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Recently, neurobiologists have discovered axons on neurons which synapse on the same neuron’s
dendrites — so-called autapses. It is not yet clear what functional significance autapses offer
for neural behavior. This is an ideal case for using a physical simulation to investigate how an
autapse alters the firing of a neuron. We simulated a neural basket cell via the Hodgkin–Huxley
equations and implemented an autapse which feeds back onto the soma of the neuron. The
behavior of the cell was compared with and without autaptic feedback. Our artificial autapse
neuron (AAN) displays oscillatory behavior which is not observed for the same model neuron
without autapse. The neuron oscillates between two functional states: one where it fires at high
frequency and another where firing is suppressed. This behavior is called “spike bursting” and
represents a common pattern recorded from cerebral neurons.

Keywords : Autapse; Hodgkin–Huxley neuron.

1. Introduction

In the past couple of years, neurobiologists have
found that axons, which propagate the neuron’s
electrical activity to other neurons, sometimes feed
back to the dendrites of the same neuron [Tamas
et al., 1997]. The term autapse has been coined for
these auto-synapses (cf. Fig. 1). Autaptic connec-
tions had been known for some time, but had been
considered as erroneous structures which only de-
velop in cultured neurons. In a recent study, au-
tapses have been found in 80% of the investigated
neurons [Lübke et al., 1996]. It is now assumed that
they are a part of the neural architecture of the
brain, but their functional role still remains unclear.
It has been speculated that autapses might serve a
self-inhibitory function [Bekkers & Stevens, 1991].

From a technical point of view, neurons with
inhibitory autapses represent feedback oscillators.
By demonstrating the functional behavior of such

autaptic neurons in a simulation, we wish to shed
some light on possible mechanisms resulting from
this type of feedback. A vast variety of experi-
ments with animals and humans have shown that
neural activity in the so-called gamma frequency
range is seen in single-cell recordings [Gray et al.,
1989], the electroencephalogram (EEG) [Tallon-
Baudry et al., 1996] and magnetoencephalogram
of the human brain [Tallon-Baudry et al., 1997;
Herrmann & Mecklinger, 2000]. The gamma fre-
quency band ranges from about 20 to 80 Hz, but
usually frequencies around 40 Hz are observed by
authors in various brain regions [Başar-Eroglu et al.,
1996]. The question arises, why there are such
stable frequencies of relatively long time periods
in a dynamic system. Different mechanisms have
been proposed to explain stable oscillatory behav-
ior in neurons. Among them are models in which
basal structures (e.g. the thalamus or basal ganglia)
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Fig. 1. Schematical drawing of an autapse. Dendrites and
soma are in yellow, axon and autapse are in orange. Adapted
from a drawing of a neuron without autapses from [Cajal,
1911].

synchronize other neurons [Zschocke, 1995], mod-
els which build up on dynamic system properties
[Eckhorn et al., 1990] and models in which single
cortical neurons serve as gating neurons for adja-
cent neurons [Gray & McCormick, 1996]. Another
possible explanation arises from the autaptic feed-
back. If each neuron represents a neural oscillator
with autaptic feedback then it is very probable that
the parameters of this autapse, like time delay and
proximity to the soma, determine a resonance fre-

quency for the firing of the neuron. The neuron
would then preferably oscillate at this frequency.

Here, we want to introduce an artificial neu-
ron model with autaptic feedback and illustrate the
possible relevance for neural computation in the
brain.

2. Materials and Methods

In 1943, the idea to simulate neural activity by
a simplified artificial neuron was introduced by
McCulloch and Pitts [1943] but became only pop-
ular after the results of the Parallel Distributed
Processing group [Rumelhart & McClelland, 1986].
Since then, the development of artificial neural net-
works has diverged into the two directions of com-

putationally simple and biologically plausible archi-
tectures. The AAN which we want to introduce here
falls into the class of biologically plausible neurons,
since it models the anatomical components of bio-
logical neurons.

Figure 2 shows a schematical drawing of the
components of a neuron. The biological neuron re-
ceives inputs over axons from other neurons via the
dendrites of its dendritic tree. It sums up received
input over time in its soma and generates output
on its axon if a certain threshold is exceeded. This
axon connects to other neurons where the process is
repeated. In computationally simple neurons, this
procedure is simulated by elements that sum up
their weighted inputs. Each of i inputs ini is at first
mutiplied by its weight term wi and subsequently
all weighted inputs are summed, leading to the net
input net =

∑

i ini ·wi. The activation of the neuron
then depends upon exceeding a threshold, i.e. the
neuron is activated when its sum of weighted inputs
exceeds a threshold. However, the true electrical be-
havior of a neuron is much more complicated.

To better understand neural computation, one
has to move from this simplified artificial neuron to
a more biologically plausible neuron. Let us briefly
review the way a biological neuron works. A neu-
ron is shielded from its outside (extracellular space)
by a membrane. This membrane contains numerous
channels which are selectively permeable for spe-
cific substances. The functionality of a neuron re-
sults mainly from these channels in its membrane,
since they can vary the potential difference between
intracellular and extracellular space (membrane po-
tential). Let us sketch the excitation of one neu-
ron over time: When a neuron is active it fires
an action potential which then propagates along
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Fig. 2. Schematical diagram of a neuron with its basic components.

its axon to other neurons. At the end-points of an
axon, synapses pour out so-called neurotransmit-
ters. These neurotransmitter can open chemically
sensitive ion channels inside the membrane of a
neuron’s dendrite. This is where information flow
starts within a neuron. If a neurotransmitter opens
a sodium channel (Na+), positively charged sodium
particles can enter the dendrite. This moves the
membrane potential of the neuron which is usu-
ally at a resting potential of about −70 mV to-
wards more positive values. If enough sodium chan-
nels are opened at many dendrites the potential of
the neuron will reach a threshold. If this thresh-
old is exceeded voltage gated sodium channels in
the soma will open, letting even more positively
charged ions stream into the neuron (cf. red Na+

channel in Fig. 2). This leads to a so-called action
potential — a sudden shift of the soma potential
away from the negative resting-potential to a posi-
tive value. This action potential is then propagated
along the axon to other neurons where the same
process repeats. The action potential is eliminated
after about 1 ms, because the sodium channels close
shortly after opening and remain in a refractory
state in which they cannot be reopened for about
another ms. During this time, voltage-gated potas-
sium channels (cf. green K+ channel in Fig. 2) let
positively charged potassium ions (K+) flow out of
the soma. This brings the soma potential back to
the negative resting potential. A good overview of
this topic is given by Rosenzweig et al. [2001] and
a very thorough introduction to this topic is given
by Kandel et al. [2000].

2.1. The Hodgkin Huxley neuron

In order to account for this complex behavior,
Hodgkin and Huxley [1952] developed a more
realistic model-neuron which consists of electric
equivalents of the ion channels inside the neuron’s
membrane. This model is shown as an electrical
equivalent circuit in Fig. 3. It represents the sodium
and potassium channels by resistors RNa and RK,
respectively. The ion flow through these channels
is represented by currents INa and IK resulting
from voltage sources ENa and EK, respectively. The
membrane itself is represented by a capacitor Cm.
An additional leakage current IL represents ion
channels which are neither selective for specific ions
nor voltage-gated and thus lead to a constant leak-
age (cf. blue channel in Fig. 2). The membrane volt-
age, Vm, can be computed according to the formula
for currents through a capacitor, since the current
through the capacitor (membrane) is simply the
sum of the inward and outward ion currents:

Cm
dVm

dt
= INa − IK + IL (1)

In the Hodgkin–Huxley model, changes of the
membrane voltage are determined by the changes
of the currents through the three types of channels.
That is, when dendritic input shifts Vm above the
threshold of the Na+ channels, a current INa will
produce a voltage in RNa making Vm more positive
and thus representing the action potential. When
Vm exceeds the threshold for K+ channels a current
IK will produce an inverse voltage in RK and Vm will
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Fig. 3. Circuit diagram of a Hodgkin–Huxley neuron.

return to the resting potential. This model allows
to obtain values of Vm as if recorded from a neuron
but offers to investigate how changes in the neu-
ral architecture affect its behavior. Therefore, we
chose to use this model to simulate autaptic feed-
back. For computation, we used the NEURON sim-
ulator by Hines and Carnevale [1995] which can be
downloaded from www.neuron.yale.edu. The simu-
lator has been described in two recent journal arti-
cles [Hines & Carnevale, 1997, 2001].

2.2. The artificial autapse neuron

Many inhibitory neurons have been found to em-
body autapses, that feed back axonal action poten-
tials to the own dendritic tree [Tamas et al., 1997].
Therefore, we used an inhibitory neuron as a model
for our artificial autapse neuron.

Only inhibitory feedback leads to stable be-
havior which may become oscillatory — positive
feedback yields unstable behavior with the poten-
tial risk of saturation. The 40 Hz oscillations which
might result from autaptic oscillations are often
recorded from hippocampal neurons [Cobb et al.,
1995; Jefferys et al., 1996]. Therefore, we chose to
model a hippocampal neuron, since autapses have
also been demonstrated within the hippocampus
[Bekkers & Stevens, 1991]. The human hippocam-
pus mainly consists of pyramidal neurons and bas-
ket cells [Gloor, 1998]. Pyramidal cells release exci-
tatory neurotransmitter and are thus not suited for
our model. Basket cells, however, serve as inhibitory
inter-neurons and release the inhibitory neurotrans-
mitter gamma-amino-butter-acid (GABA) [Kandel

et al., 2000, p. 285]. Therefore, we modeled a hip-
pocampal basket cell with an inhibitory GABA au-
tapse (cf. Fig. 4). The exact parameters of our
model cell are given in Sec. 5.

Inhibitory synapses like our autapse are fre-
quently found close to the soma of a neuron [Kandel
et al., 2000, p. 22]. For this reason, our autapse feeds
back to the soma of the basket cell rather than its
dendrites where excitatory cells are usually located.
Since we used a basket cell which make GABAA

synapses [Gutnick, 1995, p. 90], the autapse is mod-
eled via chloride channels (Cl−) which are typically
opened by GABA [Kandel et al., 2000, p. 217]. In
order to include the autaptic inhibition into the cur-
rent equation we introduced a current Iaut which
is subtracted from the other ionic currents thus

Fig. 4. Schematical drawing of a basket cell with autaptic
feedback as used in our simulation.



March 4, 2004 14:41 00933

Autapse Turns Neuron into Oscillator 627

0 10 20 30 40 50 60 70 80 90 ms

Off

On

Light

0 10 20 30 40 50 60 70 80 90 ms

−60

40

mV

Action potentials

Fig. 5. Signal transduction: the light falling onto the retina is converted into action potentials which are propagated to visual
cortex. Such a train of action potentials was used as dendritic input to our model neuron in order to simulate peripheral input.

diminishing the membrane potential. The conduc-
tivity of the channels is computed according to the
following equation [Dayan & Abbott, 2001, p. 182].

Gaut = ϕautGaut−max(e
−t/τaut1

− e−t/τaut2 ) (2)

where ϕaut is a normalization factor that assures
that the peak of conductance is Gaut−max (parame-
ters are given in Sec. 5).

Finally, we had to model the excitatory den-
dritic input to the neuron. As for the inhibitory
autapse a further current was introduced into the
model with opposite polarity which increases the
membrane potential. This synaptic current was
named Isyn leading to the following current balance
equation:

Cm
dVm

dt
= INa − IK + IL + Isyn − Iaut (3)

The conductivity of the corresponding channels
is computed according to the following equation
(parameters are given in Sec. 5).

Gsyn = ϕsynGsyn−max(e
−t/τsyn1

− e−t/τsyn2) (4)

Fast spiking neurons are known to produce
spike trains as high as 800 Hz and typically fire
around 200 Hz [Gray & McCormick, 1996]. There-
fore, the input to the dendrites was assumed to be a
constant spike train of 200 Hz as it might be prop-
agated from visual cortex to hippocampus due to
visual stimulation (cf. Fig. 5).

3. Results

The main result of our work is the finding that the
artificial autapse neuron (AAN) is capable of gen-
erating spike bursts comparable to those obtained
in the biological neural system.

Figure 6 shows the axon potential of the AAN
when excited with the input from Fig. 5. The input
arrives at all five dendrites at the same time. Thus,
the dendritic input at the soma exceeds the thresh-
old and an action potential is generated. This action
potential is propagated along the axon and feeds
back into the soma via the autapse. The time-delay
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Fig. 6. Oscillatory activity of the artificial autapse neuron.

due to the finite propagation speed (approx 6 m/s)
is negligible for the short autapse. However, the ac-
tion potential is temporally smeared out due to the
time constant of the autapse (4.2 ms). The first
autaptic inhibitory postsynaptic potential (IPSP)
does not affect the firing of the neuron, since it is
too weak. After 3 autaptic IPSP have been summed
up, the inhibition disables further dendritic input to
reach the threshold (after about 20 ms). Then, no
action potentials are generated for the next two in-
put peaks, since the Na+ inflow at the dendrites
does not exceed the Cl− inflow at the soma. How-
ever, during this time also the inhibitory feedback

becomes weaker, since no action potentials are fed
back via the autapse. Hence, after two missed ac-
tion potentials, the autaptic feedback is too small to
inhibit further dendritic input and the cycle starts
from the beginning.

Figure 7 compares the behavior of the simu-
lated basket cells with (right) and without (left)
an autapse. The diagrams display the so-called
phase plane which is commonly used to visual-
ize the dynamic behavior of neurons [Haken, 1996;
Freeman, 2000]. The conductivity of the potassium
channels is displayed as a function of the membrane
voltage. In case of no autaptic feedback (left) the
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Hodgkin-Huxley neuron: AAN:

Fig. 7. The conductivity gK as a function of the membrane voltage Vm for the modeled Hodgkin–Huxley neuron without
autapse (left) and with autapse (right). The autapse results in a bistable oscillatory behavior.
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Fig. 8. Ratio of fired action potentials to suppressed action potentials as a function of autaptic conductivity. At zero conduc-
tivity (no autapse) the neuron fires continuously without suppressed action potentials. Increasing the strength of the autapse
decreases the ratio and leads to the observed pattern of alternating spikes and suppressed spikes. The solid diamond represents
the 40 Hz burst mode.

trajectory runs on a circular path which represents
the generation of action potentials. The autapse
changes this behavior and adds a second circular
path which represents the suppressed action poten-
tials where the dendritic input did not exceed the
threshold.

In order to investigate the dynamic transi-
tion from a model neuron without an autapse to
one with an autapse we varied the conductivity

Gaut−max of the autapse and plotted the ratio of
fired action potentials to suppressed action poten-
tials in Fig. 8. For no autaptic inhibition (zero con-
ductivity) this ratio would be infinity and it slowly
decreases to about 1 for higher conductivities.

Figure 9 displays the firing pattern of the au-
tapse as a function of the autaptic conductivity.
For the given time delay of τaut1 = 4.2 ms the
neuron fires in 40 Hz bursts only at an autaptic
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Fig. 9. The rastergram plots the spike trains over time (X-axis) as a function of autaptic conductivity (Y-axis). At low
conductivity (no autapse) the neuron fires continuously. At high conductivity the neuron alternates between firing action
potentials and suppressing them. At 25 nS the neuron fires in bursts of 40 Hz.
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Fig. 10. Correct autaptic time constant τaut1 (Y-axis) as a function of autaptic conductivity Gaut−max (X-axis) in order to
make the neuron fire at bursts of 40 Hz.

conductivity of 25 nS. At 29 nS conductivity

another rhythmic firing at 52 Hz is observed. By

choosing the right parameters for conductivity and

time delay the neuron can always be forced to fire

in bursts of 40 Hz. The correct parameter pairs for

this behavior are illustrated in Fig. 10.

4. Discussion

Our results demonstrate a potential mechanism of
the recently found autapses on neurons. We simu-
lated a realistic model of an inhibitory hippocampal
basket cell via the Hodgkin–Huxley equations. As in
reality, this cell fires regular action potentials when
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driven by sufficient trains of action potentials when
no autapse is present. However, when the GABAer-
gic action potential are fed back onto the soma of
the cell by an autapse, it fires in spike bursts. This
behavior results from the inhibitory autaptic feed-
back which suppresses a few excitatory postsynaptic
potentials (EPSPs). When the firing of the cell has
ceased, the autaptic feedback also decreases and the
cell can integrate dendritic input again.

The time constant of the synapse, τsyn, and that
of the autapse, τaut, turned out to be critical pa-
rameters for our model. If these parameters were
varied too much from the values given in Sec. 5,
the bursting behavior of the AAN changed to a less
orderly state. Also the resting-potential of the neu-
ron was a critical value. As discussed by Shepherd
[1998, p. 71], burst firing requires resting-potentials
around −65 mV whereas single spike firing is more
probable at resting-potentials around −55 mV.

Such oscillators have a number of features
which are found in the network which constitutes
our brains. For example, if parts of the neural
network in our brain consists of neural oscillators
which are tuned to specific frequencies then these
frequencies should occur more often than others.
Such resonance frequencies can indeed be recorded
in human electroencephalogram [Herrmann, 2001;
Neuper & Pfurtscheller, 2001]. Our results demon-
strate that physiologically plausible values for the
critical parameters of the AAN yield oscillations
with a burst frequency of approximately 40 Hz
(with a 200 Hz spike rate within each burst). This
frequency is commonly recorded in various physi-
ological and psychological experiments and is as-
sumed to be related to cognitive functions [Engel
et al., 2001; Keil et al., 2001].

We are, of course, aware of the fact that the
described bursting behavior of the neuron can be
achieved by different mechanisms also. Some neu-
rons fire in intrinsic spike bursts [Stanford et al.,
1998] and others may be inhibited in a way similar
to the autaptic inhibition via interneurons [Traub
et al., 1997]. However, our results demonstrate that
autapses may also lead to oscillatory behavior in
otherwise nonoscillating neurons and offer a poten-
tial explanation what their functional role might be.

5. Technical Details

The actual model used in our approach is a modi-
fication of the model by Wang and Buzsaki [1996].

The capacity of the membrane was chosen to be

Cm = 1 µF/cm2 (5)

The equilibrium potentials for the K+ and Na+

channels are

EK = −80 mV (6)

ENa = 55 mV (7)

To obtain a resting potential of −60 mV the
equilibrium voltage of the leakage channels was cho-
sen to be

EL = −50 mV (8)

Generally, in artificial neurons the resistors are
represented by their conductivity G:

GNa = GNa−maxm
3h (9)

GK = GK−maxn
4 (10)

GL = 0.003 S/cm2 (11)

GNa−max = 0.14 S/cm2 (12)

GK−max = 0.036 S/cm2 (13)

The temporal behavior of the ion channels is
modeled by two values α and β where α determines
the rate of ion-transfer into the neuron and β in
opposite direction.

dh

dt
= 4.5 (αh(1 − h) − βhh) (14)

dm

dt
= 4.5 (αm(1 − m) − βmm) (15)

dn

dt
= 4.5 (αn(1 − n) − βnn) (16)

The parameters h, m and n specify the pro-
portion of ions outside the neuron, while (1 − h),
(1 − m) and (1 − n) specify the proportion of ions
inside the neuron [Hodgkin & Huxley, 1952]. They
can also be viewed as the probability at which an
ion is likely to travel through an ion-channel into
the corresponding direction [Dayan & Abbott, 2001,
p. 169].

αm = −0.1
Vm + 38

e
Vm+38

−10
− 1

(17)

αh = 0.07e
Vm+61.5

−20 (18)

αn = −0.0075
Vm + 65

e
Vm+65

−10
− 1

(19)

βm = 4e
Vm+63

−18 (20)
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βh =
1

e
Vm+31.5

−10 + 1
(21)

βn = 0.125e
Vm+44

−200 (22)

The autapse was modeled by an inhibitory
ion channel gated by gamma amino butter acid
(GABA). The maximum conductivity of the GABA
autapse was set to Gaut−max = 0.025 µS [Traub &
Miles, 1991, p. 51]. The time constants of the au-
tapse were set to τaut1 = 4.2 ms and τaut2 = 0.1 ms
to represent a GABAA-gated Cl− channel [Traub &
Miles, 1991, p. 86]. The equilibrium potential of the
autapse was set to −80 mV. The abovementioned
normalization factor is calculated according to

ϕaut =

(

(

τaut2

τaut1

)τrise/τaut1

−

(

τaut2

τaut1

)τrise/τaut2

)

−1

(23)

τrise =
τaut1τaut2

τaut1 − τaut2

(24)

Our model neuron had six dendrites each with
a length of 200 µm and a diameter of 1.5 µm.
The diameter of the soma was 30 µm and the
axon was 500 µm long and 6 µm thick. The den-
dritic input had a frequency of 200 Hz. The con-
ductivity of synapses was 0.0055 µS per dendrite
(i.e. 0.033 µS for all six dendrites). The time con-
stants were τsyn1 = 3 ms and τsyn2 = 0.1 ms. ϕsyn

can be computed just like ϕaut by replacing aut by
syn in Eq. (23). The resting-potential of the basket
cell was set to −60 mV [Shepherd, 1998, p. 51].
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