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We describe a novel type of bursting that we observe in simulations of large recurrent networks 
of biophysically plausible, intrinsically non-bursting neurons. The mechanism responsible for the 
bursting is a combination of excitatory feedback received from neighbouring neurons, together 
with an activity-dependent adaptation mechanism that slows down spiking. During the bursting 
phases, the firing patterns are not repeated and the lengths of the interburst intervals are varying. We 
develop a simple phenomenological model that captures most qualitative aspects of the observed 
collective bursting. We compare the parameter range leading to bursting in the phenomenological 
model, with parameter estimates from cortical anatomy and physiology, and conjecture that the 
discovered new type of bursting should also be observable in biological neocortical networks. 
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Introduction 

Bursting is a per iodic clustering of neuron dis-
charges, separated by quiescent phases . This be-
haviour is observed in many different neurons, for 
example in neocortex, where the large pyramidal neu-
rons in layer V typical ly respond with burst ing dis-
charge patterns when st imulated with current injected 
by an intracellular microelect rode [1, 2]. In these ex-
periments, the current is held constant and the neurons 
develop the burst ing au tonomously ( intrinsic burst-
ing). The mechan i sms underlying burst ing have been 
theoretically studied, e. g., by Rinzel and Erment rout 
[3], Bush and Doug las [4], Wang and Rinzel [5] and 
Guckenhe imer et al. [6]. In general, to p roduce burst-
ing, a mechan i sm is needed that inc ludes two pro-
cesses acting on dif ferent t ime scales: a fast process 
for the generat ion of a single action potential , and a 
slower process that provides the swi tching be tween 
repetitive spiking and quiet phases. Wang and Rinzel 
[5] have introduced a classification into different types 
of bursting depending on the behaviour of the fast and 
of the slow dynamics . 

In our study, w e will show how burst ing can arise 
in networks of neocort ical , intrinsically non-burst ing 
neurons, where the burst ing is an ef fec t of the recur-
rent excitatory ne twork architecture [7 - 10], Burst-
ing in recurrent ne tworks has previously been inves-
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Fig. 1. Irregular spike timing in collective bursting (network 
simulation). Top: Development of the membrane voltage of 
one neuron out of a population of 20 neurons. Bottom: 
Instantaneous firing rates have been calculated as follows: 
Points with abscissa = center of the interspike interval (ISI), 
ordinate = inverse of the ISI size, are connected, for each of 
the 20 neurons of the network. 

t igated by Bush and Douglas [4], In contrast to their 
approach, our neurons are not intrinsically burst ing 
and we use no inhibitory neurons. T h e collect ive 
origin of our bursting leads to irregularities in the 
temporal structure of the bursting phases and of the 
quiescent phases between the bursts, even in the ab-
sence of noise (Figure 1). Both irregularities are of 
a stochastic nature and not chaotic (see [11]). They 
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Fig. 2. When slow positive and negative feedback is added 
to the Morris-Lecar model, regular bursting emerges, after 
an initial build-up phase. 

are expected to decrease with the number of neurons 
in the network [12]. This differs f rom the behaviour 
of intrinsically burst ing neurons, which show regular 
spiking pat terns dur ing the bursting phase, and it dif-
fers f r o m the irregular bursting observed by Bush and 
Doug las [4], which they claim to be chaotic. Further-
more , the type of burst ing that we describe here does 
not fit into the classification by Wang and Rinzel [5], 
but is a new phenomenon . 

We will first review the principles that are fol lowed 
by single, intrinsically bursting neurons. Then we de-
scribe our new collective bursting, that we observed 
in s imulat ions of biophysical ly plausible neuronal 
networks . The high-dimensional neural network be-
haviour will be approximated by a series of refined 
phenomenolog ica l models , until its most prominent 
quali tat ive features are matched. The parameters of 
the simplif ied mode l can then be compared to esti-
mates f r o m physio logy and anatomy of the neocortex, 
f rom where we draw conclusions on the observabil-
ity of this new burst ing type in in vivo neocortical 
networks . 

Intrinsically Bursting Neurons 

A fundamenta l mode l of a bursting neuron is the 
modif ied [3 ,6] Morr is -Lecar model [ 13]. It consists of 
two fast processes that generate the repetitive spiking: 
a fast, vol tage-gated calc ium current for the depolar-
ization of the m e m b r a n e potential and a delayed recti-
fier potass ium current for repolarization. To generate 
bursting, two addit ional slow currents are essential: 
a slow ca lc ium-dependent potassium current and a 

ca lc ium current with slow dynamics and low volt-
age threshold. The slow potass ium current provides a 
negative feedback that leads to an adaptat ion of the 
firing rate and eventual ly stops the firing. T h e slow 
ca lc ium current provides a positive feedback by caus-
ing a depolarizat ion of the membrane , and thereby 
restarting the firing activity. The interaction of these 
two mechan i sms generates bursts of spikes that ride 
on the posit ive feedback-domina ted part of the neu-
ron dynamics . An example of an intrinsically bursting 
neuron f rom the modi f ied Morr is-Lecar mode l [3] is 
shown in Figure 2. T h e corresponding parameters are 
given in the Appendix . No te the perfect regularity of 
the burst ing af ter an initial build-up phase. The spik-
ing pattern is the same for every burst. 

An unsat isfactory shor tcoming of this model , if 
compared to real neurons , is that it is geometr ical ly a 
point mode l . As can be expected, the introduction of 
spatial structures with distributed ion channels intro-
duces an addit ional degree of complexity. Mainen and 
Se jnowski [14] investigated the inf luence of dendrit ic 
morpho logy on the discharge pattern of the neuron. 
They constructed a mode l with two compar tments , 
represent ing soma and dendrite. Again , the behaviour 
of the mode l is de termined by the different kinetics of 
the voltage-gated conductances of the ionic currents. 
A very fast sodium conductance , strong in the soma 
and weaker in the dendri te , generates a depolarization 
of the m e m b r a n e upon st imulation. A fast potass ium 
conduc tance in the soma repolarizes the m e m b r a n e 
af ter spiking. Slow potass ium channels in the soma 
and in the dendri te provide an extended after-spike 
hyperpolar izat ion, that is able to shut off bursting. A 
slow calc ium conduc tance finally generates a posi-
tive feedback current in the dendrite and re-enables 
burst ing. Depending on the degree of the coupl ing 
be tween the fast conductances in the soma and the 
slower conductances in the dendrite, the model pro-
duces a variety of different firing patterns for fixed 
values of the conductances . Figure 3 shows a typical 
burst ing pattern that is observed in this model . In this 
figure, the (negative) current flow f rom the dendri te to 
the soma evidences how the dendrit ic conductances 
provide additional current after the somat ic conduc-
tances have triggered the spike. Characteristically, the 
first spike in a burst has a bigger ampl i tude than suc-
cessive spikes. This is, because the somat ic conduc-
tances are partly inactivated after the first spike at the 
t ime when the dendri t ic currents arrive. T h e burst-
ing pattern becomes regular after a transient phase, 
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Fig. 3. Bursting from the Mainen-Sejnowski model, which 
takes into account the spatial extension of the neuron. Top: 
Membrane voltage showing identical bursting after an ini-
tial build-up phase. The first spike in a burst has the largest 
amplitude, which is due to the inactivation of the somatic ion 
channels after the first spike. The regularity of the bursting 
is preserved. Bottom: Axial current between somatic and 
dendritic compartment. A positive current indicates current 
flow from soma to dendrite. During a burst, the dendrite 
generates new charge which flows towards the soma. 

similar to the behav iour of the burst ing Morr is -Lecar 
model . However , the Mainen-Se jnowsk i mode l is able 
to generate m o r e complex discharge pat terns (see [14] 
for il lustrations). This is not only due to the increased 
number of m o r e complex currents , but also an e f fec t 
of the separat ion into two compar tments , i . e . of the 
nonuni formi ty of the m e m b r a n e voltage. 

Collective Bursting from Nonbursting Neurons 

Let us now out l ine how burst ing arises in net-
works of recurrently connec ted , b iophysical ly plausi-
ble mode l neurons that are not intrinsically burst ing. 
Our mode l ing pa rad igm is an abstract ion of the way 
spiny stellate neurons are e m b e d d e d in layer IV of 
the neocort ical ne twork . Spiny stellate neurons re-
ceive feedforward input f r o m the tha lamus and they 
are strongly connec ted a m o n g themse lves by excita-
tory synapses. Accordingly , in our mode l spiny stel-
late neurons are connec ted in the all-to-all way, and 
each neuron receives feedforward input f r o m outs ide 
of the network (see F igure 4). In the Appendix, w e give 
a detailed descript ion of the biophysical ly plausible 
models of spiny stellate neurons f r o m cat striate cor-
tex. Ana logous to single-cell burst ing, processes that 
occur on dif ferent t ime scales are responsible for the 
emergence of burst ing. T h e fast t ime scale is given by 

Feedforward 
Input ^ 

Feedforward Source 

Fig. 4. Principle of recurrently connected neurons, receiving 
both feedforward and feedback input current. The synaptic 
currents flow into the dendrite and contribute to spiking, 
while the adaptation current in the soma flows out of the 
cell and inhibits spiking. 

the fast kinetics of the sodium and potass ium currents 
that generate a single spike. T h e slower t ime scale is 
given by the feedback excitation f r o m the recurrent ly 
connected neighbours, which arrives with a delay of 
roughly one interspike interval. This is the t ime it 
takes for a change in the feedforward input to m o d i f y 
the firing rate. An additional, m u c h slower negat ive 
adaptation feedback is responsible for s lowing down 
the firing activity (see Figure 4). 

Upon the arrival of the independent external input , 
the neurons in the network start to fire. T h e recur-
rent excitation quickly builds up and causes the cells 
to fire at even increased firing rates, due to the pos-
itive feedback. The spiking then activates the adap-
tation mechanism: a vol tage-dependent ca lc ium cur-
rent sets in and causes the intracellular ca lc ium con-
centration to rise. This triggers a ca lc ium-dependent 
potass ium current that hyperpolar izes the m e m b r a n e 
voltage, which terminates the burst of spikes. W h e n 
the calcium concentrat ion has decayed due to intracel-
lular d i f fus ion and buffer ing, the cell b e c o m e s ready 
for another burst, and the cycle starts again. Simi lar 
to the burst ing Morr is-Lecar model , the adaptat ion 
mechan i sm acts as a negative feedback. However , the 
source of the positive feedback is no longer intrinsic 
to a single neuron, but is produced by the concurrent ly 
active neurons in the populat ion. T h e nature of this 
collective feedback is quite different to the one of an 
intrinsic burster: it is produced by the sum of isolated 
synaptic events, scattered over t ime. In a recent study, 
Crook et al. [15] investigated the inf luence of spike 
rate adaptat ion on the synchronizat ion propert ies of 
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weakly connec ted neurons . They found that adapta-
tion enhances synchronous spiking with zero phase 
lag. Burst ing is not observed in their model because 
of the weakness of their excitatory feedback. Their 
study also dif fers f r o m the present one because the 
parameters of our mode l neurons are varied across 
the populat ion, to account for the large variability of 
neuron responses in vivo. As a consequence, individ-
ual neurons in our network respond with a spread of 
discharge rates to identical amounts of current. In ad-
dition, our s imulat ion takes care of variable delay of 
interaction t imes and of varying interaction strengths. 

The variabili ty be tween the neurons in our sim-
ulation causes them to burst only in an approxi-
mately synchronized manner . Moreover , as all inter-
spike intervals are governed by the neuron 's individ-
ual current-discharge relationship, the lengths of the 
interburst intervals are varying f rom neuron to neu-
ron. However , the strong excitatory coupling causes 
collect ive bursts, with individual variations of onset 
usually within one burst interspike interval. 

Population Models of Collective Bursting 

To be able to compare the condit ions for bursting in 
our network s imulat ions with natural neocortical net-
work condi t ions , we will evolve a line of phenomeno-
logical mode l s that are finally able to qualitatively 
reproduce the results of our network simulations. 

As all neurons in the network are assumed to be-
have in a similar way, it is tempting to model the 
populat ion by a single representative neuron. The fir-
ing activity of this "popula t ion" neuron would be de-
scribed by the relation 

network structure and where the role of the activation 
funct ion remained unexplored. 

The dynamics of A and In, are given by the set of 
relations 

A o o ( / ) : = J i / , (2) 

/ f b o o ( / ) : = a / , ( 3 ) 

dA = Aqq - A = [if - A 
d t TA T A 

_ fihjlft + 7fb - A)- A 
i 

t a 

d / f b _ -ffboo - I f b _ a f — I f b ^ 

dt Tfb Tfb 

= ahjlff + Ifb — A) — Ifb 
Tfb 

where n is the neuron ' s constant of adaptat ion and a 
is the ne twork feedback constant . T\ and r ^ are the 
t ime constants of the adaptat ion and of the network 
feedback, respectively. Unless stated otherwise, we 
always use the parameter values given in Table 2 of 
the Append ix . We first discuss the collect ive prop-
erties that can be obtained by choos ing the simplest 
nontrivial activation funct ion . In this case, h has a 
linear dependence on the input current : 

h(I) = Gl, (6) 

where G denotes an effect ive "sp ike" conduc tance 
[10]. Us ing the rescaling 

/ = H(IFF + IFB - A), (1) 

where / s tands for the firing f requency as a func-
tion of the total input currents summated at the soma. 
Synapt ic f eedforward current Iff ( f rom an external 
source) and feedback current ( f rom recurrent ex-
citation) contr ibute to an increase in firing rate; the 
firing rate is reduced by the adaptation current A. 
The sum of currents is related to the firing rate by an 
activation funct ion h, for which we will use different 
fo rms of increasing complexi ty , to approach the burst-
ing propert ies observed in the network simulations. A 
similar mode l ing approach was used by Douglas et 
al. [10, 16], which , however, was based on a different 

T = t/rA, 
M = [LG , 

K = OLG , 

T = Tfb/T& , 

we arrive at the equat ion 

^ = M(/FF + IFB - A) - A, 
d i 

d i » 

d T 

K(IFF + - A ) -IFB 

( 7 ) 

(8) 

which descr ibes the system in terms of the d imen-
sionless parameters M , K and r . As this differential 



621 D. A. B lank and R. S toop • Burs t ing Ne twork 

equat ion is l inear and two-dimens iona l , the eigenval-
ues of the Jacobian matr ix 

J = 
— ( M + 1) M 

-K/T* (K - D/R-FB 

ful ly descr ibe the t ime evolut ion. Chaos is prohibited, 
and osci l la t ions are only poss ib le in the special case 
of a vanishing t race of the Jacobian [17]: 

(M + 1) + — =0. 
Tfb 

(9) 

For paramete rs such that the trace of matrix J is 
negative, the sys tem will therefore spiral in to a fixed-
point , wi th 

— ^-00 7 

Ifb = / fboo , 

(10) 

(11) 

and f r o m (2) - (5), w e obtain for this case the analytical 
solution 

Aoo — 

/fboo = 

I«M 
K - M - V 

I f f K 
K - M - Y 

T h e discharge rate of the associated steady state can be 
evaluated us ing (1). It demons t ra tes the inadequate-
ness of this m o d e l : even at posit ive parameters , the 
ins tantaneous fir ing rates m a y temporari ly become 
negative! This happens fo r paramete r values that lead 
to very small t races of J , w h e n the system exhibits a 
damped osci l la t ion towards the fixed point . For posi-
tive traces of J , the spiral will b e c o m e unstable; the 
firing rates "exp lode" , i.e., they will grow infinitely 
with t ime. 

Nega t ive ins tan taneous firing rates are excluded if 
a threshold is in t roduced in the activation funct ion. 
In the s imples t case, this leads to the linear-threshold 
mode l , as used in the study of Douglas et al. [10]: 

h\(I) = G • thresh(7, 7 t h), 

where 

thresh(7 ,7 t h) = 
0 

/ - / t h 

for I < Ith, 
for I > la,. 

For this act ivat ion func t ion , net currents below the 
threshold current 7th will not p roduce spiking. The 

Fig. 5. Varying the recurrent coupling K in the linear thresh-
old model leads to a Hopf bifurcation at K = 1.2 and os-
cillatory solutions (filled circles). Due to the hard onset of 
the bifurcation, only oscillatons with nonzero amplitude are 
possible, where the oscillation amplidude grows exponen-
tially with K. For K greater than 2, the firing rates diverge 
for any nonzero feedforward current. 

200 
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10 
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Fig. 6. Oscillations of the instantaneous firing rate / in re-
sponse to feedforward currents of 0.3 (bottom) and 0.5 nA 
(top), respectively. The frequency of the bursts is indepen-
dent of the stimulus strength 7ff (linear threshold model). 

nonlinearity int roduced by the threshold leads to a 
much richer behaviour of the system. As a func t ion 
of the recurrent feedback paramete r K, a (subcrit i-
cal) Hopf bi furcat ion emerges and osci l lat ions of A 
(and therefore of / ) are observed (see F igure 5). In 
terms of the popula t ion model , this impl ies that burst-
ing behaviour is observed for values of the recurrent 
coupl ing strength K beyond the critical value (see 
Figure 6). W h e n this value is crossed, there is no 
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Fig. 8. Bifurcation diagram for variable r , for K = 1.5. 
As could be expected from the middle panel of Fig. 7, 
the subcritical Hopf bifurcation occurs at r = 0.25. The 
oscillation amplitude grows infinitely as r approaches r c = 
0.07 from above (linear threshold model). 

Fig. 7. Dependence of the bifurcation from stable fixed 
points to oscillations, on the main system parameters. The 
dashed lines separate stable fixed point from stable oscil-
lation behaviour. Bottom: The Hopf bifurcation is indepen-
dent of the strength of the feedforward current In (linear 
threshold model). 

graded onset of burst ing. Instead the firing rate j u m p s 
immediately . 

It is of interest to explore the dependence of the 
oscil lat ions on other mode l parameters . For this pur-
pose, we fo l low the b i furcat ion points in the M — K 
and r — K p lanes. Burs t ing is possible when K ex-
ceeds a critical value KC(M) or Kc(T), respectively 
(see the thick dashed l ines in Figure 7. F igure 8 shows 
how the oscil lat ion ampl i tudes depend on r : they di-
verge when the value of approximate ly r c = 0 .07 
(dimensionless units) is approached . The biophysical 
interpretation of this fact is, that the feedback dom-
inates the system behaviour , because it arrives be-
fore the adaptat ion has a chance to b e c o m e effective. 
In contrast , the bi furcat ion behaviour is independent 
of the feedforward current Iff (see bot tom panel of 
Fig. 7) and of the threshold current 7th (not shown). 

V [mV] 

-50 I U - f 
t [ms] 

500 

Fig. 9. Voltage traces of a representative neuron in the 
biophysical network simulation. Top: Bursting discharge 
pattern in response to an injected feedforward current of 
0.3 nA. Bottom: Discharge for 0.5 nA. Note how the fre-
quency of the bursts increases for stronger feedforward 
current. 

Increasing the feedforward current Iff increases the 
ampli tude of the discharge-rate osci l lat ion. However , 
it does not affect the phases at which the osci l la t ions 
occur (Figure 6). Networks of recurrently connec ted 
neurons that a lways show regular spiking behav iour 
can be used as perfect firing-rate amplif iers [10]: they 
ampl i fy the feedforward input rate whi le main ta in ing 
simple discharge patterns. 

We now compare the behaviour of this p h e n o m e n o -
logical population model with the behav iour of the 
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Fig. 10. Instantaneous firing rates for the spike trains in 
Fig. 9 (Solid line: 0.3 nA. Dashed line: 0.5 nA). Instanta-
neous rates are the inverse of the interspike intervals and are 
thus plotted in the middle of the intervals. The peak burst 
rate is relatively constant for the two injection strenghts, 
suggesting that the discharge rate of the modeled neuron is 
saturating for strong currents. 

b iophysical ly mot ivated network simulation. In a sim-
ulation compr i s ing only 20 spiking neurons, highly 
variable burst ing is apparent for feedforward currents 
of 0 .3 and 0 .5 nA, see Figure 9. In contrast to the phe-
nomenolog ica l mode l , the network simulation shows 
a marked increase of the f requency of the bursts for 
increased firing rates. At moderate ly strong feedfor-
ward currents the interburst intervals are shortened 
whi le the burst firing rates remain relatively constant 
(see F igure 10). At very large input currents, due to 
the cont inued shortening of the quiescent phases, the 
system returns to regular spiking. Constant firing rates 
during a burst indicate a saturation of the firing rate 
as a func t ion of the current. The saturation is most 
p rominen t dur ing the bursting period, since this is 
when the neuron receives maximal excitatory current 
f rom recurrent synapses and f r o m voltage-dependent 
channels . 

As the final s tep in our model ing approach, we 
aim at inc luding this saturation in our phenomeno-
logical mode l . W e found that the observed saturation 
p h e n o m e n o n can be modeled by a power funct ion 
threshold mode l : 

hp(I) = u • thresh(7, 7th, v), (12) 

with 

Fig. 11. Two Hopf bifurcations are occuring for the power 
function threshold model. Increasing the recurrent coupling 
a leads from steady-state solutions (solid line), to oscil-
lating, bursting behaviour at a = 0.0095 (filled circles) 
and again to steady solutions for a = 0.052 and stronger 
coupling. 

- I f f=0.7 
1 

il J 1 i .1 

If 
II .1 ill 

(ft 1 
In. Il.il J i" 

t [units] 
Fig. 12. For the power function threshold model, an increase 
of the burst frequency emerges for stronger currents, as 
observed in the network simulation (Figure 10). 

thresh(/, /u,, v) = { ( / _ ° J i h ) „ 

where u = 74 .82 and v = 0 .7043 are phenomeno log -
ical parameters , result ing f r o m fitting hp(I) to the f-I 
curve of a compar tmenta l mode l . 

To derive the propert ies of this new model , it is con-
venient to use the feedback parameter a instead of the 
nondimensional ized recurrent coupl ing K (where the 
relevant relations are a = N • q, N = N u m b e r of 
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Fig. 13. Dependence of the bifurcation point on the feedfor-
ward current and on the recurrent connectivity in the power 
function threshold model. Thick dashing: Location of the 
Hopf bifurcation (HB). Oscillatory solutions lie below this 
line (ose.). The horizontal line represents the example of 
a feedforward current of 0.3 nA, with a firing threshold 
of 0.2 nA. Full lines: stable fixed points. Thin dashing: 
unstable fixed points. 

recurrent synapses, q = recurrent current per synapse. 
For numbers , see Appendix). F igure 11 shows the bi-
furcat ion d iagram for the power funct ion threshold 
model as a funct ion of the recurrent coupl ing a . Two 
Hopf bi furcat ions occur. The first b i furcat ion appears 
when a is increased f r o m zero. It changes spiking at a 
fixed discharge rate to oscil lating, bursting behaviour. 
The second (reverse) bi furcat ion appears when the os-
cillations are suppressed by strong coupl ing and the 
system returns to regular spiking. Numer ica l inves-
tigations show that these observat ions also persist in 
the presence of noise. The power funct ion threshold 
leads to the desired increase of the burst f requency as 
a funct ion of the injected current (see Figure 12). The 
interspike intervals - and therefore also the instanta-
neous discharge rates - now vary m u c h less during the 
bursting phase, than in the previous mode l (Figure 6). 
This also is in better cor respondence with the network 
simulat ions (Figure 10). The dependence of the model 
on the feedforward current 7ff is captured in the bi-
furcat ion diagram of Figure 13. Burst ing behaviour is 
possible for values of 7ff be low the dashed line. Above 
the bifurcat ion curve the oscil lat ions are damped and 
settle to steady discharge rates. A similar transition 
f rom bursting to regular spiking for increased current 
has also been found in models of intrinsically burst-
ing neurons of layer V [18], The simplification that 
is inherent in the phenomenolog ica l power funct ion 
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threshold model systematically neglects the e f fec ts 
introduced by neurons with different morpho log ie s 
and different current-discharge relat ionships. There -
fore, even in this most elaborate phenomenolog ica l 
model , all bursting is regular: the interburst intervals 
are constant and the burst phases a lways show the 
same t ime courses, as was already the case in the two 
introductory bursting models . This is in marked con-
trast to the biophysically plausible ne twork s imula-
tion, where the spike t imings are irregular and whe re 
the interspike intervals are governed by each neu-
ron 's individual current-discharge relat ionship, and 
by the synaptic coupling with varying delay be tween 
the neurons. 

Anatomical and Physiological Parameter 
Verification 

To support our conjecture that the observed burst-
ing phenomenon should be observable in abundance 
in biological neural networks, we per form a compar -
ison between the simulation parameters and avail-
able physiological estimates. The nondimens iona l -
ized parameter K = a • G is based on assumpt ions 
about the recurrent connectivity a , and on a mean 
slope G of the current-discharge relat ionship. Dou-
glas et al. [10] est imate that for spiny stellate neu-
rons, a = N • q = N • 0 .0001 [nA/spike/sec]. In an 
unpublished study, we investigate the inf luence of the 
presynaptic discharge rate on the dendri t ic current 
transfer. We find a value of a = N- current /synapse = 
N • 0 .0002 nA/spike/sec (average current!) , for a pop-
ulation discharging at 50 Hz. A value for the s lope of 
the current-discharge relationship can be f o u n d in the 
study by Ahmed et al. [19] of deep and superficial 
layer pyramidal neurons. According to them, a typi-
cal cell f rom the deep layers may have a m e a n slope 
of roughly 100 Hz/nA, in the unadapted state. Su-
perficial layer cells may have a mean slope of only 
50 Hz/nA. Combining these two est imates, w e find 
that for mean values of a and G, K will be in the 
range of one for a population size of N = 100, and 
would therefore already be close to the pa ramete r re-
gion of oscillatory behaviour (see Fig. 7, bo t tom) . 
From [19], we also obtain an est imate for the adap-
tation strength M . There, the authors measured the 
degree of adaptation in cortical neurons f r o m differ-
ent layers, and expressed it as the ratio r = (peak firing 
rate - adapted firing rate)/peak firing rate. Superf icial 
layer cells seem to adapt strongly, up to 6 7 % , whi le 
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deep layer cells adapt to 51%. The corresponding 
value of r f rom our model is obtained as fol lows: If 
current is injected only into one neuron and the rest 
of cortex is not st imulated, we have In, = 0. For the 
ful ly adapted state, we obtain 

Mia 

A 0 0 = M ( / f f - A ) = 1 - j - ^ : ; (13) 

inserting this into (1) yields 

f - o a , - ^ - G W - ^ 

which leads to 

GIff-GM 1-T&>= M 
r GIff 1 + M' 

Therefore , for a value of M = 2, the ratio r is 66%, 
which is in good agreement with the experimental 
est imate. 

The ratio of the t ime constant of adaptat ion to the 
t ime constant of the feedback r , has a strong impact on 
the system behaviour. Our est imate for the feedback 
t ime constant is of the order of one interspike interval, 
as a spiking neuron is responding a lmost immediate ly 
to a change in input current (and is essentially unre-
lated with the membrane t ime constant [20]). Accord-
ing to Stratford et al. [21], synaptic latencies in local 
circuits are shorter than 2 ms. We can compare the 
feedback t ime in local circuits of neurons discharg-
ing at 100 Hz in the simulation, to the exponential 
t ime course of the feedback in the phenomenolog i -
cal model . There, the feedback rises exponential ly to 
98% within 4 r . In the compar ison with the network 
simulat ion, this t ime should be equivalent to the sum 
of one interspike interval and the synaptic delay. Con-
sequently, we obtain the est imate Ar^ = (10 + 2) ms , 
f rom which we derive ta , ~ 3 ms. An es t imate for r A 

can be obtained again f r o m [19]. T h e authors find, that 
superficial layer cells are significantly faster adapt ing 
than deep layer cells with adaptat ion t ime constants 
of 11.5 compared to 51.4 ms. Hence , the correspond-
ing nondimensional model t ime constant T = T F B / R A 

is be tween 0 .06 and 0 .26. From the midd le panel of 
Fig. 7, we conclude that for deep layer neurons with a 
nondimensional t ime constant of about 0.06, burst ing 
is possible, for recurrent coupl ings not much greater 
than one. Superficial layer cells will need the m u c h 

stronger coupl ing of approximately K = 1.5 to gen-
erate burst ing behaviour. 

Conclusions 

We evolved a phenomenologica l mode l with 
thresholding, spike rate adaptat ion and saturation that 
is able to reproduce the collective burst ing in a re-
current ne twork of inhomogeneous , intrinsically non-
bursting neurons. The observed bursting is of a novel 
type, as it emerges f rom the recurrent excitat ion be-
tween neurons and their adaptation of firing rates. 
W h e n the network bursting is reduced to a s imple 
model , the irregularity of spiking is lost and the burst-
ing oscil lat ions become regular, similar to the be-
haviour of mode ls of intrinsically bursting cells [5], 
The compar i son of the parameter regime in which 
the model is bursting, with est imates f rom physio log-
ical exper iments , suggests that real cortical ne tworks 
are likely to show this burst ing behaviour, especial ly 
for circuits in the deeper layers of the cortex. We 
have seen that the dynamic range of the burst dis-
charge rates is l imited by the saturation of the current-
discharge curves for strong net currents, both in-our 
power func t ion threshold model and in the ne twork 
simulat ion. In in vivo experiments , c o m m o n l y the in-
terspike interval distributions are measured . In the 
presence of the described bursting, w e expect clusters 
around a short interval that corresponds to the h igh 
discharge rates during the burst. This interval will be 
insensitive towards input current changes. A second 
cluster will be formed by the interburst intervals. Be-
cause biological neurons respond to increased input 
currents by a shortening of the interburst intervals, 
this cluster will be sensitive towards changes of the 
input current . 

Our discovery implies that the identification of 
bursts in vivo should include the possibili ty of in-
trinsically non-burst ing network bursters. W h i l e it 
may be impossible to dist inguish the two types of 
bursters f r o m the interspike interval distributions, a 
current inject ion into a single neuron will al low for 
such a dist inction. About the funct ion of the bursts, 
we can only speculate. Chagnac-Amita i and Connors 
[22] have proposed that intrinsically burst ing neu-
rons tend to drive synchronized excitation and inhi-
bition in cortex. In our case, the collective activity 
drives all coupled neurons to bursting a lmost s imul-
taneously, with the precise onset of burst ing scattered 
over not m o r e than one interspike interval (Figure 1). 
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In this respect , the collective bursting may be seen as 
a coarse-scale synchronized excitation. Whether this 
type of synchronized activity plays an essential role 
in the context of coding by synchronization, remains 
still to be explored. T h e role of inhibition has not been 
included in our study but we expect that recurrent in-
hibit ion will also be synchronized [23]. It is clear that 
our studied exci tatory network does not occur in this 
pure fo rm in the cortex. However, it provides an ex-
plicit min imal mode l for the generat ion of collective 
burst ing in recurrent networks. 

Appendix: Methods 

Network Simulations 

Our biophysical ly plausible network s imulat ions 
are based on simplified compar tmenta l neurons. 
These mode l neurons were derived f rom a recon-
structed cat spiny stellate neuron f rom layer 4 of the 
striate cortex, where we used the algori thm of Bush 
and Se jnowski [24] to s implify the detailed recon-
structed geometry of the cell into an 8-compar tment 
version. Compar tmen t geometr ies were varied ran-
domly ( ± 1 0 % ) , to account for the variability seen 
in biological neurons. Each cell was equipped with 
somat ic vol tage-dependent conductances , as fol lows: 

• fast sodium and potassium conductances for the 
generat ion of an action potential, 

• an A- type potass ium conductance that l inearizes 
the f-I curve in the perithreshold region, 

• a high-voltage-act ivated calc ium and a ca lc ium-
dependent potass ium conductance for an adaptat ion 
of discharge. 

The conduc tance models are described in Bernan-
der et al. [25] and Bernander [26]. Detailed conduc-
tance parameters are given in Table 1; they are adopted 
f rom [26]. 

T h e numerical s imulat ions were performed with 
the use of the N E U R O N simulation environment [27]. 
The chosen passive properties were Rm = 5 ' 0 0 0 

.[£2 c m 2 ] and Cm = 2 ( iF/cm2 . With inserted active 
conductances , the input resistance of the simplified 

D. A. Blank and R. Stoop • Bursting Network 

Table 1. Parameters for the compartmental simulation. 

<7Na 0.12 S/cm2 

9K fast 0.07 S/cm2 

<7Ca 0.0005 S/cm2 

9«.ca 0.04 S/cm2 

9KA 0.001 S/cm2 

Table 2. Simulation parameters (dimensionless). 

a 0 . 0 1 

r = T f b / r x 0.1 
A4 0.02 
7th 0.2 

model was 88 M Ü , at resting m e m b r a n e potential . 
Synapses were mode led by a current injection into 
the somat ic compar tment , with a current funct ion 
-fsyn(t) = g -EdT • (t/Tsyn) exp( l - 1 / T s y n ) , where r s y n = 
0.5 ms. The driving force was fixed to E&r = - 4 0 mV, to 
prevent an unrealistic sublinear summat ion of synap-
tic inputs in the simplif ied cell model . The synaptic 
peak conductances and latencies were varied using 
Gaussian distributions, with mean = 0 .007 and stan-
dard deviation o = 0 .00084 m S for the conductance, 
and mean - 1.7 and a = 0.7 m s for the delay. T h e 
variations of the neuron geometr ies account for the 
variability of the current-discharge relationships ob-
served in in vivo exper iments [19]. 

Phenomenological Models 

Table 2 lists the parameters that are used in our 
phenomenologica l mode ls . 

The figures of the phenomenologica l models were 
generated with the help of the program package X P R 
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