interacts

with equal strength with all of the other oscillators in the

system. This type of coupling has been extensively studied

(see Okuda (3) and references therein). Lesser attention has

been paid to another type of coupling, local coupling, equally

termed as nearest-neighbor coupling or diffusive coupling.

This diffusive coupling has been introduced initially based on

a diffusion like process (4). Unlike global coupling that

generates a mean field in the ensemble of oscillators, diffu-

sive coupling produces a local interaction only between each

component of the network and its nearest neighbors. Several

theoretical studies on diffusive coupling have appeared in

the literature in recent years. Some of them concentrate on

mathematical theory (5–8) and others include physiological

aspects (9–11). Although diffusive coupling is more common

and realistic in many physical systems (12–14), it is neither

well understood nor widely studied compared to the global

coupling (12,13,15).

It is known that global coupling can be implemented by

embedding the individual elements of the network in an

homogeneous common medium (2,16). In previous studies

with diffusion as a couplingmethod, the coupling strength was

proportional to the concentration difference between the bath

and the extracellular areas very closely surrounding cell bod-

ies. This type of coupling is, in fact, global coupling because

each cell is coupled with all other cells in the network through

the same bath. To the best of our knowledge, the physiological

realization of local diffusion as coupling between one cell and

its nearest neighbor cells through substance movement driven

by concentration difference has not yet been reported. Yet this

type of coupling, i.e., diffusive coupling seems more likely in

neural tissue where ions and neurotransmitters are known to

diffuse in the extracellular space and affect their neighbor cells

more significantly than the remote cells such as in experiments

with zero-calcium solutions.

In vitro experiments, with zero-Ca21-induced nonsynaptic

epileptiform activity have shown that synchronization could

take place across a complete mechanical cut in the rat CA1

hippocampal slice (17). Gap junction coupling and ephaptic

field effects were excluded as a possible mechanism of syn-

chronization. The underlying synchronization mechanism

was attributed to extracellular potassium diffusion. This

conclusion was derived from the fact that a transient increase

in [K1]o accompanying each epileptiform event was detected

and local pressure ejection of KCl was able to evoke epi-
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leptiform events propagating across the lesion. Therefore, the

synchronized epileptiform activity could explained by lateral

diffusion coupling to the nearest neighbor cells through

[K1]o (or simply potassium lateral diffusion). Consistent

with the experimental data, simulation studies by using a

two-cell model have also shown that the potassium lateral

diffusion could play an important role in the synchronization

of nonsynaptic epileptiform activity (18).

In vivo experiments with anesthetized rat also suggest that

extracellular potassium concentration can be a critical caus-

ative factor in the generation of nonsynaptic epileptiform

activity (19). The experimental results showed that an in-

crease of [K1]o from 6 to 12 mM caused a transformation

from a typical nonsynaptic burst with a frequency of 0.34 6
0.14 Hz into a regular type of epileptiform activity with a

frequency of 3.776 1.28 Hz. The physiological properties of

the activity such as duration (.30 min) and frequency (2.5

;5 Hz) are consistent with those of status epilepticus (SE)

reported in the literature (20). The mechanisms underlying

the specific activity are not clear. Because synaptic trans-

mission was blocked by lowering Ca21 concentration, these

results could be explained by a nonsynaptic mechanism such

as potassium lateral diffusion.

In the in vivo experimental configuration considered in this

study, the global coupling (potassium dispersion mechanism)

and the diffusive coupling (potassium lateral diffusion

mechanism) are thought to coexist. This is because CA1

hippocampal pyramidal cells are embedded in the same bath

and at the same time, the cells are aligned and packed so a

direct cell-to-cell coupling is highly plausible. Generally, it is

impossible to separate these couplings experimentally, and

therefore, computer modeling can play an essential role in

investigating the effects of the coupling on the synchroni-

zation of the activity. Using computer simulations, in this

study, we tested the hypothesis that diffusive coupling ex-

pressed as potassium lateral diffusion can promote network

periodicity under low-calcium nonsynaptic condition in an

in-vivo rat preparation. If this hypothesis is correct, the fol-

lowing questions can be also answered: Is it possible to re-

produce some temporal characteristics of nonsynaptic

activity observed in in vivo experiments with intermediate

size of the network? If so, can the diffusive coupling, not the

global coupling, be responsible for synchronization?

Because this study focuses not on reproducing the detailed

waveform of nonsynaptic activity, but on investigating the

temporal aspect of the activity, i.e., the emergence of periodic

activity, an intermediate size network was used for modeling.

Computer simulations were performed with diffusively

coupled 16 zero-Ca21 CA1 pyramidal neurons that are ar-

ranged in two-dimensional array.

METHODS

Throughout this study, we will use the terms ‘‘lateral diffusion’’ mechanism

and ‘‘diffusive coupling’’ interchangeably. In general, the term ‘‘diffusive

coupling’’ is used for describing a coupling type, i.e., how the elements in the

network are coupled with each other, and therefore, the use of this concept is

not limited to the actual diffusion process. Also, we will use the terms

‘‘dispersion’’ mechanism and ‘‘global coupling’’ interchangeably. To avoid

confusion, throughout this study, we will use ‘‘potassium dispersion’’ in-

stead of ‘‘potassium diffusion.’’

In vivo experiments

All surgical procedures were approved by the Institutional Animal Care and

Use Committee, Case Western Reserve University, Cleveland. Surgical pro-

cedures were similar to those in Feng and Durand (19). Briefly, adult Sprague-

Dawley rats were anesthetized with urethane (1.25–1.5 g/kg, intraperitoneal)

and placed in a stereotaxic apparatus. Body temperature was maintained at

37�C with a heating pad. The skull over the left cortex was opened and the

neocortex overlying the dorsal hippocampus was removed. Artificial cerebro-

spinal fluid (ACSF)waswarmed to;37�C and perfused over the surface of the

exposed dorsal hippocampus. Solutions and drugs used for the experiments can

be found in Feng and Durand (19). Calcium chelator ethyleneglycol–bis

(b-aminoethyl ether)N,N,N,N-tetraacetic acid (EGTA), 5 mM, was added in

CaCl2-free ACSF to reduce [Ca21]o and to suppress the synaptic transmission

in the CA1 region in vivo. Picrotoxin (0.4 mM) was used to induce epileptic

bursts by blocking the g –aminobutyric acid receptor. Extracellular field po-

tentials recorded in the CA1 pyramidal cell body layer were used. The sup-

pression of synaptic transmissionwas evaluated by a significant decrease in the

orthodromically-evoked population spikes.

Computer model

Lateral diffusion-coupled network

In the neuronal network, 16 neurons arranged in a 4 3 4 were coupled

through the diffusion of the potassium (Fig. 1). To implement the diffusion

process, the three-compartment diffusion model developed previously was

used (18). For some simulations, the number of neurons was varied. Each

model neuron consisted of 16 compartments: 10 compartments for apical

dendrites, five compartments for basal dendrites, and one single compartment

for soma. This 16-compartment CA1 pyramidal model exposed to zero-Ca21

solution was developed previously for simulating nonsynaptic epileptiform

activity (21). The single cell kinetics for all channels was constructed based on

the previous model designed for low calcium solution (21). The additional

modifications to the kinetics were made to incorporate interstitial space (K1

shell) around each neuron (18).

Only passive channels were located in dendrite compartments, whereas

five active ionic channels were included in the soma compartment. Because

an accumulation of potassium ions is more intense in the somatic than in

dendritic layers, for simplicity, the interstitial space was assumed to surround

only the soma compartments (22–25). The dendrites (basal and apical

branch) were assumed to be positioned vertically with respect to a horizontal

array of soma compartments. Therefore, the three compartment diffusion

model was implemented in the horizontal plane where the soma compart-

ments were placed: one compartment for the soma, one for the K1 shell

around the soma, and one for the bath (18). For the potassium lateral dif-

fusion coupling between neurons, four-nearest-neighbor coupling method

was applied in the soma plane. The interstitial [K1]o released from the

neurons during neuronal firing could diffuse to the bath and to the sur-

rounding interstitial space of the adjacent cell. For the interstitial [K1]o re-

moval mechanisms, K1-pump and glial buffer were used (22,26–30).

A reduced ion pump function (10% reduction with respect to a full pump

function) was used to generate spontaneous neuronal activity. This compro-

mised function of the pumpwas simulated by decreasing themaximumpump

rate. The value of the maximum pump current Imax, 73.5 (mA/cm2) for the

model was chosen to compensate a leakage of potassium ions at resting state

(30) (see Table 4). This reduction is based on the recent experimental findings:

a reduction of Na1/K1ATPase expression in experimental epilepsy (27) and
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an impaired astrocytes buffering mechanism in both human temporal lobe

epilepsy (29) and experimental epilepsy (28) have been observed.

Equations, currents, variables, and the values of parameters used in these

simulations are given in Tables 1, 2, 3, and 4, respectively. A Runge-Kutta

fourth order algorithm was used for integrating the set of differential equa-

tions with the time step of 0.01 ms. The initial conditions were randomly

chosen within a physiological range. The initial buffer size ([B]) for all

neurons was assumed to start with the same value.

Because this model study focuses on the effect of lateral diffusion cou-

pling on synchronization, other types of nonsynaptic mechanisms such as

field effects and gap junctions were not included in the model, i.e., neurons

are coupled only through diffusion.

Coupling strength

Because a coupling signal generated by potassium lateral diffusion mediates

mutual interaction between cells, the lateral diffusion time constant (tss)

modulates the coupling strength. The coupling strength ec can be expressed

as: ec } 1/tss (ms). This is due to the fact that the faster movement of po-

tassium ions can increase a mutual interaction between cells. A previous

simulation study has confirmed that both the coupling strength and the

synchrony level decrease as tss increases (18).

Heterogeneity

Simulation studies based on a model of a CA1 pyramidal neuron in zero-cal-

cium solution (21) show that a variation of one of the potassium or sodium

conductance values (gKDR, gKA, gKM, gNa, and gNaP) can change the fre-

quency of the neuronal activity. Two parameters, potassium delayed-rectifier

conductance (gKDR) and sodium conductance (gNa) were varied to induce

heterogeneity between the cells. For all simulations, the heterogeneity degree

was set to 0.2%with respect to a baseline value 19.7 for gKDRand20.5 for gNa

(mS/cm2). Note that ‘‘x% heterogeneity of the network’’ can be described as

‘‘x% difference with respect to a preset value y’’ and the value was within a

FIGURE 1 Schematic diagram of three compartment

lateral-diffusion-coupled network model. One compart-

ment is assigned for the cell, one for the interstitial space

and one for the bath. Dispersion (diffusion to the bath) and

lateral diffusion (diffusion between the interstitial spaces of

neighboring cells) were included in the model. For the cell,

the 16-compartment zero-Ca21 CA1 pyramidal cells were

used and they were arranged in an array. For [K1]o
regulation mechanisms, K1 pump and glial buffer uptake

were used. With the cell radius of 8.9 mm and the volume

ratio of 0.15, the outer diameter of each sphere was

estimated as 18.64 mm. All cells with respect to a (virtual)

extracellular recording site (solid circle) were used for the

calculation of field potential. ‘r’ indicates a distance be-

tween the recording location and the center of a cell-body.

TABLE 1 Equations used in the simulation

Equations Source*

For each zero Ca21 pyramidal neuron

C
dV

dt
¼ �ðINa 1 INap 1 IKDR 1 IKA 1 IKM 1 IsLeak 1 IdLeak 1 Itotal;dd 1 Itotal;sd 1 IpumpÞ a

dx

dt
¼ xNðVÞ � x

tx
¼ axðViÞ � x3 ðaxðVÞ1bxðVÞÞ b

d½K1 �o
dt

¼ Jaccumulation 1 J
diffusion

bath�shell 1 J
lateral

shell�shell 1 Jpump 1 J
uptake

glial�buffer c

d½B�
dt

¼ rb 3 ½KB� � rf 3 ½K1 �o 3 ½B�
d

For external field potential (extracellular recording)

Vext ¼ r

4p
+
N

i¼1

Ii
ri

e

1. r: the extracellular resistivity was set to 375 (V � cm) (32).
2. N: the estimated number of neurons used for calculating field potential.

3. I: the total currents coming into and out from the soma measured at the recording site.

4. r: a distance between the recording site and the center of each soma compartments respectively. The radius

of cell was calculated as the volume ratio varied.The equation for the calculation of the radius of cell as the

volume ratio changes can be described as:

rv ¼ 4pðRcell 1 dÞ3
3

� 4pR3

cell

3

� ��
4pR3

cell

3
:

*a–d, (18); a–b, (21); e, (32).
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range of y3ð1� x=100Þ#gKDR;iðor gNa;iÞ#y3ð11x=100Þ. The values of the
conductance were randomly assigned to each neuron of the network. With this

level of heterogeneity, the mean frequency of neurons of the network varied

between 3.97 and 4.03 Hz (experimental mean value: 4.0 Hz).

Synchrony index

To quantify synchronization, the synchrony index (g) of intracellular activity

between each pair of cells in the network was calculated by using relative

phases. Relative phases (C) were calculated from the spike times obtained

by threshold crossing (see Fig. 5 a in Park and Durand (18) for the details).

The threshold value was chosen to be 20 mV. Using the relative phases,

the synchrony index is described as: g2
ði;jÞ ¼ ½ð1=MÞ+M

m¼1
cosðCði;jÞ

m Þ�21
½ð1=MÞ+M

m¼1
sinðCði;jÞ

m Þ�2 (2,18,31), where i 6¼ j (i and j indicate i-th cell in a

row and j-th cell in a column of the 4 3 4 array, respectively). M is the

number of firing events that was used for the average. The values of g lie

between 0, which indicates no synchrony, and 1, which indicates perfect

synchrony. For the network synchrony analysis, the relative phases were

calculated between one cell (e.g., cell A) and its neighboring cells. The number

of neighboring cells of the cell A is determined by the location of the cell A in

the array (i.e., two neighboring cells for the corner, three for the edge, and four

for the middle of the array). By using the relative phases, the values of the

synchrony index between one cell and its adjacent cells were calculated and

averaged over the number of neighboring cells. Because the firingwas periodic

and low frequency, several hundreds of firing eventswere sufficient to estimate

the level of synchrony. Due to the randomness introduced through the initial

conditions, all measures in these simulationswere averaged over the number of

realizations. For all simulations, 10 realizations were used. In this study, Ægæ
indicates the synchrony index averaged over 10 realizations.

Field potential estimation

With a point current source approximation, extracellular field potential (Vext)

can be described as Vext ¼ ðreÞ=ð4pÞ+N

i¼1
ðIiÞ=ðriÞ (32), where re is the ex-

tracellular resistivity with a value up to 375 (V � cm) that is three times greater

than the intracellular resistivity (125V � cm) (33).N is the estimated number of

neurons used for calculating field potential. I indicates the total currents coming

into and out from the one soma membrane, and r represents the distance be-

tween the recording site and the center of each soma compartments (Fig. 1).

Interevent intervals

To show a periodicity of extracellularly recorded field potential activity

obtained from both in vivo experiments (19) and simulations, a histogram of

interevent intervals was obtained. The interevent interval was defined as the

time difference between two consecutive maximumpeaks of the spontaneous

bursting activity, which exhibits doublet or multiplet waveform. The dura-

tion between two consecutive spikes within a single bursting event, was

excluded throughout this study.

Cyclic relative phase distribution

Thedistributionof the cyclic relativephase canbeusedasamethod todetect phase

synchronization in noisy systems (2,34,35). The term ‘‘noise’’ includes both

random and purely deterministic perturbations to phases. Phase synchronization

can be shown in a statistical sense by the existence of preferred phase values in the

distribution regardless of the difference among the mean frequencies of the os-

cillators. In these simulations carried out with a deterministic system, random

initial conditions and 0.2% heterogeneity could provide randomness as an initial

perturbation to phases. Once the relative phases between each pair of neurons of

thenetworkwereobtained, the cyclic relative phasedistributionwasused todetect

synchronization measured by phase locking state of the neuronal activities.

RESULTS

Periodic epileptiform activity in in vivo
experiments and in computer simulations

A typical nonsynaptic SE-like activity recorded extracellu-

larly in in vivo experiments is shown in Fig. 2 a. A distri-

TABLE 2 Currents and potassium flux in a zero-Ca21

pyramidal neuron (18)

Currents (mA/cm2) Source*

Soma compartment

INa ¼ gNa 3m3 3 h3 ðVs � ENaÞ a

INaP ¼ gNaP 3w3 ðVs � ENaÞ a

IKDR ¼ gKDR 3 n
4 3 ðVs � EKÞ a

IKA ¼ gKA 3 a3 b3 ðVs � EKÞ a

IKM ¼ gKM 3 u2 3 ðVs � EKÞ a

IsLeak ¼ gsLeak 3 ðVs � ELÞ a

Itotal;sd ¼ gn11;n 3 ðVn11 � VnÞ1 gn�1;n 3 ðVn�1 � VnÞ
(where n ¼ 6)

a

Ipump ¼ Imax=½11 ð½K1 �eq=½K1 �oÞ�2 b

Dendrite compartments

IdLeak ¼ gdLeak 3 ðVd;n � ELÞ a

Itotal;dd ¼ gn11;n 3 ðVn11 � VnÞ1 gn�1;n 3 ðVn�1 � VnÞ
(where 1 # n # 5 and 7 # n # 16) a

Potassium flux (mM/ms)

Jaccumulation;i ¼ IKDR;i 3Ai 3 10
�3

F3Volumeshell;i

c

Jdiffusioni ¼ �ð½K1 �o;i � ½K1 �bathÞ
tbs

c

Jlaterali;j ¼ �ð½K1 �o;Left 1 ½K1 �o;Right 1 ½K1 �o;Up 1 ½K1 �o;DownÞ
tss

c

where

½K1 �o;Left ¼ ½K1 �o;ði;jÞ � ½K1 �o;ði;j�1Þ

½K1 �
o;Right ¼ ½K1 �

o;ði;jÞ � ½K1 �
o;ði;j11Þ

½K1 �o;Up ¼ ½K1 �o;ði;jÞ � ½K1 �o;ði�1;jÞ

½K1 �
o;Down ¼ ½K1 �

o;ði;jÞ � ½K1 �
o;ði11;jÞ; ði; jÞ indicates ðrow;

columnÞ index

Jpump;i ¼ �Ipump 3Ai 3 10
�3

F3Volumeshell;i
c

J
uptake

glial�buffer ¼ rb 3 ½KB� � rf 3 ½K1 �o 3 ½B�
where ½KB� ¼ ½B�max � ½B�

b

*a, (21); b, (30); c, modified from Yamada (47) and Coulombe and

Coraboeuf (48).
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bution of interevent intervals was used to reveal temporal

periodicity of in vivo SE-like activity and plotted in Fig. 2 b.
The interevent interval (DT) was estimated by the time dif-

ference between the maximum peaks of two consecutive

spontaneous bursting events. The amplitudes of the maxi-

mum peaks were typically .1 mV. The intervals between

the peaks within a bursting were not considered in this study.

For the data set shown in Fig. 2 b, 606 events were detected in
the duration of 144 s. The mean frequency in this case is

therefore 4.21 Hz. The largest number of intervals falls within

the 0.23–0.24 s time bin (bin width ¼ 0.01 s). The corre-

sponding frequency to themaximumpeak in the histogramwas

4.17–4.35 Hz. For all six data sets, 422 events (averaged over

six data sets) were estimated in the averaged duration of 103 s,

providing ;4 Hz of the mean frequency. A histogram of the

mean intervals for six other in vivo data sets further shows that

the structure of distribution is quite stable (Fig. 2 c).
Computer simulations were able to generate similar ex-

tracellular periodic neural activity with a network lacking

synaptic transmission and using higher K1 bath concentra-

tion of 7.6 mM (Table 4) compared to normal values ranging

from 3 to 5.5 mM (19,36). With lateral diffusion coupling,

the simulated field potential activity clearly exhibited a pe-

riodic pattern (Fig. 3 a). To investigate the effect of the po-

tassium lateral diffusion (diffusive coupling) on the network

activity, the lateral diffusion paths were removed. As a result,

only potassium dispersion (global coupling) was present in

the network. As shown in Fig. 3 d, without potassium lateral

diffusion coupling, the network generated field potential

activity without any noticeable periodicity, i.e., the peri-

odicity was lost. The distribution of interevent intervals for

the coupled model is tightly localized around a mean value of

0.25 s (Fig. 3 b) consistent with the in vivo experimental data,

whereas the uncoupled model is not (Fig. 3 e). To examine

the stability of the distribution, 10 separate realizations (100 s

long for each realization) were simulated and the numbers

falling into each bin of the histogram were averaged for all the

trials (Fig. 3, c and f). The distributions shown in Fig. 3, c and
f, confirm that the emergence of periodic activity is robust.

Synchronization as phase locking of intracellular
activity: periodicity

To understand the underlying mechanism of extracellular

periodic activity appearing with potassium lateral diffusion,

the effect of diffusive coupling on the synchronization of

intracellular activity was examined. It has been shown that,

for regular simple periodic oscillators, either phase locking

criterion or frequency locking criterion can be used equiva-

lently to identify synchronization. However, for complex

TABLE 3 Gating functions for zero-Ca21 CA1 pyramidal neuron (18)

Gating variable Rate coefficients (ms�1) Source*

Fast Na1 current activation (m)
am ¼ 11:73 ð11:5� VsÞ

exp
11:5� Vs

13:7

� �
� 1:0

bm ¼ 0:43 ðVs � 10:5Þ
exp

Vs � 10:5

4:2

� �
� 1

a

Fast Na1 current inactivation (h) ah ¼ 0:67

exp
Vs 1 50:0

5:5

� � bh ¼
2:24

exp
72:0� Vs

29:0

� �
1 1:0

a

Persistent Na1 current activation (w)
wN ¼ 0:07

exp
�Vs � 50:0

2:0

� �
1 1:0

tw ¼ 0:2 b

Delayed-rectifier K1 current activation (n)
an ¼ 0:000493Vs

1:0� exp
�Vs

25:0

� � bn ¼
0:000083 ðVs � 10:0Þ
exp

Vs � 10:0

10:0

� �
� 1:0

a

A-type transient K1 current activation (a)
aa ¼ 0:02243 ðVs 1 30:0Þ

1:0� exp
�Vs � 30:0

15:0

� � ba ¼
0:0563 ðVs 1 9:0Þ

exp
Vs 1 9:0

8:0

� �
� 1:0

a

A-type transient K1 current inactivation (b)
ab ¼ 0:0125

exp
Vs 1 8:0

14:5

� � bb ¼
0:094

exp �Vs�63:0
16:0

� �
1 1:0

a

Muscarinic K1 current activation (u)
au ¼ 0:00843 exp

Vs 1 26:0

40:0

� �
bu ¼

0:0084

exp
Vs 1 26:0

61:0

� � a

*a, (21); b,wNand twhave been modified following Alzheimer et al. (49).
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oscillators (e.g., systems with noise and/or randomness), both

criteria are needed to be examined and especially the distri-

bution of the relative phase is critical to correctly determine

synchronization (34). Schäfer et al. (34) have shown that

when the natural frequencies of two uncoupled systems are

almost the same, a coincidence of mean frequencies exhibited

between coupled and uncoupled systems can be accurately

separated as synchronized state and desynchronized state only

when the phase distribution is examined. The authors have also

shown that the distribution of the relative phase can be used

successfully to determine synchronization for the case when

phase locking without frequency locking (or vice versa) takes

place. The spatial heterogeneity in the scale of the network and

25dimensions in the scale of each single neuron (i.e., the number

of dimensions necessary to govern the dynamics of single neu-

ron activity) add significant complexity to this network model.

Therefore, both phase and frequency of intracellular neuronal

activity were examined to determine synchronization.

The intracellular activity of both the diffusively coupled

and the diffusively uncoupled networks are shown in Fig. 4, a
and d. The spike times of neuronal activity in the uncoupled

network are broadly distributed compared to those in the

coupled network. To reproduce the in vivo epileptiform ac-

tivity with the mean frequency of 4 Hz, the individual fre-

quencies of the cells were distributed in relatively narrow

range of 3.97–4.03 Hz. Therefore, the histogram of mean

frequency values for both the diffusively coupled system

(Fig. 4 b) and the diffusively uncoupled system (Fig. 4 e)
show about the same frequency distribution with a local

maximum around 4 Hz. In this particular case, when the in-

dividual frequencies of the elements of the network are only

slightly different, synchrony could be shown by the distri-

bution of the relative phase (34). A local maximum around a

preferred phase in the distribution of the relative phase was

used as an indication for detecting synchronization as phase

locking (2,34). As shown in Fig. 4 c, synchronization was

detected in the diffusively coupled network as expected.

However, even with a presence of global coupling, de-

synchronization could be shown when the diffusive coupling

was removed (Fig. 4 f). The results show that the lateral

diffusion coupling is responsible for establishing temporal

periodicity due to phase locking of the network activity.

Effect of the number of cells on critical coupling
in a lateral diffusion-coupled network

Theoretical analysis of diffusive coupling has shown that the

existence of a scaling exponent between the coupling and the

TABLE 4 Parameter values used for zero-Ca21 pyramidal neuron (18)

Parameters Names Values Source*

R Radius of cell 8:9310�4cm a

A Soma surface area (4pR2) 995:4310�8cm2 b

F Faraday’s constant 9:6493104C=mol c

½K1�bath Potassium concentration in the bath 7.6 mM g

tbs Diffusion time constant 1000 ms d

tss Lateral diffusion time constant Varied from 5 to 500 ms d

rv Volume ratio 0.15 e, f

Cs Soma capacitance 1.0 mA/cm2 a, d

Cd Dendrite capacitance 1.88 mA/cm2 a, d

gNa Fast Na1 conductance 20.5 mS/cm2 a, d

gNaP Persistence Na1 conductance 0.24 mS/cm2 a, d

gKDR Delayed-rectifier K1 conductance 19.7 mS/cm2 a, d

gKA A-type transient K1 conductance 3.0 mS/cm2 a, d

gKM Muscarinic K1 conductance 3.0 mS/cm2 a, d

gsLeak Soma leakage conductance 1.8 mS/cm2 a, d

g5;6;g6;7 Conductance between soma and dendrite 6.3 mS/cm2 a, d

gn;n11ð1#n#4;7#n#15Þ Conductance between dendrites 3.67 mS/cm2 a, d

gdLeak Dendrite leakage conductance 0.0292 mS/cm2 a, d

ENa Sodium reversal potential 67.0 mV a, d

EK Potassium reversal potential 26:713lnð½K1�o=140ÞmV a, d

EL Leakage reversal potential �60.0 mV a, d

Imax Pump maximal current 73.5 mA/cm2 d, e

Impairment: ½ð73:5� ImaxÞ=73:5�3100 10% d

½K1�eq Equilibrium potassium concentration Set equal to½K1�bath d, e

½KB� K1 bound to buffer [B]max � [B] e, f

½B�max Maximal buffer capacity 265 mM d, e

rb Backward rate of buffer mechanism 0.0008 e, f

rf Forward rate of buffer mechanism 0:0008

11 exp
½K1 �o � ½K1 �th

�1:15

� �� � d, e

½K1�th Threshold ½K1�ofor glial buffer 15 mM e

*a, (21); b, calculated values; c, definition; d, estimated and/or modified values; e, (30); f, (22); g, (50).
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number of elements in the network. To determine if such a

relationship exists for the potassium diffusion neuronal

model, the synchronization of networks with various num-

bers of elements was analyzed. For potassium lateral diffu-

sion, the coupling strength (e) is inversely related to the

lateral diffusion time constant (tss): e } 1/tss (ms), and one

would expect that the synchrony index should increase with

the coupling strength. The mean value of the synchrony in-

dex for a network with 12 elements is plotted together with

the standard deviation (SD) versus the coupling strength e in
Fig. 5 a. As expected, the synchrony increases toward the

maximum value of 1 as the coupling strength increases.

Similar results for other network sizes were obtained.

A critical coupling strength (ec) for synchronization was

defined as the value of e for which 90% of the coupled net-

work system is phase locked (mean value of synchrony index

(g) is equal to 0.9) A primary indication for synchronization

as phase locking in a statistical sense is an existence of a

pronounced local maximum around a certain preferred phase

value in the distribution of the cyclic relative phase (34,37).

Therefore, the criterion (Ægæ ¼ 0.9) is reasonable and suffi-

cient to expect the local maximum around the preferred phase

value.

The average value of the synchrony index of 10 realiza-

tions Ægæ as a function of coupling strength (e) for the dif-

ferent size of networks (N ¼ 4, 8, 10, 12, 14, 16, 18) was

calculated. The relation between the critical coupling

strength (ec) and the number of elements N is then plotted in

Fig. 5 b. The result shows a linear relation between the log-

arithmic coupling strength (ln ec) and logarithmic number of

neurons (ln N) with a slope (i.e., scaling exponent) equal to

0.7 6 0.08. This scaling relation found in this study is con-

sistent with the previous theoretical analysis of diffusive

coupling of nonlinear oscillators in that there exists an al-

gebraic scaling relation between the critical coupling strength

(ec) for phase synchronized state and the number of oscilla-

tors (N): ec ; Na (a ¼ scaling exponent) (5).

Effect of loss of diffusion paths on periodicity

To further determine whether the lateral diffusion coupling is

required for establishing periodicity of neuronal activity, the

effect of removing various diffusion paths in the network on

the synchronization was examined by measuring the average

synchrony index Ægæ (Fig. 6 a). With an intact network (i.e.,

0-deletion), the lateral diffusion is characterized by mutual

coupling between nearest neighbors. For 1-deletion, four

diffusion paths from one randomly chosen cell (e.g., cell 7 in

Fig. 6 a) were removed. As the number of diffusion paths is

decreased, the value of synchrony index, Ægæ is significantly
decreased (Fig. 6 b), and the distribution of the relative phase
is transformed from Gaussian to a flat distribution (Fig. 6 b,
inset) indicating the complete loss of synchronization. The

SD of the phase distribution estimated from Gaussian func-

tions fitted to the histograms increases with the number of

deleted coupling paths (indicated by Nd; Fig. 6 b, inset),
meaning that the distribution becomes flatter as lateral dif-

fusion paths are removed. These results show clearly that

intact lateral diffusion coupling is required for the generation

of a phase locked state in the whole intermediate size of the

FIGURE 2 In vivo SE-like activity

and distribution of interevent intervals.

(a) Thirty seconds long in vivo SE-like

activity obtained in the rat hippocampus

exposed to a medium with EGTA, zero

Ca21, and high K1. The onset times of

consecutive two events provide time

intervals DT shown in enlargements.

(b) The distribution of inter event inter-

vals calculated from ;140 s long re-

cording associated with SE-like activity

shown in (a). A local maximum around

0.25 s is consistent with a frequency of

;4 Hz. (c) Statistical sensitivity analy-

sis of the distribution of interevent in-

tervals obtained from six separate in

vivo data sets. Each data set was re-

corded for 1– 2 min with the data

sampling rate of 20 KHz after 60, 65,

70, 75, 80, 85 min use of EGTA.
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network, which in turn plays a role in sustaining of the periodic

behavior. This result is consistent with the relation between the

coupling strength (e) estimated by taking inverse of the lateral

diffusion time constant (i.e., 1/tss) and the space constant

evaluating the complexity of diffusion path (seeAppendixB in

Park and Durand (18) for the derivation). The loss of diffusion

paths suggests that the path-length and therefore the space

constant for one cell to the next increases, leading to a decrease

in the coupling strength and a loss of synchrony.

DISCUSSION

The results in this model study show that periodicity zero-

calcium induced epileptiform activity observed in in vivo

experiments in the absence of synaptic transmission can be

explained by a diffusive coupling model of a neural network

(or specifically, a model of potassium lateral diffusion cou-

pled network). These in vivo experiments could serve as a

suitable physiological test bed to examine a role of diffusive

coupling in the mechanism of periodicity of SE-like activity.

Model validation and robustness

To validate this network model, computer simulations were

carried out in conditions similar to those in the in vivo ex-

periments: no synaptic coupling and high potassium extra-

cellular concentration. The distributions of the interevent

intervals obtained from in vivo neural activity and simulated

extracellular field potential activity were compared (Figs. 2 c
and 3 c). The averaged maximum peak values and the SD of

the average in the histograms from six in vivo data sets are

nearly identical to the values obtained from the simulations

with the diffusion coupled network model. These results in-

dicate that the model can successfully simulate the in vivo

network and that the periodicity of in vivo SE-like activity

can be explained by diffusive coupling. In addition, the re-

sults show a scaling relation between the critical coupling

strengths required for synchronization and the number of

neurons of the network. This result is consistent with an

existing theory described in Liu et al. (5) where the authors

showed a scaling relation between diffusive coupling

strength and the number of nonidentical oscillators. It has

FIGURE 3 Contribution of the dif-

fusive coupling to extracellular field

potential activity. Simulation results ob-

tained from coupled and uncoupled net-

works are plotted in (a–c) and (d–f),

respectively. With potassium lateral dif-

fusion coupling, (a) simulated field po-

tential activity shows a periodic pattern;

(b) the interevent interval distribution

shows a clear local maximum around

0.25 s and (c) a similar local maximum

is shown in the average interevent inter-

val distribution for 10 realizations.

Without diffusive coupling, (d) no per-

iodicity can be detected from simulated

field potential activity; (e) no clear peak

can be observed in the interevent inter-

val distribution (for one realization) and

(f) the same flatness can be shown in the

average interevent interval distribution

for 10 different realizations. For the

simulations, the parameter values used

were: tss ¼ 5 ms and N ¼ 16.
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been also shown from a theoretical prediction that the glob-

ally coupled network can be completely synchronized if the

number of elements is large enough, whereas the diffusively

coupled network cannot be fully synchronized if the number

of elements is sufficiently large (8). Therefore, this prediction

is consistent with our result in that full synchronization could

be achieved in a diffusively coupled intermediate size of the

network. The above consistencies not only validate this

model but show a role of diffusive coupling in the mechanism

of periodic behavior of SE-like activity.

The random removal of diffusion paths indicated that the

conclusion concerning the role of potassium diffusion is also

robust. Although reducing the number of diffusion paths

decreases the peak of the distribution of the relative phase

(i.e., the degree of periodicity), still the unimodal pattern

persists (Fig. 6 b, inset). Therefore, the synchronization in the
diffusion coupled network is a robust phenomenon that re-

mains even when single cell kinetics for each element in the

network are different. This robustness also confirms that the

effect of diffusion on synchronization is critical to the gen-

eration of the periodic synchronized activity.

The synchronized state is determined by the relationship

between the coupling strength and the distribution of natural

frequencies of individual elements of the ensemble (2). In this

study, a narrow distribution of natural frequencies was used

to not only reproduce 4 Hz experimental activity but also

implement a situation where a false sense of synchronization

can occur. Based on (34), a narrow range of frequency dis-

tribution may cause a false sense of synchronization, mean-

FIGURE 4 Effect of potassium diffusive coupling on the synchronization

of intracellular neuronal activity. With potassium lateral coupling, (a) phases

of neuronal firings (activities of five neurons out of 16 are shown here) are

locked and (b) the mean frequencies of the cells fall within a very narrow

range (3.97;4.04 Hz) given the parameter values used for this simulation

(tss ¼ 5 ms; other parameters can be found in Table 4.) (c) The preferred

phases are shown in the cyclic relative phase distribution. Without lateral

diffusion coupling, (d) phases of neuronal firings keep slipping, and (e) the
histogram of mean frequency values shows a pronounced peak around 4 Hz.

(f) The relative phase distribution shows no local maximum around preferred

phase value. For this simulation, 5 ms lateral time constant (tss) and 16 cells

(N) were used. The different types of lines indicate neuronal activity from

different cells.

FIGURE 5 Relation between synchrony index and coupling strength and

scaling behavior between the number of neurons in the network and critical

coupling strength. (a) The ensemble average synchrony index Ægæ as a

function of coupling strength (e) for N ¼ 12 is shown. The critical coupling

strength ec is determined at the value where Ægæ ¼ 0.9. Solid gray line along

the curve indicates interpolated values. (b) The algebraic scaling between ln

ec and ln N; ln ec ¼ a3 ln N is plotted. The scaling exponent ‘‘a’’ was 0.76
0.08.
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ing that one can identify uncoupled state as a synchronized

state simply because individual frequencies of the elements

in the network are similar. For this particular case, one can

clearly distinguish between a false sense of synchronization

and true synchronization by using the distribution of the

relative phase. However, the effect of the range of frequen-

cies of the different cells could affect the effect of the dif-

fusion coupling. Therefore, one would expect that the

number of cells synchronized would decrease with an in-

creasing range of frequencies of each element. This suggests

that the size of the network that can be synchronized through

lateral diffusion decrease with the heterogeneity of cells.

Relation between the coupling strength and the
number of neurons, and its
physiological relevance

Recently, it has been shown that diffusively coupled non-

linear oscillators could be characterized by an existence of

algebraic scaling relation between the coupling strength

necessary for achieving phase synchronization and the

number of oscillators and the values of scaling exponents

were model dependent (5). Consistent with the theory, the

results in this model study have confirmed the existence of

the scaling relation in diffusively coupled network by po-

tassium diffusion. The scaling behavior indicates that the

value of critical coupling strength for synchronization in-

creases with the number of oscillators, i.e., a larger network

needs higher coupling strength for the network to be fully

synchronized. Therefore, it can be predicted that complete

synchronization of a large neuronal network in a living tissue

seems unlikely.

The results suggest that lateral diffusion coupling may play

an important role in synchronizing neurons when the number

and spatial distribution of synapses are absent or suppressed

by low extracellular Ca21 concentration (19). For a neural

network with relatively dense synaptic connections, how-

ever, the effects of lateral diffusion coupling on synchroni-

zation may be negligible, compared to those of synaptic

coupling. In agreement with the scaling behavior discussed

above, larger networks require a stronger lateral diffusion

coupling to synchronize the neurons within that network.

Relevance of the lateral diffusion coupling as a
nonsynaptic mechanism

These computational studies have shown that synchronization,

as phase-locking mediated by potassium lateral diffusion

coupling, can explain the periodicity of SE-like extracellular

activity observed in low-calcium in vivo experiments carried

out with the rat hippocampus. Whether or not a nonsynaptic

mechanism such as diffusion could play an important role in

the mechanism underlying periodicity observed in clinical

findings is yet to be investigated. However, recent experi-

mental studies by using buccal ganglia of Helix pomatia have

shown that mechanism of epileptiform activity is nonsynaptic

and synchronization is mediated through diffusion between

dendrites of cells (38). Unlike other nonsynaptic mechanisms,

such as gap junctions and ephaptic field effects, extracellular

potassium was a critical component in generating in vivo

nonsynaptic epileptiform activity. Therefore, potassium dif-

fusion mechanism was employed as an important synchroni-

zation mechanism in this model study. Other diffusive agents

such as Ca21 (39) and nitric oxide (NO) (40) have been re-

ported to mediate diffusive coupling in the brain. Diffusion-

mediated periodicity has been observed in hippocampal brain

slices in zero-calcium solution and in the olfactory bulb. Zero-

calcium solutions generate periodic activity in the range of

FIGURE 6 Diffusive coupling and periodicity in extracellular activity.

(a) Schematic diagram illustrating how each diffusion path was deleted. (b)
The mean synchrony index is plotted as a function of the number of active

connections through potassium diffusion. The horizontal axis indicates the

number of cells around which four diffusion directions toward their nearest

neighbor are blocked. With an intact diffusive coupling ((i) 0-deletion), the
local maximum around preferred phases are clearly shown in the distribu-

tion, whereas with completely blocked diffusion paths ((iv) 16-deletion),

only a flatness is shown, i.e., no phase synchronization takes place. In

between situation ((ii) 2-deletion and (iii) 8-deletion), a gradual decrease of
the maximum peak of the distribution is illustrated as the number of

diffusion path deletions increases.
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1 Hz (17,41–45). Potassium is known to diffuse through the

slice and can mediate synchronization (17). In the olfactory

bulb, low frequency oscillations ;2 Hz are generated by the

diffusive coupling of glutamate between synapses (46). These

results, taken together, suggest that diffusive coupling can play

a significant role in the synchronization of neural activity. The

relative importance of this diffusion mechanism to that of

synaptic transmission is a question that remains to be inves-

tigated.

CONCLUSION

The results of simulations have shown that: 1), potassium

lateral diffusion coupling (or diffusive coupling) can be re-

sponsible for establishing a periodicity of neuronal firing in a

small neuronal network; 2), the mechanism of potassium

lateral diffusion can explain the in vivo nonsynaptic epilep-

tiform activity in low-[Ca21]o–high-[K
1]o experiments; and

3), there exists an algebraic scaling between the critical

coupling strength required for synchronization and the

number of cells in the network. This scaling relation agrees

with the theoretical prediction obtained from diffusively

coupled nonlinear oscillators. Finally, potassium lateral dif-

fusion could be a real physiological implementation of dif-

fusive coupling in neural networks.
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