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Our knowledge of the cerebral cortex is increasing at an accelerating pace
as new anatomical and physiological techniques become available. It is
now possible, with whole-cell patch recording (Hamill et al., 1991), to
obtain intimate knowledge of single cortical neurons in vivo. Yet, cortical
neurons are embedded within circuits that entwine the intrinsic properties
of single neurons as they interact through synaptic actions. New properties
emerge from these network interactions that are difficult to predict from
the properties of the individual neurons. Computer models of neurons and
their synaptic interactions may help us dissect these emergent properties
in conjunction with experimental studies.
Our models of cortical neurons are based on the pioneering model of
the action potential in the squid giant axon by Hodgkin and Huxley
(1952) and the dendritic models of Rall (1967). In these models, each
element of the neuron is treated as an electrical element having resistive
and capacitative properties, and membrane conductances are modeled by
voltage-dependent kinetic schemes. In the past it has been necessary to
limit the complexity of the model because of the difficulty of solving the
large number of coupled differential equations. With the current generation of workstation computers, we can routinely model single neurons
with 400 or more compartments. The computer power and the knowledge
necessary to model populations of neurons are now becoming available
that would allow the same approach to be used to explore cortical
networks.
In this chapter we provide an overview of a long-term project that we
lave undertaken to study a particular population of cells within the
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cortex-the network of interacting neurons within layer V of the visual
cortex. The first step is the development of realistic models of single cortical neurons based on accurate anatomical and physiological data. The
responses of these model neurons are matched against single neuron responses to natural sensory and electrical stimuli recorded in vivo. The
second step is to reduce the complexity of the single-cell model for use in
large-scale simulations of networks. The reduction is necessary to make
the simulation times tractable. If the essential dynamical elements of the
neuron are intact in the reduced models, simulations of large networks of
neurons can then serve as a tool for exploring properties that are difficult
to approach experimentally. We used such a model to study the synchronization of layer V neurons and its dependence on the pattern of connectivity between columns of excitatory and inhibitory neurons.

DENDRITIC SATURATION
Dendrites have a much higher input impedance than the soma (Rinzel and
Rall 1974); even single excitatory postsynaptic potentials (EPSPs)can produce significant local depolarization and reduce the driving force on simultaneous and subsequent EPSPs on the same dendritic branch. In addition, synaptic conductances add to the resting membrane conductance
of the neuron (Barrett and Crill, 1974; Bernander et al., 1991; Holmes
and Woody, 1989; Rapp et al., 1992). This effectively decreases the
membrane resistance (R,) and increases the space constant (A), resulting
in reduced depolarizations for simultaneous and subsequent EPSPs. We
refer to these two phenomena collectively as the dendritic saturation effect,
although the term "saturation" does not necessarily imply that the
membrane is at the synaptic reversal potential or that R, has been effectively reduced to zero.
There is some direct experimental evidence for saturation during synaptic activation under physiological conditions. Ferster and Jagadeesh
(1992) have demonstrated that the size of an EPSP evoked in visual cortical
cells by electrical stimulation of the LGN was reduced during depolarizations caused by visual stimulation compared to its size at the resting
potential. The reduction in EPSP size was proportional to the somatic
depolarization caused by the visual stimulation. Thus, an EPSP that peaked
at about 6 mV at rest was reduced to less than 1 mV when the cell was
depolarized from a resting potential of -60 mV to a potential of -40 mV
by visual stimulation (Fig. 12-1A; Ferster and Jagadeesh 1992).
Ferster and Jagadeesh interpreted their results as evidence that the synaptic sites (dendrites) were significantly more depolarized than the soma
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FIGURE 12-1. Dendritic saturation during physiological synaptic activation. A. Experimental data: peak amplitude of the test EPSP plotted against V, just before the
EPSP occurred while the visual stimulus was at the optimal orientation for the cell.
Arrow 1 indicates control EPSP (before stimulation), arrow 2 indicates test EPSP
(at peak of visual response; from Ferster and Jagadeesh, 1992). B. Simulation of
the experiment in A, as detailed in the text. Peak amplitude of the test EPSP plotted
against V, just before the EPSP occurred for a variety of firing frequencies of the
70 excitatory synapses:
= 0 Hz, 0 = 25 Hz, 0= 50 Hz, X = 75 Hz,
= 100
= 300 Hz,
= 400 Hz. The amplitude of the EPSP decreased
Hz, A = 200 Hz,
linearly with V,. C. Concurrent inhibition i s included in the simulation (33 inhibitory synapses at twice the frequency of excitatory synapses). D. Simulations i n C
repeated for R, values of 5 (solid), 20 (dashed), and 100 (dotted traces) k a cm2
200
and 500 ( A ) n c m . Data plotted for excitatory
and R, values of 70 (O),
input frequencies of 0, 25, 100, 200, and 400 Hz. Each point is the average of
five trials.
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during synaptic activation of the cell, thus producing saturation by the
process described above. We have tested this hypothesis by simulating their
experiment, and the results are shown in Fig. 12-1. We used a 400-compartment model of a layer I1 pyramidal cell (see B1:sh and Sejnowski, 1994
for details) because its morphology is reasonably close to that of the presumed layer IV spiny stellate cells that Ferster and Jagadeesh studied. A
constant current of -0.1 nA was injected starting at 30 msec to prevent
firing during the synaptic activation, as in the experiments of Ferster and
Jagadeesh. Visual stimulation was simulated by 70 excitatory synapses
placed randomly on the basavoblique dendrites, activated by a Poisson
process starting at 80 msec. The mean frequency of these visual inputs
was varied. A single simultaneous stimulation at 5 msec and again at 150
msec was applied to 35 additional excitatory synapses on the same dendritic segments as the initial 70. The firing of these 35 synapses represented
the effects of electrical stimulation of the LGN: the first stimulation gave
a control EPSP; the second, occurring during "visual stimulation," gave a
test EPSP. Different trials using a different seed for :he random number
generator produced Poisson-distributed trains of EPSPs.
Figure 12-1B shows the results of multiple trials at different frequencies
of visual stimulation. Higher frequencies of excitatory input produced
greater somatic depolarization, as would occur in a cell as the visual stimulus was presented at increasingly optimal values of orientation, velocity,
and direction. The peak amplitude of the EPSP is plotted against the somatic membrane potential (V,) just before the EPSP occurs. As in the
experimental data (Fig. 12-lA), the amplitude of the evoked EPSP decreased linearly with V,. The dendrites were depolarized to between -25
mV and -20 mV during maximal synaptic activation, which means that
the EPSP driving force was reduced by about 60%. Since the test EPSP
was reduced by about 80% during maximal synaptic activation (Fig. 12lB), a reduction in EPSP size of approximately 20% was due to a reduction in the input resistance (R,,) caused by the excitatory synaptic input.
The results shown in Figure 12-1B provide a qualitative match to those
of Ferster and Jagadeesh, but the difference between the level of somatic
and dendritic depolarization in the model was not great. In addition, the
slope of the relationship between EPSP height and somatic V, was not as
steep as in the experimental data: the abscissa intercept (EPSP reversal
potential) is about -40 mV in the experimental results (Fig. 12-1A) and
-25 mV in Fig. 12-1B. Ferster and Jagadeesh report that visual cortical
cells cannot be depolarized by more than 20 mV from rest by visual stimulation (Ferster and Jagadeesh 1992). For our model cell (resting potential
-6.5 mV), this corresponds to complete saturation at a somatic V, of -45
mV.
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Effect of Inhibition on Saturation
The difference between our simulations of dendritic saturation and the
experimental results could be due to the omission of inhibitory input in
the simulation. Recent studies (Berman et al., 1991; Douglas et al., 1988;
Ferster and Jagadeesh, 1992) have suggested that inhibitory input to visual
cortical cells is weak during nonpreferred responses and is in fact strongly
correlated with the degree of activation of the excitatory cells (Ferster,
1986). This suggestion fits with anatomical evidence that spiny excitatory
cells make direct contacts with inhibitory cells, which then make direct
contacts back onto the same excitatory population (Douglas and Martin,
1991). We repeated the simulation described above, this time including 33
inhibitory synapses-12 on the soma and 21 on the preterminal basal1
oblique dendrites. This is the pattern of innervation characteristic of basket
cells, the most common inhibitory cell type in cortex (Martin, 1988). Inhibitory (smooth) cells often fire at much higher rates than typically found
in pyramidal cells (McCormick et al., 1985); therefore, inhibitory synapses
were activated at a mean frequency twice that of the excitatory synapses.
Fig. 12-1C shows the results of including inhibition in the simulation. The
EPSPIsomatic V, slope is steeper, with an abscissa intercept of about -35
mV. This is much closer to the experimental data of Ferster and Jagadeesh
(Fig. 12-1A). Dendrites were depolarized to about -30 mV during maximal synaptic activation, less than in the excitation-alone case, yet the
EPSPIsomatic V, slope is steeper with inhibition. A dendritic depolarization to around -30 mV reduced the EPSP driving force by about 50%.
Test EPSPs were reduced in amplitude by up to 80%, so the remaining
30% reduction must be due to decreases in R,, caused by the excitatory
and inhibitory synaptic conductance changes. Intrinsic subthreshold voltage-dependent conductances during the experiments of Ferster and Jagadeesh may also have contributed to the reduction in R,, and hence EPSP
amplitude. The simulations of Fig. 12-1 did not include voltage-dependent
conductances, so we cannot evaluate the extent of this contribution, but
the simulations of Bernander et al. (1991) indicate that it is likely to be
relatively small.
Ferster and Jagadeesh (1992) focused on reduction in driving force as
the explanation for the decreases in evoked EPSP amplitude that they observed, but we found that decreases in R,, due to excitatory inputs made
a significant contribution. Furthermore, additional current shunts caused
by inhibitory synaptic activity must be included to produce an accurate fit
to the experimental data. The data in Fig. 12-1C fall along a straight line
because the major component of the saturation effect is due to the linear
reduction in driving force. The contribution from increased membrane
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conductance, which would produce a concave (hyperbolic) curve, is
masked by the driving force effect and the variance in the data. When
inhibition was included in the simulation, the soma could not be depolarized past -45 mV by the firing of the 70 excitatory synapses, which is the
limit of depolarization obtained with optimal visual stimulation as reported by Ferster and Jagadeesh (1992).
Figure 12-1D shows that the decrease in test EPSP amplitude due to
dendritic saturation is stable across a wide range of values for R , and R,.
The rate of decrease of EPSP amplitude with somatic V, was constant
over the full parameter range.
The soma could still be depolarized by 20 mV from its resting level even
when the 33 inhibitory synapses are firing at their maximum rate (Fig. 121).This finding indicates that firing of the postsynaptic cell could persist
despite significant inhibition. It supports the conclusion of Douglas and
Martin (1990a), who simulated the effect of a maintained inhibitory conductance on the firing rate of a simplified model neuron driven by intrasomatic current injection. They suggested that inhibition in cortex cannot
prevent the firing of a neuron receiving strong excitatory input. In contrast,
studies in vitro indicate that synaptically evoked GABAA inhibition is
strong enough to briefly suppress the firing of cortical neurons driven by
large depolarizing current injections (Connors et al., 1988; McCormick,
1989b). However, these results must be interpreted with caution given the
large difference in GABA, conductance elicited in vivo and in vitro (Berman et al., 1989).
Effectiveness of Inhibition
Under what conditions could inhibition be strong enough to suppress firing? What is the effect of strong synaptic activation on R,, of the target
neuron? These questions have been the subject of previous experimental
and theoretical studies (Berman et al., 1991; Douglas et al., 1988; Koch
et al., 1990). To address these issues the model layer I1 pyramid was driven
by the same concurrently active 70 excitatory and 33 inhibitory synapses
as in Fig. 12-1. Active conductances were added to the model to produce
adapting trains of action potentials (Fig. 12-2A). Fig. 12-2B shows the
firing rate of the model cell as a function of the firing rate of the 70
excitatory synapses. In agreement with Douglas and Martin, the effect of
the inhibition was to increase the threshold of the neuron and only slightly
reduce the firing rate above threshold.
These simulations ignored the observation that inhibition is correlated
with excitation (Ferster, 1986), which would occur if the inhibitory cells
were being driven by the excitatory cells that they were inhibiting (Douglas
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FIGURE 12-2. Effect of inhibition on the
firing rate of synaptically activated model
layer II pyramid. A. Adapting train of action potentials produced by 70 excitatory
inputs active at a mean frequency of 200
Hz. B. Firing rate of model as a function
of the firing rate of its 70 excitatory in=
puts. x = Initial, peak firing rate.
Steady, adapted firing rate. Solid traces
are results without inhibition. Dashed
traces are results with 33 additional inhibitory synapses firing at 100 Hz. This
level of inhibition has little effect on the
strongly activated pyramid. Dotted traces
are results with the firing rate of the inhibitory inputs equal to twice that of the
excitatory inputs in each case. This more
realistic level of inhibition causes a significant decrease in the firing rate of the
pyramid, although firing is not suppressed completely. C. Firing i s completely suppressed when an additional
150 somatic inhibitory inputs, which start
firing at a mean frequency of 400 H z at
t = 100 msec, are added to the simulation
shown in A.
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and Martin, 1991). It is reasonable to assume that the firing rate of the
inhibitory inputs would increase with the firing rate of the pyramidal cell,
and hence with the firing rate of the pyramidal cell's excitatory inputs (the
70 excitatory synapses). Therefore, we repeated the above simulations, this
time setting the firing rate of the inhibitory synapses to twice that of the
excitatory synapses. The results, shown in Fig. 12-2B (dotted traces), demonstrate that inhibitory input does have the potential to reduce significantly the firing rate of the target cell. However, the firing rate of the
pyramidal cell was still substantial: the inhibition produced by 33 synapses
is not enough to shut off the target cell.
The simulation was repeated with replacement of 33 somatodendritic
inhibitory synapses by 25 inhibitory synapses on the first 25 pm of an axon
initial segment consisting of seven cylinders with diameters tapered from
2.5 pm to 0.6 pm. This is the innervation pattern characteristic of chandelier cells, a type of cortical inhibitory interneuron (Farinas and DeFelipe,
1991b). Sodium and potassium spike conductances were included on the
first 25 pm at the same density as on the soma. The results (not shown)
were nearly identical to those shown in Fig. 12-2. Thus, we found no difference between the effect of basket cell inhibition and that of chandelier
cells (see also Lytton and Sejnowski, 1991). Similar results were also obtained when using the layer V cell instead of the layer I1 cell (not shown).
Cortical pyramidal cells receive hundreds of inhibitory synaptic contacts
on their somata and proximal dendrites (Douglas and Martin, 1990b; Farinas and DeFelipe, 1991a). Therefore, we increased the number of active
inhibitory synapses in our simulation to determine whether the concerted
activity of a larger fraction of the cell's inhibitory input was sufficient to
suppress firing. We found that the activity of about 200 somatic inhibitory
synapses was sufficient to prevent a cell receiving strong excitation from
firing (Fig. 12-2C). Consequently, we conclude that strong cortical inhibition (about 10% of the total number of inhibitory synapses on one pyramidal cell) is able to prevent the firing of even strongly driven pyramidal
cells, contrary to previous conclusions (Douglas and Martin, 1990a). Firing was completely suppressed by 200 inhibitory inputs whether the R,
of the model layer I1 pyramidal cell was 20 or 100 kflcm2. When R, was
5 k12cm2, the resting R,, of the model cell was so low (about 35 M a ) that
the 70 excitatory inputs did not drive the cell very strongly and the activity
of just 33 inhibitory inputs was sufficient to suppress firing.
REDUCED COMPARTMENTAL MODELS
The models used in the above studies contain hundreds of compartments
and thousands of coupled differential equations that must be solved each
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time step. To speed up simulations, model networks must use simplified
representations of the single neurons that comprise the network. These
simplified neurons must retain the electrotonic and synaptic integrative
properties of the real cell. We have developed a method for reducing the
number of compartments of neocortical pyramidal neuron models from
400 to 8 or 9. It is a simple collapsing method based on conserving the
axial resistance, rather than the surface area of the dendritic tree. The
cross-sectional area of the equivalent cylinder is made equal to the sum of
the cross-sectional areas of all the dendrites represented by that equivalent
cylinder:

where R is the radius of the equivalent cylinder and r, is the radius of
dendrite i. The length of the equivalent cylinder is just the average length
of all the dendrites represented by the equivalent cylinder.
The surface areas of our reduced models are less than those of the full
models. Thus, R, must be decreased to match the input resistance of the
full model and C , increased by the same factor to match the membrane
time constant. The reduced models produced by this method retain the
general morphology of the pyramidal cells on which they are based, allowing the accurate positioning of synaptic inputs and ionic conductances
on individual model cells, as well as the construction of spatially accurate
network models.
We constructed reduced models of the layer I1 and layer V pyramidal
cells used in the above studies (see Bush and Sejnowski, 1993, for details
of the reduction process), and the geometries are shown in Fig. 12-3B.
Drawings of the HRP-filled pyramidal cells are included for comparison
(Fig. 12-3A). To assess the accuracy of the method that produced the reduced models, we compared the responses of the reduced and full models
to different types of stimulation. The response of the reduced and the full
model layer V pyramidal cell to a continuous somatic current injection of
-0.7 nA are compared in Figure 12-4A. The superposition of the two
traces shows that both models have the same R,, and 7,. It is relatively
easy to match these parameters by tuning R, and C,.
However, such a match says little about how faithfully the reduced
model captures the synaptic integration properties of the full model (Fleshman et al., 1988). The responses of the reduced and the full model layer
I1 pyramid to a brief somatic current injection are compared in Figure 124B; Shelton 1985; Stratford et al., 1989). The response to a transient somatic input is dependent on R,, as well as R, and C,, because it is depen-

Models of Cortical Networks

183

dent on how fast current moves from the soma into the dendrites. The
response of the reduced model is a good fit to that of the full model. The
responses of both models to an EPSP on the soma, with 0.5 nS peak
conductance, are compared in Figure 12-4C. This tests essentially the same
properties as the brief current pulse; the performance of the reduced model
is very close to that of the full model.
Figure 12-5A shows the firing of the full 400-compartment layer V cell
in response to a maintained 1-nA somatic current injection. The model
cell produced an adapting spike train typical of the regular-firing class of
cortical pyramidal cells (McCormick et al., 1985). The conductances underlying this firing behavior, located in the soma only, were put into the
nine-compartment model without changing a single parameter. Because
both models have the same somatic dimensions, the same conductance
densities were used in both. Figure 12-SB shows the firing of the ninecompartment model in response to a 1-nA somatic current injection. The
response of the reduced model has the same form as that of the full

FIGURE 1 2-3. A. Drawings of reconstructed HRP-filled layer II (right) and layer V
(left)pyramidal cells. B. Geometries of reduced pyramidal cell models.
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FIGURE 12-4. Comparison of the responses of the reduied (R) and full (F)
models to somatic input. A. Voltage response at the soma of reduced and full
layer V pyramid models to the constant
current injection of -0.7 nA. The superposition of the two traces indicates that
both models have the same R,, and 7,. B.
Semi-log plot of voltage response of reduced and full layer II models to a 0.44msec 0.3 nA somatic current injection at
t = 5 msec. C. Voltage response of both
layer II models to a 0.5-nS somatic EPSP.
The close fit of the reduced model with
the full model indicates that the dendrites
conduct charge away from the soma at
the same rate in both models.
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FIGURE 12-5. Comparison of firing responses of reduced and full
model layer V pyramidal cell. The
somata of both models contain active conductances with exactly the
same kinetics and densities. A.
Adapting spike train of full model
in response to a constant 1-nA somatic current pulse. B. Spike train
of reduced model in response to
the same stimulus. The response of
the reduced model is of the same
form as that of the full cell, but the
firing frequency i s slightly higher.
C. Firing rate of full (solid traces)
and reduced (dashed traces) models as a function of the firing rate of
their 140 excitatory inputs. Each
model also receives 45 inhibitory
synapses, active at twice the rate of
the excitatory ones. x = Initial,
= Steady,
peak firing rate.
adapted firing rate. The close fit of
the two models demonstrates that
the reduced model integrates excitatory and inhibitory synaptic input
in the same manner as the full
model.
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model-an adapting train of action potentials. The firing frequency of the
reduced model was slightly higher, but the small difference was within the
limits of uncertainty of the model parameters, as well as the variance in
response recorded across different pyramidal cells (Douglas et al., 1991;
McCormick et al., 1985).
The final test was to compare the response of both models to synaptic
input. To produce the same output as the full model, the reduced model
must perform the same non-linear integration of dendritic EPSPs and IPSPs
as the full model and must display the same dendrites-to-soma transfer
characteristics. In other words, the reduced model must have the same
inputloutput function as the full model.
A majority (70% to 90%) of excitatory inputs to cortical pyramidal
cells are made on the basalloblique dendrites (Larkman, 1991a, b). We
distributed synapses on the dendrites and soma to reflect these measurements. Thus, 140 excitatory synapses were placed randomly on the basal
and oblique dendrites of the full model and 140 on the one oblique and
two basal equivalent dendrites of the reduced model. In addition, 33 inhibitory synapses were placed on the proximal dendrites and 12 on the
soma of each model, a pattern of innervation characteristic of basket cells,
the most common inhibitory cell type in cortex (Martin, 1988). Inhibitory
(smooth) cells fire at much higher rates than pyramidal cells (McCormick
et al., 1985); therefore, inhibitory synapses were activated at a mean frequency twice that of the excitatory synapses. Figure 12-SC shows the responses of the full and reduced models for the peak (initial) and steadystate (adapted) firing rates as a function of the frequency of the excitatory
inputs. The fit is close for all input frequencies, demonstrating that the
reduced model shows the same dendritic integration characteristics and
response to inhibition as the full model, despite having an extremely simplified structure.

NETWORK SIMULATIONS
We have recently used these reduced compartmental models to construct
networks of excitatory and inhibitory neurons and to simulate the synchronization that has been observed to occur within and between columns
in visual cortex of cats (Gray et al., 1992).
We simulate one column of layer V of visual cortex using 80 pyramidal
cells and 20 basket cells. The pyramidal cells, composed of nine compartments, have passive dendrites and sodium, potassium, high-threshold calcium, and calcium-dependent potassium conductance in the soma. They
fire repetitive bursts in response to constant current or synaptic input with
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a frequency dependent on the intracellular calcium elimination rate. The
basket cells consist of seven compartments and have only sodium and
potassium conductances in the soma to produce high-frequency nonadapting spike trains. A small amount of current noise is injected into every
neuron during each simulation.
Within a column of 100 neurons, connectivity is random all-to-all with
a connection probability of 10%. The synaptic delay has a mean of 1.2
msec, and all delays and synaptic conductances have large standard deviations. Due to randomly assigned calcium elimination rates, the pyramidal cells fire at different frequencies and with a random phase with respect
to other cells when stimulated in isolation. However, when the network is
connected and the pyramidal cells are stimulated with uncorrelated Poisson spike train input, all cells fire synchronously in an oscillatory manner
(Figure 12-6). As in the experimental data, the mean phase difference between individual neurons is zero msec, and there is a spike-to-spike jitter
of a few milliseconds. The network can be driven to oscillate at about 35
to 60 Hz, depending on the strength of the tonic input.
As in an earlier, simpler study (Bush and Douglas, 1991), the mechanism
of synchronization relies on rapid excitatory feedback to cause all the
pyramidal cells to fire together. The burst is then terminated by strong
inhibitory feedback from the basket cells. Also as in the previous study,
not every cell fires on every cycle, but when a cell does fire it is in phase
with the population. We found that the cells with a lower intrinsic bursting
rate were more likely to "miss" bursts and fire fewer spikes per burst when
they did discharge (Fig. 12-6).
Synchronization has been observed not only between neurons in a single
column but also between cells in different columns, some of which are
several millimeters apart (Gray et al., 1992). We have extended our singlecolumn simulation to attempt to explain these results in terms of known
physiological and anatomical data. Neocortical pyramidal cells in one column send axon collaterals to other columns where they contact mostly
other pyramidal cells but also some smooth (inhibitory) interneurons. The
density of this connectivity is much less than that within a column (Kisvarday and Eysel, 1992).Therefore, we modeled two columns of 100 layer
V neurons as described above and connected them together with a 3%
connection probability. When not connected, both columns synchronized
internally, but were at random phase with respect to each other. When
connections from pyramidal cells in one column just to pyramidal cells in
the other column were added, the frequency of oscillation increased, and
the two columns oscillated 180" out-of-phase, a phenomenon characteristic of coupled excitatory oscillators. However, when connections were
made from pyramidal cells in one column to both pyramidal and basket
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FIGURE 12-6. lntracolumnar synchronization in a model network of 100 layer V
cortical neurons. The top two traces show the somatic membrane potential of 2
basket cells from a population of 20 making up one column. The next trace is an
analog of the local field potential (LFP) to show the global synchronization of the
whole column. It i s the mean membrane potential of the somata of all the pyramidal cells in the column. A flat trace would be expected for no synchronization,
whereas the regular oscillation shown here indicates that the neurons in the column were firing synchronously. The bottom seven traces show the somatic
membrane potential of 7 sample pyramidal cells from the total population of 80.
In this example, the cells' intrinsic bursting frequency increases toward the bottom.
There i s considerable "jitter" in an individual pyramidal cell's output, but the
population synchrony is shown by the LFP and rhythmic firing of the inhibitory
neurons, which have no intrinsic oscillatory properties. The synchrony spontaneously dissapears and reappears at 400 and 350 msec. This is seen in real experimental data.

cells in the other column, the two columns synchronized their oscillation
within one or two cycles. Thus, the intercolumnar connection from pyramidal cells to inhibitory neurons, although quite sparse, is very important for intercolumnar synchronization.

CONCLUSIONS
Our goal is to understand how networks of cortical neurons are organized
to allow long-range contextual inputs to influence local processing. The
achievement of synchrony between distant columns of neurons may be
one such mechanism. We expect to uncover others as we continue to enlarge and improve on our models.
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