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Abstract

The significance of cholinergic modulation for associative memory performance in the piri-
form cortex was examined in a study combining cellular neurophysiology in brain slices with re-
alistic biophysical network simulations. Three different physiological effects of acetylcholine
were identified at the single-cell level: suppression of neuronal adaptation, suppression of
synaptic transmission in the intrinsic fibers layer, and activity-dependent increase in synaptic
strength. Biophysical simulations show how these three effects are joined together to enhance
learning and recall performance of the cortical network. Furthermore, our data suggest that ac-
tivity-dependent synaptic decay during learning is a crucial factor in determining learning capa-
bility of the cortical network. Accordingly, it is predicted that acetylcholine should also enhance

long-term depression in the piriform cortex.

Index Entries: Piriform cortex; acetylcholine; memory; neuronal adaptation.

Introduction

Rats demonstrate a capacity for memory
function in the olfactory modality analogous
to memory function for the visual modality in
primates (Jenings and Keefer, 1969; Slotnick
and Katz; 1974; Staubli et al., 1984, 1986, 1987;
Eichenbaum et al., 1986), making it an appro-
priate model system for studying the ncural
substrate of memory function. Blockade of
muscarinic cholinergic receptors has been

shown to impair learning of new informa-
tion in a wide range of behavioral tasks
(Sutherland et al., 1982; Hagan and Morris,
1989; Aigner et al., 1991; Hasselmo, 1994).
In particular, antagonists, such as scopol-
amine, impair the learning of new odors
(Hunter and Murray, 1989; Soffie and
Lamberty, 1988). However, it is not clear how
these behavioral phenomena relate to the
physiological effects of acetylcholine (ACh)
within cortical structures.
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Brain slice preparations provide an ideal
substrate for exploring cholinergic-induced
changes of the intrinsic properties of neurons,
as well as modifications of their synaptic
inputs. Piriform cortex slices are of special
advantage for investigating synaptic modifi-
cations owing to their special anatomical
structure, which show clear segregation be-
tween cell bodies (layer I), proximal dendrites
(layer Ib), which are activated by intrinsic fibers
only, and distal dendrites (layer Ta), which
contain synaptic terminals of afferent axons
only. This anatomical structure allows synaptic
activity to be evoked from well-identified
pathways.

Realistic computational modeling is a power-
ful tool that provides the crucial link between
cellular events and behavioral phenomena,
such as learning. Our work combines electro-
physiological recordings from brain slices with
single-cell (Fig. 1) and network biophysical
modeling to examine how cholinergic effects
may be combined to set the proper dynamics
for learning in the piriform cortex.

Cellular Effects of ACh
on Pyramidal Cells

Suppression of Neuronal Adaptation

Adaptation of firing frequency is commonly
found in cortical pyramidal cells (Connors
et al., 1982; Madison and Nicoll, 1984;
McCormick et al., 1985; Schwindt et al., 1988;
Agmon and Connors, 1992). We tested the
repetitive firing properties of piriform cortex
pyramidal cells using a full range of current in-
jection amplitudes. Although neurons differed
markedly in thejr adaptation rate, certain com-
mon characteristics of firing patterns were
evident. Injection of current sufficient to depo-
larize the ncuron to threshold potential caused
the firing of a single spike. Increasing stimulus
intensity resulted in a gradual increase in the
number of action potentials evoked. Firing
frequency was highest for the first two spikes
and decreased gradually as current injection
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continued. As was previously demonstrated
(Madison and Nicoll, 1984; McCormick and
Prince, 1986; Tseng and Haberly, 1989), appli-
cation of the muscarinic agonist carbachol
(20 uM) reduced adaptation considerably.
Increase in firing frequency was most promi-
nent on the response to the later part of a 1-s
injected pulse. Effect on initial firing frequency
was notably mild. The adaptation strength of
each neuron was examined using a quantita-
tive measure termed S-I value (see Barkai and
Hasselmo, 1994). This allowed construction of
single-cell biophysical models that could imi-
tate “typical” piriform cortex pyramidal neu-
rons in control conditions and when carbachol

is applied (Fig. 2).

Suppression of Synaptic Transmission

Carbachol strongly suppresses synaptic
transmission in the intrinsic, but not afferent
fibers (Hasselmo and Bower, 1992, 1993). This
effect is dose-dependent and is probably
caused by reducing synaptic release, as indi-
cated by increased paired-pulse facilitation
(Hasselmo and Bower, 1992). In the biophysical
simulation, reduction of synaptic strength is
implemented by reducing the postsynaptic
sodium conductance activated by presynaptic
activity. Figure 3 shows the effect of carbachol
on synaptic transmission in a brain slice and
the simulation of its effect in the model.
Cholinergic suppression of intrinsic excitatory
synaptic transmission has also been demon-
strated in somatosensory cortex brain slices
(Hasselmo and Cekic, 1996).

Enhancement of Long-Term
Potentiation (LTP)

ACh has been demonstrated to enhance the
induction of LTP in hippocampal region CAl
(Hirotsu et al., 1989; Tanaka et al., 1989; Blitzer
et al., 1990; Huerta and Lisman, 1994) and in
the dentate gyrus (Burgard and Sarvey, 1990).
This may be related to the cholinergic enhance-
ment of stimulation-initiated protein synthesis
via an NMDA-dependent mechanism (Feig
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Fig. 1. (Top) A schematic representation of the piritorm cortex slice preparation. Pyramidal cells receive ex-
citatory afferent input in the distal dendrite from olfactory bulb afferent fibers and excitatory intrinsic input in the
proximal dendrite from other cortical pyramidal cells. Stimulating electrodes were placed in layer Ib (intrinsic
fiber layer). Extracellular recordings were performed in layer b and intracellular recordings from pyramidal cell
bodies located in layer Il. Experiments were performed on brains removed from etherized female albino Sprague-
Dawley rats 4-6 wk of age. Slices of piriform cortex were prepared and maintained following standard proce-
dures (Barkai and Hasselmo 1994). (Bottom) Schematic representation of the biophysical simulation of a single
piriform cortex pyramidal cell, with two dendritic and one somatic compartment containing a range of synaptic
and voltage-dependent conductances. Synaptic conductances shown here include excitatory synaptic sodium
conductances in the distal and proximal dendritic compartments,inhibitory potassium conductance in the prox-
imal dendritic compartment, and chloride conductance in the soma. Voltage-dependent conductances include
the Hodgkin-Huxley fast sodium and delayed rectifier potassium conductances, which underlie the generation of
action potentials in the membrane potential trace. Not shown: Additional calcium and voltage-dependent potas-
sium currents underlying adaptation. (Based on figure in Barkai et al., 1994.)

and Lipton, 1993) and to cholinergic potentia-
tion of NMDA receptor-mediated responses
(Markram and Segal, 1990). Stimulating 10 s at
5 Hz does not induce significant LTP of the in-
trinsic synapse in control conditions, but a sub-
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stantial increase in synaptic potential is noted if
the stimuli are applied in the presence of carba-
chol (Fig. 4). This LTP cannot be induced when
NMDA receptors are blocked (Hasselmo and
Barkai, 1995).
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EXPERIMENTAL DATA BIOPHYSICAL SIMULATION

CHOLINERGIC MODULATION 250ms

Fig. 2. Intracellular recordings (left) and biophysical simulations (right) demonstrating suppression of
neuronal adaptation induced by carbachol. A 1-s pulse of 0.7 nA was delivered before (upper trace) and during
(lower trace) carbachol application. The main effect of the cholinergic agonist is increasing firing rate at the later
part of the response. Various levels of adaptation are implemented in the biophysical simulation by calcium-
dependent and sodium-dependent conductances. (Taken from Barkai et al., 1994.)
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Fig. 3. Selective cholinergic suppression of synaptic transmission is observed in brain slices (left) and is
implemented in the biophysical model (right) by decreasing maximal conductance of synaptically activated
sodium channels. (Taken from Barkai et al., 1994.)
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Fig. 4. Activity-dependent synaptic enhancement.
(Top) Repetitive stimuli applied at 5 Hz for 10 s do
not induce LTP under control conditions (Middle)
Same stimulus paradigm induces LTP in the presence
of 20 uM carbachol. (Bottom) 50 uM APV prevents
LTP induction. Traces are average of 5 EPSPs cvoked
al 0.1 Hz. Potentials before and 20 min after the 5-1z
stimuli are compared. (See Hasselmo and Barkai,
1995))

Simulating Cholinergic Effects
with a Biophysical Network

Computational biophysical simulations of
single neurons described above are combined in
networks with parameters representing the
transmission of action potentials along axons
and the conductances mediated by synapses on
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the dendrites of other neurons. According to pir-
iform cortex anatomy, 240 simulated pyramidal
cells receive excitatory afferent input to the dis-
tal dendrite and excitatory intrinsic input to
the proximal dendrite from intercortical cells
(Fig. 5). Each pyramidal cell is connected to 70%
of the other pyramidal cells, on average. This
unrealistically high percentage is used to
compensate for the relatively small size of the
network. The model also contains 58 cach of
inhibitory interneurons mediating feedforward
inhibition (receiving excitatory afferent input)
and feedback inhibition (receiving excitatory in-
trinsic input). Both feedforward and feedback
inhibition include interneurons activating
GABA , receptors (activating chloride conduc-
tance in somatic compartments) and GABAj
receptors (activating potassium conductance in
proximal dendritic compartments). Axon trans-
mission delay is calculated based on a computa-
tion of the distance between modeled neurons
and the experimentally determined transmis-
sion delays along those axons. Synaptic currents
are represented by shifts in the ionic conduc-
tance for Na for excitatory synapses and K or Cl
for different inhibitory synapses, with the time-
course of synaptic currents following a standard
dual exponential time-course with specific time
constants dependent on the specific receptor
and channel type. Modifications of synaptic
strength occur by changing the postsynaptic
conductance when the presynaptic cell gene-
rates action potentials. Synaptic strength may be
enhanced or decreased. Strengthening of synap-
tic connections occurs when presynaptic activity
occurs simultancously with postsynaptic activ-
ity, and synaptic weakening is induced when
only the presynaptic cell is activated.

Suppression of Neuronal Adaptation
Enhances Learning

Implementing the Hebbian learning rule
enables the network to perform associative
memory function (Fig. 6). Decreased neuronal
adaptation results in increasing the rate of
strengthening the excitatory synaptic connec-
tion. This effect is a direct result of the increase
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Fig. 5. Network simulation is composed of 240 pyramidal neurons receiving excitatory afferent input on the
distal part of their dendrite and excitatory intrinsic input on the proximal portion of the dendrite. Feedforward
inhibition (activated by the afferent input) is applied to the distal dendrites and feedback inhibition (activated by
the intrinsic synapses) is applied to the cell bodies (sce Tseng and Haberly, 1988). Fifty-eight inhibitory inter-
neurons from each type are evenly distributed in the network. Synaptic inhibition strength decrcases gradually as
pyramidal cells are located further from the inhibitory interneurons. (Taken from Barkai et al., 1994.) Excitatory
neurons may switch from “strong adapting” mode when control conditions are simulated to “weak adapting”
mode when ACh is present. Inhibitory neurons fire at a constant rate without adaptation. Development of single
cells and network models is based on previous biophysical simulations, using the GENESIS package (Wilson and
Bower 1989, 1992).

in firing rates, especially toward the later part Suppression of Synaptic Transmission

of the training session. Under control condi- Prevents Runaway Synaptic Modification
tions, most pyramidal neurons rarely fire ac-

tion potentials 200 ms after stimulus onset Different odorants do not activate orthogonal
(Barkai and Hasselmo, 1994). Thus, the later patterns in the piriform cortex. When present-
part of the 500-ms activation is not efficient for ing a monkey with eight different odors, more
modifying synaptic connections. When ACh is then 50% of the neurons in the piriform cortex
present, the same neurons are capable of gen- responded to at least one odor (Tanbe et al.,
erating action potentials throughout the pe- 1975). Efficient learning of overlapping patterns
riod in which afferent stimulation is present. is restricted by the prospects of extending the
Consequently, modification of synaptic con- strength of synaptic connections up to a point at
nections is enhanced. Effect of suppression of which activity in a subpopulation of neurons
neuronal adaptation at a single excitatory that represent a learned pattern will spread into
synapse is shown in Fig. 7A and on strength- another subpopulation of neurons, which form
ening synaptic connections throughout the together a different pattern. This undesired
network in Fig. 7B. spread of activation, mediated by neurons that
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Fig. 6. Neuronal activity during recall. Associative memory function with a single learned pattern in a 240-
neuron network biophysical simulation (see Barkai et al., 1994). On the left, the size of the black squares repre-
sents the number of spikes fired by each of the 240 (in an array of 15 x 16) neurons during recall. On the right,
membrane potential traces are shown for three simulated pyramidal cells (numbers 31, 111, and 190) over a
period of 600 ms. (A) Response of the network to the complete version of the pattern. Twenty neurons show spi-
king activity owing to activation by the afferent input pattern. On the right, two neurons receiving afferent input
generate action potentials, whereas one neuron not receiving input shows only slight inhibitory influences.
(B) No learning. Response to a degraded version of the pattern when no modification of excitatory intrinsic
synapses has occurred. Note that only 12 neurons show spiking activity. Eight neurons are no longer active owing
to removal of eight input lines. Because learning has not occurred, these neurons do not receive sufficient exci-
tatory intrinsic input to show completion. On the right, one of the neurons previously receiving afferent input
now does not fire. (C) Completion after learning. Response to degraded version of the pattern after modification
of excitatory intrinsic synapses during learning of the pattern. Note that the eight neurons not receiving the affer-
ent input now fire in response to the spread of activity across strengthened excitatory intrinsic synapses. On the
right, the spiking activity of the neuron not receiving afferent input has been restored.

are shared by both patterns, will then advance
to other subpopulations, until a large portion of
the neurons in the network will fire synchro-
nously. The outcome of such a process is that
the network will respond with excessive,
broadly distributed activity whenever a learned
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pattern or a part of it is presented. The hyperex-
citable response does not discriminate between
different input lines and is very different from
all the learned patterns (Fig. 8). Thus, the scem-
ingly paradoxical suppression of excitatory
transmission by ACh is essential to prevent a
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Fig. 7. Suppression of neuronal adaptation enhances learning in the biophysical network simulation. (A) Rate of
learning in a single excitatory synapse is higher when the network is composed from neurons with weaker adapta-
tion (closed circles) than in a network that contains neurons that adapt strongly (open circles). (B) Synaptic connec-
tivity matrixes, showing strength of connectivity among all pyramidal cells in the network. Training the network
when neurons have weaker adaptation allows many connections to be enhanced to their maximal possible value.

nonspecific excitation that causes runaway
synaptic modification, which prevents the net-
work from performing associative memory.

Activity-Dependent Synaptic Enhancement
Alone Is Not Efficient

Activity-dependent enhancement of synaptic
connections can provide good recall of the

stored pattern, but excessive strengthening of

Molecular Neurobiology

intrinsic synapses can lead to simultaneous re-
call of all stored patterns, resulting in a loss of
discrimination between patterns. As shown in
Fig. 9, different learning rates result in different
performances of the associative memory func-
tion. When a low rate was used, the network
was unable to perform associative memory
function, since connections between pyramidal
cells were not sufficiently strengthened during
the learning mode to allow a spread of activity
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Fig. 8. Suppression of synaptic transmission enables storage of overlapping patterns. The spiking activity of
each of the 240 pyramidal cells is shown in different conditions, with the size of the black squares representing
the number of action potentials fired during a 500-ms period. (A) Response to the complete versions of five dif-
ferent patterns. Each pattern activated 20 pyramidal cells. Each two patterns overlapped by 10%, and the total
overlap between all was 50%. (B) Response to a degraded versions of the input pattern (missing eight input lines
each) before any learning has occurred. (C) Response to degraded versions of the input pattern after learning in
the presence of cholinergic effects. Note that the spread of activity across previously modified intrinsic synapses
causes spiking activity in neurons, which were elements of the complete learned pattern. (D) Response to the
degraded versions of the input pattern after Jearning without cholinergic suppression of synaptic transmission.
Fxcessive strengthening of intrinsic synapses results in recall of elements of all the patterns stored in the network,
preventing discrimination among different patterns. (Taken from Barkai et al., 1994.)

in the network during the recall mode. There-
fore, when the partial patterns were presented
during recall, the spiking response of the net-
work was incomplete in comparison to the re-
sponse to the full pattern. When the learning
rate was increased to an ideal value, the net-
work was capable of completing some of the
missing inputs. When the learning rate was fur-
ther increased, the network entered an hyperex-
citable state, in which it ceased to discriminate
between different patterns. Figure 9 also de-
scribes quantitatively the relationship between
learning rate and the performance of the net-
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work. It is evident that for the period of learning
utilized in these simulations only, a narrow
range of learning rates was suitable for allowing
completion specific to individual patterns.

Activity-Dependent Long-Term Synaptic
Depression During Learning Increases
the Network’s Stability

The narrow range of learning rates that re-
sult in good recall introduces an interesting
question: How can the proper rate of synaptic
modification be obtained within the actual
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Fig. 9. Effects of different learning rates on performance of associative memory function. (A) Learning rates were
normalized to the rate needed to bring a synapse to its possible maximum strength when pre- and postsynaptic
neurons are activated synchronously for 600 ms. The first column illustrates three of the five patterns of activity
that were learned by the network. The size of the black squares represents the number of spikes fired by each of
the 240 simulated piriform cortex pyramidal cells. Each pattern was generated by activating two afferent input
fibers, which causes broadly distributed activity in the pyramidal cells. The average percentage of connections
between the afferent fibers and the pyramidal cells was 5%. Columns 2-4 represent the activity generated by the
network in response to activating only one of the afferent fibers of each pattern. In the second column, responses
are shown after learning at a rate that was 17% (0.17) of the rate that would drive all active connections to their
maximal possible weight. After learning at this rate, the network was not capable of performing completion of
degraded patterns. In the third column, responses to degraded patterns after learning at a rate that was 50% (0.5)
of the maximal rate are shown. Here, strengthening of intrinsic connections allows completion of missing
clements of the degraded pattern (compare with column 1). In the fourth column, responses for degraded pat-
terns after [earning at a rate that was 83% (0.83) of the maximal rate show spread of activity to a large portion of
the network. Responses are very different from the original patterns and are similar to each other, reflecting the loss
of discrimination between patterns. (B) Graph showing the normalized performance measure as a function of the
normalized learning rate (see Barkai et al., 1994 for normalized performance measurements). Effective recall may
be obtained only when applying learning rates in the lower range. (Modified from Hasselmo and Barkai, 1995.)

neural ensemble? This suggests that even if dependent depression in the strength of synap-

the correct learning rate is applied when an
individual memory is stored, these synaptic
connections might still be excessively strength-
ened when additional patterns are presented.
A common response to this difficulty in more
abstract models of cortical function has been to
incorporate normalization of synaptic strength
or activity-dependent depression of synaptic
strength (Grossberg, 1972; Levy et al., 1990).
We examined the possibility that activity-
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tic connectivity may offer a solution to this
problem in the network biophysical simulation.

The effect of introducing a depression rate
into the system on the synaptic connectivity
matrix is shown in Fig. 10. Note the difference
in efficacy of applying depression during learn-
ing and during recall. Although introducing
depression during recall does not significantly
improve associative memory performance, ap-
plying the depression rule during learning re-
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Fig. 10. Recall performance in the model after applying depression during learning and during recall. (A) In the
first row, three out of five full patterns are represented (same patterns as in Fig. 9). The second row illustrates the
completion ability of a network in which a learning rate of 1.0 was combined with a depression rate of 0.6 during
learning (for determination of depression rate, sec Hasselmo and Barkai, 1995). The responses to three degraded
patterns are shown (degraded patterns are the same as in Fig. 9, column 2). The third row shows that applying a
depression rate of 0.5 during recall after training with a learning rate of 1.0 does not allow completion of the
patterns. (B) Graph showing the normalized performance measure during recall as a function of the depression
rate during learning (full circles) and during recall (empty circles). A learning rate of 1.0 was applied. No
depression rate is efficient when applied after learning. In contrast, when depression is applied during learning,
all depression rates with values of 0.4 or more are efficient in improving recall performance considerably. These

results suggest that synaptic depression should be enhanced at the same time as synaptic strengthening.

sulted in a steady improvement of memory,
with a similar level of improvement across a
range of depression values from 0.4 to 1.0.

Simulations with the biophysical network
suggest that the depression process should take
place during learning rather than during recall
in order to be effective. In other words, the net-
work simulation indicates that a “forgetting”
process should occur simultaneously with the
learning process, rather than afterward. This
leads to the prediction that the depression of
synaptic strength should be stronger when
cholinergic modulation is present compared
with control conditions. Whether this predic-
tion is valid is yet to be explored.
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