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How do we model 
neurological disease?



How do we model 
neurological disease?

Short Answer:  We don’t know



Less short answer....



Less short answer....

“Towards mathematical modeling of neurological disease from 
cellular perspectives” - upcoming workshops!



Neurological disease prevalence (US numbers):

4.5 million for Alzheimer’s disease
2.2. million for Schizophrenia
2.3 million for Epilepsy
1.5 million for Parkinson’s disease





Points to be illustrated and 
discussed in the lecture

• we need to consider a cellular basis (why?)

• context, context, context (under what situations is 
the disease considered?)

• neurological (experimental) models can be wide-
ranging (what motivates the choice?)

• cellular-based (oscillatory) modeling
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Cortical parvalbumin interneurons and
cognitive dysfunction in schizophrenia
David A. Lewis, Allison A. Curley, Jill R. Glausier and David W. Volk

Translational Neuroscience Program, Department of Psychiatry, University of Pittsburgh, Pittsburgh, PA 15213, USA

Deficits in cognitive control, a core disturbance of schizo-
phrenia, appear to emerge from impaired prefrontal
gamma oscillations. Cortical gamma oscillations require
strong inhibitory inputs to pyramidal neurons from
the parvalbumin basket cell (PVBC) class of GABAergic
neurons. Recent findings indicate that schizophrenia is
associated with multiple pre- and postsynaptic abnor-
malities in PVBCs, each of which weakens their inhibi-
tory control of pyramidal cells. These findings suggest a
new model of cortical dysfunction in schizophrenia in
which PVBC inhibition is decreased to compensate for
an upstream deficit in pyramidal cell excitation. This
compensation is thought to rebalance cortical excitation
and inhibition, but at a level insufficient to generate the
gamma oscillation power required for high levels of
cognitive control.

Introduction
Psychosis (e.g. hallucinations, delusions and disorganized
behavior) is the most striking clinical feature of schizophre-
nia, but impairments in cognition are now recognized as the
core domain of dysfunction in the illness [1]. Cognitive
deficits are present and progressive years before the onset
of psychosis [2] and thedegree of cognitive impairment is the
bestpredictor of long-termfunctional outcome[3].The range
of cognitive deficits in schizophrenia suggests an overarch-
ing alteration in cognitive control; that is, the ability to
adjust thoughts or behaviors to achieve goals [4]. Cognitive
control depends on the coordinated activity of several brain
regions, including the dorsolateral prefrontal cortex
(DLPFC) [5], and gamma frequency (30–80 Hz) oscillations
in DLPFC neural networks are thought to be a key neural
substrate for cognition [6]. Consistent with these observa-
tions, when performing tasks that require cognitive control,
individuals with schizophrenia exhibit altered activation of
the DLPFC [7] and lower power of frontal lobe gamma
oscillations [8,9].

Because cortical gamma oscillations require the strong
and synchronous inhibition of networks of pyramidal neu-
rons (reviewed in [10]), deficient GABA neurotransmission
in the DLPFC has been hypothesized to contribute to
altered gamma oscillations and impaired cognition in
schizophrenia [11]. Consistent with this interpretation,
manipulations in animal models that reduce GABA-
mediated inhibition diminished gamma oscillations [12]
and impaired cognitive function [13–16]. In addition, in

individuals with schizophrenia, negative modulation of
GABAergic neurotransmission exacerbated symptoms
[17], whereas positive modulation was associated with
increased frontal lobe gamma oscillations during a cogni-
tive control task [18].

However, surprising recent findings regarding the func-
tional properties of certain subtypes of cortical interneur-
ons and new observations regarding cell type-specific
alterations in markers of GABAergic neurotransmission
in schizophrenia require a new conceptualization of the
role of altered cortical GABAergic signaling in the cogni-
tive deficits of schizophrenia. Consequently, here we (i)
review recent findings both from cellular physiology
experiments and postmortem studies of schizophrenia that
demonstrate the limitations of existing circuitry models of
cognitive dysfunction in schizophrenia based on earlier
data; (ii) propose a new pathophysiological model of the
role of altered GABA neurotransmission in cortical circuit-
ry dysfunction in schizophrenia; and (iii) discuss the key
research questions raised by the new data and model.

Deficient cortical GABA synthesis is a conserved feature
of schizophrenia
GABAergic signaling is regulated, in part, by the enzymat-
ic activity of two isoforms of glutamic acid decarboxylase
(GAD), which differentially contribute to GABA synthesis.
Inmice, deletion of the gene encoding the 67-kDa isoform of
GAD (GAD67) results in a 90% reduction in brain GABA
levels and is embryonically lethal [19], whereas deletion of
theGAD65 gene is associated with only a 20% reduction in
total brain GABA [20] and normal survival. In multiple
studies using a variety of techniques, levels of GAD67
mRNA [21] and protein [22,23] have been found consis-
tently to be lower in the DLPFC of subjects with schizo-
phrenia. Similar deficits in GAD67 mRNA are also present
in other cortical regions, including sensory, motor and
limbic regions [24–27]. By contrast, cortical expression of
GAD65 appears to be normal or only slightly altered in
schizophrenia [22,28], and the density of GAD65-labeled
axon terminals in the DLPFC is unchanged [29].

The magnitude of the GAD67 deficit in schizophrenia
differs substantially across individuals, raising the ques-
tion of the extent to which the deficit reflects the disease
process or comorbid factors. Because GAD67 expression is
activity regulated [30], lower GAD67 expression in schizo-
phrenia could reflect reduced cortical activity secondary to
other factors that accompany a chronic psychiatric illness.
However, the variability in GAD67 mRNA levels across
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subjects with schizophrenia is not attributable to potential
confounds, such as substance abuse or antipsychotic med-
ications, predictors (e.g. male sex, a family history of
schizophrenia and early age of onset), or measures of
disease severity (e.g. suicide, lower socioeconomic status,
not living independently and no history of marriage), or
duration of illness [23,28]. Thus, lower cortical GAD67
mRNA levels appear to be a conserved feature that is a
core common component, and not a consequence, of the
disease process of schizophrenia.

However, less GAD67 mRNA and protein does not
necessarily support the conclusion that cortical GABA
levels are lower in schizophrenia. For example, GAD67
expression could be downregulated in response to reduced
GABA metabolism; indeed, pharmacological inhibition of
GABA degradation results in elevated cortical GABA and
less GAD67 protein [31]. Unfortunately, current attempts
to measure cortical GABA levels in vivo with magnetic
resonance spectroscopy (MRS) have produced mixed
results in subjects with schizophrenia [32–34]. However,
lower GABA levels in the visual cortex in subjects with
schizophrenia were correlated with reductions in a behav-
ioral measure of visual inhibition that depends on GABA

neurotransmission [34], and frontal lobe GABA levels
tended to be correlated with working memory performance
in subjects with early-stage schizophrenia [35]; both of
these findings support the idea that lower GABA synthesis
in schizophrenia results in cognitive impairments. Howev-
er, becauseMRS assesses total tissue GABA levels, and not
GABA levels in synaptic vesicles or the extracellular space,
the relevance of MRSmeasures to cortical GABA synthesis
and transmission remains uncertain. Alternative strate-
gies to measure shifts in the levels of extracellular GABA
are emerging and preliminary findings support a positive
relationship between the capacity to increase extracellular
GABA and physiological correlates (i.e. gamma oscilla-
tions) of cognitive control [36]. However, as indicated in
the following sections, in vivo methods that can assess the
synthesis and release of GABA from particular populations
of interneurons may be required.

GAD67 deficit is prominent in parvalbumin-positive
interneurons
Understanding the functional significance of lower cortical
GAD67 levels requires knowledge of the affected class of
interneurons. In schizophrenia, GAD67 mRNA levels are[(Figure_1)TD$FIG]
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Figure 1. Schematic summary of alterations in neuronal circuitry in layer 3 of the dorsolateral prefrontal cortex (DLPFC) in subjects with schizophrenia. The perisomatic
inhibition of pyramidal neurons (gray neurons) by parvalbumin-positive basket cells (PVBCs) is reduced owing to (i) lower glutamic acid decarboxylase (GAD)-67 mRNA
expression [39] and lower GAD67 protein [23] and, hence, less GABA synthesis; (ii) higher levels of m opioid receptor (mOR) expression in PVBCs, which reduces their
activity and suppresses GABA release [77]; (iii) reduced expression of cholecystokinin (CCK) mRNA [28,41], which stimulates the activity of, and GABA release from, PVBCs
[79–81]; and (iv) less mRNA for, and presumably fewer, postsynaptic GABAA a1 receptors in pyramidal neurons [63]. These alterations are shown only for the pyramidal
neuron in deep layer 3, but are probably present throughout layer 3. Chandelier neurons (PVChCs) have decreased GABA membrane transporter 1 (GAT1) protein in their
axon terminals [47,48] and increased postsynaptic GABAA a2 receptors in pyramidal neuron axon initial segments [49], suggesting enhanced GABA signaling and increased
excitation of pyramidal neurons if these inputs are depolarizing [51,53]. Because relatively few GABAA a2-labeled axon initial segments are detectable in layers deep 3–4 of
the adult primate DLPFC [100], perhaps reflecting the postnatal developmental decline in mRNA expression of this subunit in the primate DLFPC [101], it is unclear whether
postsynaptic GABAA a2 receptors are increased in deep layer 3 pyramidal neurons in schizophrenia. Levels of GAD67 protein in PVChC axon terminals in schizophrenia are
not known. Abbreviation: CCKBC, CCK basket cell.
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activity and suppresses GABA release [77]; (iii) reduced expression of cholecystokinin (CCK) mRNA [28,41], which stimulates the activity of, and GABA release from, PVBCs
[79–81]; and (iv) less mRNA for, and presumably fewer, postsynaptic GABAA a1 receptors in pyramidal neurons [63]. These alterations are shown only for the pyramidal
neuron in deep layer 3, but are probably present throughout layer 3. Chandelier neurons (PVChCs) have decreased GABA membrane transporter 1 (GAT1) protein in their
axon terminals [47,48] and increased postsynaptic GABAA a2 receptors in pyramidal neuron axon initial segments [49], suggesting enhanced GABA signaling and increased
excitation of pyramidal neurons if these inputs are depolarizing [51,53]. Because relatively few GABAA a2-labeled axon initial segments are detectable in layers deep 3–4 of
the adult primate DLPFC [100], perhaps reflecting the postnatal developmental decline in mRNA expression of this subunit in the primate DLFPC [101], it is unclear whether
postsynaptic GABAA a2 receptors are increased in deep layer 3 pyramidal neurons in schizophrenia. Levels of GAD67 protein in PVChC axon terminals in schizophrenia are
not known. Abbreviation: CCKBC, CCK basket cell.
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inhibition of pyramidal neurons (gray neurons) by parvalbumin-positive basket cells (PVBCs) is reduced owing to (i) lower glutamic acid decarboxylase (GAD)-67 mRNA
expression [39] and lower GAD67 protein [23] and, hence, less GABA synthesis; (ii) higher levels of m opioid receptor (mOR) expression in PVBCs, which reduces their
activity and suppresses GABA release [77]; (iii) reduced expression of cholecystokinin (CCK) mRNA [28,41], which stimulates the activity of, and GABA release from, PVBCs
[79–81]; and (iv) less mRNA for, and presumably fewer, postsynaptic GABAA a1 receptors in pyramidal neurons [63]. These alterations are shown only for the pyramidal
neuron in deep layer 3, but are probably present throughout layer 3. Chandelier neurons (PVChCs) have decreased GABA membrane transporter 1 (GAT1) protein in their
axon terminals [47,48] and increased postsynaptic GABAA a2 receptors in pyramidal neuron axon initial segments [49], suggesting enhanced GABA signaling and increased
excitation of pyramidal neurons if these inputs are depolarizing [51,53]. Because relatively few GABAA a2-labeled axon initial segments are detectable in layers deep 3–4 of
the adult primate DLPFC [100], perhaps reflecting the postnatal developmental decline in mRNA expression of this subunit in the primate DLFPC [101], it is unclear whether
postsynaptic GABAA a2 receptors are increased in deep layer 3 pyramidal neurons in schizophrenia. Levels of GAD67 protein in PVChC axon terminals in schizophrenia are
not known. Abbreviation: CCKBC, CCK basket cell.
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to, or at least particularly 
pronounced in, PVBCs.”
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Complex brain circuitries comprise hierarchical net-
works of excitatory and inhibitory neurons. For example, 
the main elements of the microcircuits in the cerebral 
cortex are excitatory glutamatergic pyramidal cells and 
inhibitory GABAergic interneurons. Pyramidal cells spe-
cialize in transmitting information between different 
cortical areas and from cortical areas to other regions of 
the brain, whereas interneurons primarily contribute to 
local neural assemblies, where they provide inhibitory 
inputs and shape synchronized oscillations1. The balance 
between excitation and inhibition is crucial for cortical 
function2–4 and, consequently, important developmental 
and physiological mechanisms have evolved to maintain 
this dynamic equilibrium5 (BOX 1).

GABAergic interneurons are considered to be the 
main cellular elements that control hyperexcitability in 
the brain6. Indeed, severe GABAergic deficits can cause 
pathological hyperexcitability7,8, and many of the genes 
that have been linked to epilepsy regulate interneuron 
development and function9,10. Epilepsy, however, might 
not be the only consequence of disrupting inter neuron 
function. Recent studies in humans and in animal  
models indicate that more-subtle perturbations in 
the excitatory–inhibitory balance exist in multiple  
psychiatric conditions (TABLES 1,2).

Interneurons not only contribute to the global bal-
ance of activity in cortical networks but also mediate the 
precise gating of information through specific signalling 
pathways. They achieve these goals by controlling —  
both spatially and temporally — the amounts of excita-
tory and inhibitory inputs that individual neurons 

receive11, and they do so as part of an extremely dynamic 
process, which is often dependent on the brain state12. 
Considering the diverse functions that interneurons 
have in the brain, how do we move from the increas-
ingly commonplace idea that the alteration of the 
excitatory–inhibitory balance is associated with various 
neuropsychiatric disorders to a mechanistic understand-
ing of the contribution of interneurons to each unique 
pathophysiology? Unfortunately, this question does 
not have a straightforward answer. If interneurons are 
somehow involved in the aetiology of neuropsychiatric 
disorders such as schizophrenia, autism and Rett’s syn-
drome, we should aim to understand how specific inter-
neuron deficits might contribute to the pathophysiology 
of each of these conditions. In other words, we must 
understand which specific cellular elements are affected 
in each disease and how specific brain circuits might 
be altered. Only then can we begin to understand how 
subtle interneuron deficits can contribute to aberrant 
information processing in neuropsychiatric illnesses, 
whereas gross disruption of inhibitory circuits causes 
epilepsy. The purpose of this Review is to critically sum-
marize current evidence that supports a link between 
interneuron dysfunction and cognitive impairment in 
neuropsychiatric diseases.
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Knowledge of the functional roles that interneurons ful-
fil in the healthy brain should provide insight into the 
possible contribution of abnormal interneuron func-
tion to neuropsychiatric illness. Development of such 
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Pyramidal cells
Pyramidal cells are the 
principal neurons of the 
cerebral cortex — constituting 
~80% of the total number of 
neurons in this brain region — 
and use glutamate as a 
neurotransmitter.

GABAergic interneurons
GABAergic interneurons have 
diverse morphologies but are 
typically aspiny and localized 
to the cerebral cortex. They 
constitute ~20% of the  
total number of neurons in  
this region. 

Interneuron dysfunction  
in psychiatric disorders
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Complex brain circuitries comprise hierarchical net-
works of excitatory and inhibitory neurons. For example, 
the main elements of the microcircuits in the cerebral 
cortex are excitatory glutamatergic pyramidal cells and 
inhibitory GABAergic interneurons. Pyramidal cells spe-
cialize in transmitting information between different 
cortical areas and from cortical areas to other regions of 
the brain, whereas interneurons primarily contribute to 
local neural assemblies, where they provide inhibitory 
inputs and shape synchronized oscillations1. The balance 
between excitation and inhibition is crucial for cortical 
function2–4 and, consequently, important developmental 
and physiological mechanisms have evolved to maintain 
this dynamic equilibrium5 (BOX 1).

GABAergic interneurons are considered to be the 
main cellular elements that control hyperexcitability in 
the brain6. Indeed, severe GABAergic deficits can cause 
pathological hyperexcitability7,8, and many of the genes 
that have been linked to epilepsy regulate interneuron 
development and function9,10. Epilepsy, however, might 
not be the only consequence of disrupting inter neuron 
function. Recent studies in humans and in animal  
models indicate that more-subtle perturbations in 
the excitatory–inhibitory balance exist in multiple  
psychiatric conditions (TABLES 1,2).

Interneurons not only contribute to the global bal-
ance of activity in cortical networks but also mediate the 
precise gating of information through specific signalling 
pathways. They achieve these goals by controlling —  
both spatially and temporally — the amounts of excita-
tory and inhibitory inputs that individual neurons 

receive11, and they do so as part of an extremely dynamic 
process, which is often dependent on the brain state12. 
Considering the diverse functions that interneurons 
have in the brain, how do we move from the increas-
ingly commonplace idea that the alteration of the 
excitatory–inhibitory balance is associated with various 
neuropsychiatric disorders to a mechanistic understand-
ing of the contribution of interneurons to each unique 
pathophysiology? Unfortunately, this question does 
not have a straightforward answer. If interneurons are 
somehow involved in the aetiology of neuropsychiatric 
disorders such as schizophrenia, autism and Rett’s syn-
drome, we should aim to understand how specific inter-
neuron deficits might contribute to the pathophysiology 
of each of these conditions. In other words, we must 
understand which specific cellular elements are affected 
in each disease and how specific brain circuits might 
be altered. Only then can we begin to understand how 
subtle interneuron deficits can contribute to aberrant 
information processing in neuropsychiatric illnesses, 
whereas gross disruption of inhibitory circuits causes 
epilepsy. The purpose of this Review is to critically sum-
marize current evidence that supports a link between 
interneuron dysfunction and cognitive impairment in 
neuropsychiatric diseases.
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Interneuron 
Diversity

Complex brain circuitries comprise hierarchical net-
works of excitatory and inhibitory neurons. For example, 
the main elements of the microcircuits in the cerebral 
cortex are excitatory glutamatergic pyramidal cells and 
inhibitory GABAergic interneurons. Pyramidal cells spe-
cialize in transmitting information between different 
cortical areas and from cortical areas to other regions of 
the brain, whereas interneurons primarily contribute to 
local neural assemblies, where they provide inhibitory 
inputs and shape synchronized oscillations1. The balance 
between excitation and inhibition is crucial for cortical 
function2–4 and, consequently, important developmental 
and physiological mechanisms have evolved to maintain 
this dynamic equilibrium5 (BOX 1).

GABAergic interneurons are considered to be the 
main cellular elements that control hyperexcitability in 
the brain6. Indeed, severe GABAergic deficits can cause 
pathological hyperexcitability7,8, and many of the genes 
that have been linked to epilepsy regulate interneuron 
development and function9,10. Epilepsy, however, might 
not be the only consequence of disrupting inter neuron 
function. Recent studies in humans and in animal  
models indicate that more-subtle perturbations in 
the excitatory–inhibitory balance exist in multiple  
psychiatric conditions (TABLES 1,2).

Interneurons not only contribute to the global bal-
ance of activity in cortical networks but also mediate the 
precise gating of information through specific signalling 
pathways. They achieve these goals by controlling —  
both spatially and temporally — the amounts of excita-
tory and inhibitory inputs that individual neurons 

receive11, and they do so as part of an extremely dynamic 
process, which is often dependent on the brain state12. 
Considering the diverse functions that interneurons 
have in the brain, how do we move from the increas-
ingly commonplace idea that the alteration of the 
excitatory–inhibitory balance is associated with various 
neuropsychiatric disorders to a mechanistic understand-
ing of the contribution of interneurons to each unique 
pathophysiology? Unfortunately, this question does 
not have a straightforward answer. If interneurons are 
somehow involved in the aetiology of neuropsychiatric 
disorders such as schizophrenia, autism and Rett’s syn-
drome, we should aim to understand how specific inter-
neuron deficits might contribute to the pathophysiology 
of each of these conditions. In other words, we must 
understand which specific cellular elements are affected 
in each disease and how specific brain circuits might 
be altered. Only then can we begin to understand how 
subtle interneuron deficits can contribute to aberrant 
information processing in neuropsychiatric illnesses, 
whereas gross disruption of inhibitory circuits causes 
epilepsy. The purpose of this Review is to critically sum-
marize current evidence that supports a link between 
interneuron dysfunction and cognitive impairment in 
neuropsychiatric diseases.
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Knowledge of the functional roles that interneurons ful-
fil in the healthy brain should provide insight into the 
possible contribution of abnormal interneuron func-
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~80% of the total number of 
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and use glutamate as a 
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GABAergic interneurons have 
diverse morphologies but are 
typically aspiny and localized 
to the cerebral cortex. They 
constitute ~20% of the  
total number of neurons in  
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Complex brain circuitries comprise hierarchical net-
works of excitatory and inhibitory neurons. For example, 
the main elements of the microcircuits in the cerebral 
cortex are excitatory glutamatergic pyramidal cells and 
inhibitory GABAergic interneurons. Pyramidal cells spe-
cialize in transmitting information between different 
cortical areas and from cortical areas to other regions of 
the brain, whereas interneurons primarily contribute to 
local neural assemblies, where they provide inhibitory 
inputs and shape synchronized oscillations1. The balance 
between excitation and inhibition is crucial for cortical 
function2–4 and, consequently, important developmental 
and physiological mechanisms have evolved to maintain 
this dynamic equilibrium5 (BOX 1).

GABAergic interneurons are considered to be the 
main cellular elements that control hyperexcitability in 
the brain6. Indeed, severe GABAergic deficits can cause 
pathological hyperexcitability7,8, and many of the genes 
that have been linked to epilepsy regulate interneuron 
development and function9,10. Epilepsy, however, might 
not be the only consequence of disrupting inter neuron 
function. Recent studies in humans and in animal  
models indicate that more-subtle perturbations in 
the excitatory–inhibitory balance exist in multiple  
psychiatric conditions (TABLES 1,2).

Interneurons not only contribute to the global bal-
ance of activity in cortical networks but also mediate the 
precise gating of information through specific signalling 
pathways. They achieve these goals by controlling —  
both spatially and temporally — the amounts of excita-
tory and inhibitory inputs that individual neurons 

receive11, and they do so as part of an extremely dynamic 
process, which is often dependent on the brain state12. 
Considering the diverse functions that interneurons 
have in the brain, how do we move from the increas-
ingly commonplace idea that the alteration of the 
excitatory–inhibitory balance is associated with various 
neuropsychiatric disorders to a mechanistic understand-
ing of the contribution of interneurons to each unique 
pathophysiology? Unfortunately, this question does 
not have a straightforward answer. If interneurons are 
somehow involved in the aetiology of neuropsychiatric 
disorders such as schizophrenia, autism and Rett’s syn-
drome, we should aim to understand how specific inter-
neuron deficits might contribute to the pathophysiology 
of each of these conditions. In other words, we must 
understand which specific cellular elements are affected 
in each disease and how specific brain circuits might 
be altered. Only then can we begin to understand how 
subtle interneuron deficits can contribute to aberrant 
information processing in neuropsychiatric illnesses, 
whereas gross disruption of inhibitory circuits causes 
epilepsy. The purpose of this Review is to critically sum-
marize current evidence that supports a link between 
interneuron dysfunction and cognitive impairment in 
neuropsychiatric diseases.
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possible contribution of abnormal interneuron func-
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diverse morphologies but are 
typically aspiny and localized 
to the cerebral cortex. They 
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Interneuron 
Diversity

Complex brain circuitries comprise hierarchical net-
works of excitatory and inhibitory neurons. For example, 
the main elements of the microcircuits in the cerebral 
cortex are excitatory glutamatergic pyramidal cells and 
inhibitory GABAergic interneurons. Pyramidal cells spe-
cialize in transmitting information between different 
cortical areas and from cortical areas to other regions of 
the brain, whereas interneurons primarily contribute to 
local neural assemblies, where they provide inhibitory 
inputs and shape synchronized oscillations1. The balance 
between excitation and inhibition is crucial for cortical 
function2–4 and, consequently, important developmental 
and physiological mechanisms have evolved to maintain 
this dynamic equilibrium5 (BOX 1).

GABAergic interneurons are considered to be the 
main cellular elements that control hyperexcitability in 
the brain6. Indeed, severe GABAergic deficits can cause 
pathological hyperexcitability7,8, and many of the genes 
that have been linked to epilepsy regulate interneuron 
development and function9,10. Epilepsy, however, might 
not be the only consequence of disrupting inter neuron 
function. Recent studies in humans and in animal  
models indicate that more-subtle perturbations in 
the excitatory–inhibitory balance exist in multiple  
psychiatric conditions (TABLES 1,2).

Interneurons not only contribute to the global bal-
ance of activity in cortical networks but also mediate the 
precise gating of information through specific signalling 
pathways. They achieve these goals by controlling —  
both spatially and temporally — the amounts of excita-
tory and inhibitory inputs that individual neurons 

receive11, and they do so as part of an extremely dynamic 
process, which is often dependent on the brain state12. 
Considering the diverse functions that interneurons 
have in the brain, how do we move from the increas-
ingly commonplace idea that the alteration of the 
excitatory–inhibitory balance is associated with various 
neuropsychiatric disorders to a mechanistic understand-
ing of the contribution of interneurons to each unique 
pathophysiology? Unfortunately, this question does 
not have a straightforward answer. If interneurons are 
somehow involved in the aetiology of neuropsychiatric 
disorders such as schizophrenia, autism and Rett’s syn-
drome, we should aim to understand how specific inter-
neuron deficits might contribute to the pathophysiology 
of each of these conditions. In other words, we must 
understand which specific cellular elements are affected 
in each disease and how specific brain circuits might 
be altered. Only then can we begin to understand how 
subtle interneuron deficits can contribute to aberrant 
information processing in neuropsychiatric illnesses, 
whereas gross disruption of inhibitory circuits causes 
epilepsy. The purpose of this Review is to critically sum-
marize current evidence that supports a link between 
interneuron dysfunction and cognitive impairment in 
neuropsychiatric diseases.
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Knowledge of the functional roles that interneurons ful-
fil in the healthy brain should provide insight into the 
possible contribution of abnormal interneuron func-
tion to neuropsychiatric illness. Development of such 
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Pyramidal cells
Pyramidal cells are the 
principal neurons of the 
cerebral cortex — constituting 
~80% of the total number of 
neurons in this brain region — 
and use glutamate as a 
neurotransmitter.

GABAergic interneurons
GABAergic interneurons have 
diverse morphologies but are 
typically aspiny and localized 
to the cerebral cortex. They 
constitute ~20% of the  
total number of neurons in  
this region. 
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Complex brain circuitries comprise hierarchical net-
works of excitatory and inhibitory neurons. For example, 
the main elements of the microcircuits in the cerebral 
cortex are excitatory glutamatergic pyramidal cells and 
inhibitory GABAergic interneurons. Pyramidal cells spe-
cialize in transmitting information between different 
cortical areas and from cortical areas to other regions of 
the brain, whereas interneurons primarily contribute to 
local neural assemblies, where they provide inhibitory 
inputs and shape synchronized oscillations1. The balance 
between excitation and inhibition is crucial for cortical 
function2–4 and, consequently, important developmental 
and physiological mechanisms have evolved to maintain 
this dynamic equilibrium5 (BOX 1).

GABAergic interneurons are considered to be the 
main cellular elements that control hyperexcitability in 
the brain6. Indeed, severe GABAergic deficits can cause 
pathological hyperexcitability7,8, and many of the genes 
that have been linked to epilepsy regulate interneuron 
development and function9,10. Epilepsy, however, might 
not be the only consequence of disrupting inter neuron 
function. Recent studies in humans and in animal  
models indicate that more-subtle perturbations in 
the excitatory–inhibitory balance exist in multiple  
psychiatric conditions (TABLES 1,2).

Interneurons not only contribute to the global bal-
ance of activity in cortical networks but also mediate the 
precise gating of information through specific signalling 
pathways. They achieve these goals by controlling —  
both spatially and temporally — the amounts of excita-
tory and inhibitory inputs that individual neurons 

receive11, and they do so as part of an extremely dynamic 
process, which is often dependent on the brain state12. 
Considering the diverse functions that interneurons 
have in the brain, how do we move from the increas-
ingly commonplace idea that the alteration of the 
excitatory–inhibitory balance is associated with various 
neuropsychiatric disorders to a mechanistic understand-
ing of the contribution of interneurons to each unique 
pathophysiology? Unfortunately, this question does 
not have a straightforward answer. If interneurons are 
somehow involved in the aetiology of neuropsychiatric 
disorders such as schizophrenia, autism and Rett’s syn-
drome, we should aim to understand how specific inter-
neuron deficits might contribute to the pathophysiology 
of each of these conditions. In other words, we must 
understand which specific cellular elements are affected 
in each disease and how specific brain circuits might 
be altered. Only then can we begin to understand how 
subtle interneuron deficits can contribute to aberrant 
information processing in neuropsychiatric illnesses, 
whereas gross disruption of inhibitory circuits causes 
epilepsy. The purpose of this Review is to critically sum-
marize current evidence that supports a link between 
interneuron dysfunction and cognitive impairment in 
neuropsychiatric diseases.
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“....increasingly commonplace idea that 
the alteration of the excitatory-

inhibitory balance is associated with 
various neuropsychiatric disorders”

“...contribution of interneurons to 
each unique pathophysiology...”







Points to be illustrated and 
discussed in the lecture

• we need to consider a cellular basis (why?)

• context, context, context (under what situations is 
the disease considered?)

• neurological (experimental) models can be wide-
ranging (what motivates the choice?)

• cellular-based (oscillatory) modeling
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that it represents a general principle of basket cell opera-
tion. Fast signalling at basket cell–basket cell synapses 
has been observed in all hippocampal subfields76 and also 
occurs at synapses between fast-spiking parvalbumin-
expressing interneurons in the neocortex80.

Second, evoked IPSCs have a large amplitude75,76. 
Consistent with this result, immunocytochemical analysis 
showed that there are approximately three times more "1 
and #2/3 GABAA receptor subunits at basket cell–basket 
cell synapses than at basket cell–pyramidal neuron syn-
apses in the CA1 region82. Although basket cell–basket 

cell synapses show synaptic depression, a substantial IPSC 
component persists even during high-frequency trains of 
stimuli75,81. Similarly, although various presynaptic recep-
tors (for example, mGluRs and mAChRs) are present at 
basket cell output synapses, the extent of modulation of 
GABA release by these receptors is subtle83. Therefore, 
synaptic transmission at basket cell–basket cell synapses 
shows high efficacy and stability.

Finally, there is accumulating evidence that GABAA-
receptor-mediated synaptic events are not hyperpolar-
izing, but ‘shunting’84,85 (BOX 2). In GABA-containing 
interneurons of the hippocampus, neocortex and cerebel-
lum, the reversal potentials of single evoked IPSCs 
measured using gramicidin perforated-patch recording 
are between the resting potential and the action poten-
tial threshold68,86,87. In dentate gyrus basket cells, for 
example, the mean synaptic reversal potential is –52 mV 
(the resting potential is –59 mV and the threshold 
~–40 mV)68. Network activity might induce intracel-
lular accumulation of chloride and downregulation of 
chloride extrusion, which, in turn, would result in a 
further shift of the synaptic reversal potential in the 
depolarizing direction88.

In conclusion, basket cells are extensively intercon-
nected by GABA synapses, as implemented in previ-
ous interneuron network models. However, inhibition 
at synapses between basket cells is not slow, weak 
and hyperpolarizing but fast, strong and shunting, in 
contrast to the assumptions of these models.

Models with fast, strong and shunting synapses
Do fast, strong, and shunting inhibitory synapses sup-
port synchronization in interneuron network models? 
In the absence of delays, they do not: interneuron net-
works with fast, strong and shunting synapses generate 
gamma oscillations with only low coherence under 
these conditions (FIG. 4). However, if delays (BOX 1) are 
introduced as a corollary of network structure (conduc-
tion delay) and synaptic properties (synaptic delay), the 
oscillatory behaviour of the network changes substan-
tially 

67,76. In the presence of short delays, fast inhibition 
consistently supports synchronization, independently 
of whether delays are assumed to be constant67,75 (FIG. 4) 
or distance-dependent68,76 (FIG. 5). The high level of 
synchrony in this scenario is understandable, as a rapid 
inhibitory synaptic event generated after a short delay is 
a maximally effective synchronizing signal. It precisely 
defines an early time interval without inhibition and a 
late time interval with strong inhibition. Accordingly, 
temporal windows of firing and suppression follow in 
an alternating manner.

Early work emphasized that synchronization in 
interneuron network models can work only if inhibi-
tion is hyperpolarizing65. The conclusion that shunting 
inhibition (BOX 2) does not support synchronization has 
also been reached on theoretical grounds for models of 
two weakly coupled oscillators by phase–response analy-
sis58,61,62. However, if shunting inhibition is incorporated 
into a multi-cell network with delays and fast synapses, 
coherent oscillations are generated, independently of 
the properties of active conductances in the neurons68. 

Figure 3 | Functional specialization of GABA-mediated synaptic transmission in 
cortical interneuron networks in vitro. a | Camera lucida reconstruction of a 
synaptically connected pair of basket cells in the dentate gyrus in a rat brain slice 
in vitro. Green indicates soma and dendrites of a presynaptic cell; red indicates axons of 
a presynaptic cell; black indicates soma and dendrites of a postsynaptic cell; blue 
indicates axons of a postsynaptic cell. Arrowheads indicate three synaptic contacts 
confirmed by electron microscopy. ml, molecular layer; gcl, granule cell layer. b | Fast, 
target-cell-specific inhibition at hippocampal basket cell (BC) –basket cell synapses at 
near-physiological temperature. Sequential triple recording from a presynaptic basket 
cell (top) and a postsynaptic basket cell (left) versus a postsynaptic granule cell (GC) 
(right). Because a chloride-rich intracellular solution was used for recording, inhibitory 
postsynaptic currents (IPSCs) are inwardly directed. Note the difference in IPSC kinetics 
between the basket cell and the granule cell. c | Fast inhibition at basket cell–basket cell 
synapses is region- and species-independent. Rise time and decay time constant of 
IPSCs at pairs between anatomically identified basket cells in the rat dentate gyrus (DG) 
and parvalbumin-expressing basket cells in the mouse dentate gyrus, CA3 and CA1 
regions in vitro transgenically labelled by enhanced green fluorescent protein (EGFP). 
Bar graphs based on data from REFS 75,76. d | Fast inhibition at synapses between fast-
spiking (FS), parvalbumin-expressing interneurons in the neocortex. Top trace, 
presynaptic action potential; centre traces, inhibitory postsynaptic potentials (IPSPs) at 
two different holding potentials; bottom trace, IPSC. Note the early components in the 
postsynaptic current of basket cell–basket cell pairs (b, left and d, bottom) generated by 
electrical coupling. Panels a and b reproduced, with permission, from REF. 75 $ (2001) 
Society for Neuroscience. Panel d reproduced, with permission, from REF. 80 $ (2002) 
National Academy of Sciences.
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Gamma rhythms 
(30-90 Hz, related to higher cognitive processing)

Key role in generation played by 
synchronous output from 

parvalbumin-positive interneurons 
(basket cells)

Bartos et al. 2007
Bragin et al. 1995

Gamma rhythms nested in theta 
rhythms (movement, exploration)



the firing of strongly active (disinhibited via CB1
receptors) and weakly active or inactive (still in-
hibited by CCK interneurons) pyramidal cells,
supporting the implementation of sparse coding
in cell assemblies. The sum of PV- and CCK-
expressing basket cell activity, together with axo-
axonic cell firing, is maximal when pyramidal
cell firing is minimal during theta oscillations.
The different spike timing of CCK- and PV-
expressing interneurons is likely to be generated
by synaptic inputs from distinct sources, thus
demonstrating the cooperation of temporal and
spatial organization.

In addition, the dendrites of pyramidal cells are
also innervated by GABAergic neurogliaform cells,
which provide slow GABAA receptor–mediated
(31, 32) and also GABAB receptor–mediated in-
hibition (33, 34). Neurogliaform cells (type 11)
innervate the apical dendritic tuft of CA1 py-
ramidal cells co-aligned with the entorhinal input,
whereas a related cell type, the Ivy cell (type 6),
innervates more proximal pyramidal cell den-
drites aligned with the CA3 input (Fig. 1). The
spatially complementary axonal termination of
Ivy and neurogliaform cells is mirrored by dis-
tinct spike timing in vivo (35, 36). Ivy cells ex-
pressing nitric oxide synthase and neuropeptide
Y, but neither PV nor CCK, represent the most
numerous class of interneuron described so far.
They evoke slow GABAergic inhibition in pyram-
idal cells, and through neuropeptide Y signaling

they are likely to modulate glutamate release
from terminals of CA3 pyramidal cells, which, in
contrast to perforant path terminals, express a
high level of Y2 receptor (37). Ivy cells, together
with neurogliaform cells, are a major source of
nitric oxide, probably released by their extra-
ordinarily dense axons. They modulate pre-
and postsynaptic excitability at slower time
scales and more diffusely than do other inter-
neurons providing homeostasis to the network.

How the different firing patterns of distinct
GABAergic neurons are generated remains large-
ly unknown. For example, since the discovery
of axo-axonic cells in 1983 (38), only one gluta-
matergic input from CA1 pyramidal cells has
been published (39); all other excitatory and
inhibitory inputs remain inferential predictions.
Potential candidates for governing the activa-
tion of interneurons include differential gluta-
matergic and subcortical innervation (40, 41),
selective GABAergic and electrical coupling
between interneurons, cell type–specific mod-
ulatory regulation (42), cell type–specific ex-
pression of distinct receptors and channels
(43–46), or differential input from interneu-
rons (Fig. 1, types 19 to 21), which apparently
innervate exclusively other interneurons (47, 48).
Little is known about the activity of the latter cell
types in vivo. Interestingly, the only subcellular
pyramidal cell domain that receives GABAergic
input from a single source is the axon-initial seg-

ment, which highlights the unique place of axo-
axonic cells in the cortex of mammals.

The Coordination of Network States
Across Cortical Areas Is Supported
by GABAergic Projection Neurons
Many distributed areas of the cerebral cortex
participate in each cognitive process. Coordina-
tion is supported by shared subcortical pathways
and by inter-areal pyramidal cell projections ter-
minating on both pyramidal cells and local
GABAergic interneurons. In addition, GABAergic
corticocortical connections are also present [e.g.,
(49)], including those in the temporal lobe (50).
Some neurons (Fig. 1, type 16) project to
neighboring hippocampal subfields (51) and/or
to the medial septum (type 18) (52), a key structure
regulating network states. Recording and labeling
GABAergic neurons in vivo revealed a variety
of GABAergic projection neurons (50). Hippo-
camposeptal neurons (type 18) also send thick,
myelinated axons to the subiculum and other
retrohippocampal areas; other GABAergic cells
(types 15 and 17) project only to retrohippocampal
areas, parallel with glutamatergic CA1 pyramidal
cells. Because these projection cells fire rhyth-
mically during sharp wave-associated ripple and
gamma oscillations, they contribute to tempo-
ral organization across the septohippocampal-
subicular circuit. In addition, other GABAergic
projection neurons (Fig. 1, type 12) emit long-
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Fig. 2. Spatiotemporal interaction between pyramidal cells and several
classes of interneuron during network oscillations, shown as a schematic
summary of the main synaptic connections of pyramidal cells (P), PV-
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expressing interneurons. The firing probability histograms show that

interneurons innervating different domains of pyramidal cells fire with
distinct temporal patterns during theta and ripple oscillations, and their
spike timing is coupled to field gamma oscillations to differing degrees. The
same somatic and dendritic domains receive differentially timed input from
several types of GABAergic interneuron (18, 19, 23, 30). ACh, acetylcholine.
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subjects with schizophrenia is not attributable to potential
confounds, such as substance abuse or antipsychotic med-
ications, predictors (e.g. male sex, a family history of
schizophrenia and early age of onset), or measures of
disease severity (e.g. suicide, lower socioeconomic status,
not living independently and no history of marriage), or
duration of illness [23,28]. Thus, lower cortical GAD67
mRNA levels appear to be a conserved feature that is a
core common component, and not a consequence, of the
disease process of schizophrenia.

However, less GAD67 mRNA and protein does not
necessarily support the conclusion that cortical GABA
levels are lower in schizophrenia. For example, GAD67
expression could be downregulated in response to reduced
GABA metabolism; indeed, pharmacological inhibition of
GABA degradation results in elevated cortical GABA and
less GAD67 protein [31]. Unfortunately, current attempts
to measure cortical GABA levels in vivo with magnetic
resonance spectroscopy (MRS) have produced mixed
results in subjects with schizophrenia [32–34]. However,
lower GABA levels in the visual cortex in subjects with
schizophrenia were correlated with reductions in a behav-
ioral measure of visual inhibition that depends on GABA

neurotransmission [34], and frontal lobe GABA levels
tended to be correlated with working memory performance
in subjects with early-stage schizophrenia [35]; both of
these findings support the idea that lower GABA synthesis
in schizophrenia results in cognitive impairments. Howev-
er, becauseMRS assesses total tissue GABA levels, and not
GABA levels in synaptic vesicles or the extracellular space,
the relevance of MRSmeasures to cortical GABA synthesis
and transmission remains uncertain. Alternative strate-
gies to measure shifts in the levels of extracellular GABA
are emerging and preliminary findings support a positive
relationship between the capacity to increase extracellular
GABA and physiological correlates (i.e. gamma oscilla-
tions) of cognitive control [36]. However, as indicated in
the following sections, in vivo methods that can assess the
synthesis and release of GABA from particular populations
of interneurons may be required.

GAD67 deficit is prominent in parvalbumin-positive
interneurons
Understanding the functional significance of lower cortical
GAD67 levels requires knowledge of the affected class of
interneurons. In schizophrenia, GAD67 mRNA levels are[(Figure_1)TD$FIG]
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Figure 1. Schematic summary of alterations in neuronal circuitry in layer 3 of the dorsolateral prefrontal cortex (DLPFC) in subjects with schizophrenia. The perisomatic
inhibition of pyramidal neurons (gray neurons) by parvalbumin-positive basket cells (PVBCs) is reduced owing to (i) lower glutamic acid decarboxylase (GAD)-67 mRNA
expression [39] and lower GAD67 protein [23] and, hence, less GABA synthesis; (ii) higher levels of m opioid receptor (mOR) expression in PVBCs, which reduces their
activity and suppresses GABA release [77]; (iii) reduced expression of cholecystokinin (CCK) mRNA [28,41], which stimulates the activity of, and GABA release from, PVBCs
[79–81]; and (iv) less mRNA for, and presumably fewer, postsynaptic GABAA a1 receptors in pyramidal neurons [63]. These alterations are shown only for the pyramidal
neuron in deep layer 3, but are probably present throughout layer 3. Chandelier neurons (PVChCs) have decreased GABA membrane transporter 1 (GAT1) protein in their
axon terminals [47,48] and increased postsynaptic GABAA a2 receptors in pyramidal neuron axon initial segments [49], suggesting enhanced GABA signaling and increased
excitation of pyramidal neurons if these inputs are depolarizing [51,53]. Because relatively few GABAA a2-labeled axon initial segments are detectable in layers deep 3–4 of
the adult primate DLPFC [100], perhaps reflecting the postnatal developmental decline in mRNA expression of this subunit in the primate DLFPC [101], it is unclear whether
postsynaptic GABAA a2 receptors are increased in deep layer 3 pyramidal neurons in schizophrenia. Levels of GAD67 protein in PVChC axon terminals in schizophrenia are
not known. Abbreviation: CCKBC, CCK basket cell.
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“...lower cortical GAD67 mRNA 
levels appear to be a conserved 
feature that is a core common 
component, and not a consequence, of 
the disease process of schizophrenia.”

“...existing data suggests 
that GAD67 deficits in 
schizophrenia is specific 
to, or at least particularly 
pronounced in, PVBCs.”

Schematic summary of alterations in neuronal circuitry in layer 3 
of the dorsolateral prefrontal cortex in subjects with schizophrenia

Lewis et al. 2012



requires both better knowledge of the patterns of
connectivity within the DLPFC and more sensitive meth-
ods for assessing the functional integrity and compensa-
tions of these connections in the illness. In addition, the
use of appropriate animal models as proof-of-concept tests
of the hypothesized upstream versus downstream
relationships between cellular level alterations in schizo-
phrenia are essential. Such future advances will provide a

more informed substrate for designing rational interven-
tions to enhance cognitive function in people with
schizophrenia.
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Figure 3. Connectivity between pyramidal neurons (gray neurons) and parvalbumin-positive basket (PVBC) and chandelier (PVChC) cells in dorsolateral prefrontal cortex
(DLPFC) layer 3. Reciprocal connections formed by the local axon collaterals of pyramidal neurons provide recurrent excitation, whereas the excitatory inputs from pyramidal
neurons to PVBCs furnish feedback inhibition. These connections are critical for generating gamma band oscillations, and the strengths of these connections are adjusted to
maintain a normal excitation–inhibition (E/I) balance in the healthy brain (a). In schizophrenia (b), lower spine density in layer 3 pyramidal neurons is hypothesized to result in
lower network excitation, evoking a compensatory reduction in feedback inhibition of pyramidal neurons from PVBCs [less presynaptic glutamic acid decarboxylase (GAD)-67;
fewer postsynaptic GABAA a1 receptors) and increased depolarization of pyramidal neurons by PVChCs (less presynaptic GABA membrane transporter 1; more postsynaptic
GABAA a2 receptors). The resulting ‘reset’ of the E/I balance at a lower level of both excitation and inhibition renders the circuit less able to generate normal levels of gamma
band power, resulting in impaired cognition. Heat maps are reproduced, with permission, from [8]. ! (2006) Proceedings of the National Academy of Sciences.
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“Thus, the multiple 
alterations that 
weaken PVBC 
inhibition of 
pyramidal cells 
could provide the 
neural substrate 
for the lower 
power of frontal 
lobe gamma band 
oscillations during 
cognitive control 
tasks.”



“..focus on only a limited portion of cortical circuitry; a full 
accounting of the pathophysiology underlying cognitive control 

deficits in schizophrenia requires better knowledge of the patterns 
of connectivity within the DLPRC and more sensitive methods for 

assessing the functional integrity and compensations of these 
connections in the illness.” - Lewis et al, 2012



i.e.,  trying to 
put the pieces 

together....

while including a 
cellular perspective...

Behavioural State 

Interacting dynamics 

Bidirectionality 

challenges of multiple levels 
and interpretations...







Points to be illustrated and 
discussed in the lecture

• we need to consider a cellular basis (why?)

• context, context, context (under what situations is 
the disease considered?)

• neurological (experimental) models can be wide-
ranging (what motivates the choice?)

• cellular-based (oscillatory) modeling
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“...a great variety of models that try to represent the different types of epilepsy 
that exist in humans.... each model presents a number of advantages and 

disadvantages, but the ideal model has not yet been found.  At present, we select 
it depending on the design and purpose - target of the study.”
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Models of epilepsy
Ghanim Ullah and Steven J. Schiff (2009), Scholarpedia, 4(7):1409.

Two main classes outlined (macroscopic - mean field) and biophysical network models.

“Due to several experimentally and clinically observed epilepsies, the modeling work spans a 
wide range from the single synapse to networks of millions of neurons, and from lumped two 
variable models to detailed biophysical models involving tens of thousands of variables and 
parameters.”

“Despite an extraordinary amount of interest in understanding the dynamics of seizures, we 
still lack a unifying dynamical definition of what a seizure is (Soltesz and Staley, 2008). The 
extraordinary variety of experimental preparations and human epilepsies makes the quest for 
unifying principles especially difficult. Epilepsy is a good example of a dynamical disease 
where theory and computation must work hand-in-hand with experiment to bring us a deeper 
understanding and more rational therapeutics.”

Epilepsy is a chronic neurological disorder characterized by occurrence and 
recurrence of seizures; epilepsy is thus a seizure disorder.
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Bazhenov, M., I. Timofeev, M. Steriade, and T. J. Sejnowski.
Potassium model for slow (2–3 Hz) in vivo neocortical paroxysmal
oscillations. J Neurophysiol 92: 1116–1132, 2004. First published
March 31, 2004; 10.1152/jn.00529.2003. In slow neocortical parox-
ysmal oscillations, the de- and hyperpolarizing envelopes in neocor-
tical neurons are large compared with slow sleep oscillations. In-
creased local synchrony of membrane potential oscillations during
seizure is reflected in larger electroencephalographic oscillations and
the appearance of spike- or polyspike-wave complex recruitment at 2-
to 3-Hz frequencies. The oscillatory mechanisms underlying this
paroxysmal activity were investigated in computational models of
cortical networks. The extracellular K! concentration ([K!]o) was
continuously computed based on neuronal K! currents and K! pumps
as well as glial buffering. An increase of [K!]o triggered a transition
from normal awake-like oscillations to 2- to 3-Hz seizure-like activity.
In this mode, the cells fired periodic bursts and nearby neurons
oscillated highly synchronously; in some cells depolarization led to
spike inactivation lasting 50–100 ms. A [K!]o increase, sufficient to
produce oscillations could result from excessive firing (e.g., induced
by external stimulation) or inability of K! regulatory system (e.g.,
when glial buffering was blocked). A combination of currents includ-
ing high-threshold Ca2!, persistent Na! and hyperpolarization-acti-
vated depolarizing (Ih) currents was sufficient to maintain 2- to 3-Hz
activity. In a network model that included lateral K! diffusion
between cells, increase of [K!]o in a small region was generally
sufficient to maintain paroxysmal oscillations in the whole network.
Slow changes of [K!]o modulated the frequency of bursting and, in
some case, led to fast oscillations in the 10- to 15-Hz frequency range,
similar to the fast runs observed during seizures in vivo. These results
suggest that modifications of the intrinsic currents mediated by in-
crease of [K!]o can explain the range of neocortical paroxysmal
oscillations in vivo.

I N T R O D U C T I O N

Although it is well established that the extracellular potas-
sium concentration ([K!]o) increases during epileptogenesis
(Moody et al. 1974), whether this is the primary seizure-
eliciting factor, or the increased firing causes the [K!]o eleva-
tion, remains unknown. According to the Grafstein potassium
hypothesis, K! released during intense neuron firing can ac-
cumulate in the interstitial space, thus depolarizing neurons
and leading to spike inactivation. Slow diffusion of K! into
surrounding areas could then depolarize neurons and create
slowly propagating waves of spreading depression (SD) (Graf-
stein 1957). Delayed increase of [K!]o compared with mem-
brane potential depolarization measured during SD propaga-

tion (Herreras and Somjen 1993) suggests, however, that K!

diffusion may not be the primary mechanism maintaining SD
waves, but it might still trigger SD phenomena (Kager et al. 2000).
Modulation of [K!]o has a profound impact on the excit-

ability of neurons and neuronal networks. Increase of [K!]o
depolarizes the K! currents reversal potential and can affect
the maximal conductances of some depolarizing currents such
as the hyperpolarization-activated depolarizing current (Ih)
(Spain et al. 1987) and the persistent sodium current (INa(p))
(Somjen and Muller 2000), increasing excitability. A recent
study showed that K!-mediated increase of Ih may lead to
periodic bursting in a cortical network model (Timofeev et al.
2002a). Periodic bursting was found in vitro after increasing
[K!]o (Jensen and Yaari 1997; Leschinger et al. 1993; Pan and
Stringer 1997). Traumatic brain injury leading to loss of K!

conductance in hippocampal glia can result in the failure of
glial K! homeostasis and abnormal neuronal function includ-
ing seizures (D’Ambrosio et al. 1999).
The Lennox-Gastaut syndrome is one of the most severe and

difficult epileptic conditions (Niedermeyer 2002). The electro-
encephalographic (EEG) pattern for this type of seizure con-
sists of slow spike-wave (SW) or polyspike-wave (PSW)
complexes and runs of rapid EEG “spikes” (10–25/s). This
pattern closely resembles paroxysmal oscillations observed in
experiments with anesthetized and chronic animals, consisting
of SW/PSW complexes recurring at 2–3 Hz, often interrupted
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ized during seizure episodes with SW/PSW complexes and
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suggest that modifications of the intrinsic currents mediated by in-
crease of [K!]o can explain the range of neocortical paroxysmal
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I N T R O D U C T I O N

Although it is well established that the extracellular potas-
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(Moody et al. 1974), whether this is the primary seizure-
eliciting factor, or the increased firing causes the [K!]o eleva-
tion, remains unknown. According to the Grafstein potassium
hypothesis, K! released during intense neuron firing can ac-
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and leading to spike inactivation. Slow diffusion of K! into
surrounding areas could then depolarize neurons and create
slowly propagating waves of spreading depression (SD) (Graf-
stein 1957). Delayed increase of [K!]o compared with mem-
brane potential depolarization measured during SD propaga-

tion (Herreras and Somjen 1993) suggests, however, that K!

diffusion may not be the primary mechanism maintaining SD
waves, but it might still trigger SD phenomena (Kager et al. 2000).
Modulation of [K!]o has a profound impact on the excit-

ability of neurons and neuronal networks. Increase of [K!]o
depolarizes the K! currents reversal potential and can affect
the maximal conductances of some depolarizing currents such
as the hyperpolarization-activated depolarizing current (Ih)
(Spain et al. 1987) and the persistent sodium current (INa(p))
(Somjen and Muller 2000), increasing excitability. A recent
study showed that K!-mediated increase of Ih may lead to
periodic bursting in a cortical network model (Timofeev et al.
2002a). Periodic bursting was found in vitro after increasing
[K!]o (Jensen and Yaari 1997; Leschinger et al. 1993; Pan and
Stringer 1997). Traumatic brain injury leading to loss of K!

conductance in hippocampal glia can result in the failure of
glial K! homeostasis and abnormal neuronal function includ-
ing seizures (D’Ambrosio et al. 1999).
The Lennox-Gastaut syndrome is one of the most severe and

difficult epileptic conditions (Niedermeyer 2002). The electro-
encephalographic (EEG) pattern for this type of seizure con-
sists of slow spike-wave (SW) or polyspike-wave (PSW)
complexes and runs of rapid EEG “spikes” (10–25/s). This
pattern closely resembles paroxysmal oscillations observed in
experiments with anesthetized and chronic animals, consisting
of SW/PSW complexes recurring at 2–3 Hz, often interrupted
by fast runs at 10–15 Hz (Steriade et al. 1998a). The thalamic
or cortical origin of these seizures is still actively debated. The
occurrence of SW complexes in the depths of monkey cortex
without a reflection at the cortical surface (Steriade 1974) and
observation of seizures with SW/PSW complexes in com-
pletely isolated cortical slabs in vivo (Timofeev et al. 1998)
suggest that focal SW seizure are initiated within the cortex.
Multi-site recordings show that SW/PSW seizures may be
initiated in cortex and then spread to the thalamus after a
few-second delay (Neckelmann et al. 1998). Dual recordings
from cortex and thalamus indicate that thalamic reticular neu-
rons faithfully follow each cortical EEG “spike,” whereas
target thalamocortical (TC) neurons are relatively hyperpolar-
ized during seizure episodes with SW/PSW complexes and
thus cannot enhance paroxysmal bursting (Neckelmann et al.
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pletely isolated cortical slabs in vivo (Timofeev et al. 1998)
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waves, but it might still trigger SD phenomena (Kager et al. 2000).
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(Spain et al. 1987) and the persistent sodium current (INa(p))
(Somjen and Muller 2000), increasing excitability. A recent
study showed that K!-mediated increase of Ih may lead to
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2002a). Periodic bursting was found in vitro after increasing
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glial K! homeostasis and abnormal neuronal function includ-
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difficult epileptic conditions (Niedermeyer 2002). The electro-
encephalographic (EEG) pattern for this type of seizure con-
sists of slow spike-wave (SW) or polyspike-wave (PSW)
complexes and runs of rapid EEG “spikes” (10–25/s). This
pattern closely resembles paroxysmal oscillations observed in
experiments with anesthetized and chronic animals, consisting
of SW/PSW complexes recurring at 2–3 Hz, often interrupted
by fast runs at 10–15 Hz (Steriade et al. 1998a). The thalamic
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without a reflection at the cortical surface (Steriade 1974) and
observation of seizures with SW/PSW complexes in com-
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suggest that focal SW seizure are initiated within the cortex.
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target thalamocortical (TC) neurons are relatively hyperpolar-
ized during seizure episodes with SW/PSW complexes and
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epilepsy in rats also demonstrated that a majority of TC cells
(!90%) were tonically hyperpolarized (Pinault et al. 1998).
This paper is a computational study of intracortical mecha-

nisms for generating paroxysmal oscillations. We demonstrate
an increased neuronal firing prior to seizure in vivo and we
study with a computational network model whether local
increases of [K"]o, either after intensive neuronal firing or
when K" regulatory system fail to maintain [K"]o level, can
explain the observed transition to 2- to 3-Hz paroxysmal
bursting in the cortical network.

M E T H O D S

In vivo recordings
Intracellular recordings from neocortical neurons were performed

in 16 cats anesthetized with ketamine-xylazine (10–15 and 2–3 mg/kg
im). After ketamine-xylazine anesthesia, #30% of cats (n $ 6)
displayed spontaneous electrographic seizures consisting of SW/PSW
complexes at 1.5–3 Hz, often associated with fast runs at#10–15 Hz.
Details of surgery are described in the companion paper (Timofeev et al.
2004).
Focal field potentials and multiunit recordings were obtained by

means of an array of six equally spaced tungsten electrodes inserted in
the cortex with an angle 45° arranged in the way that tips of all
electrodes were aligned perpendicular to cortical surface and that the
most superficial electrode was at depth #100 !m and the deepest
electrode was at depth #1.6 mm. Intracellular recordings from corti-
cal neurons were obtained with sharp glass micropipettes having
resistance of 30–80 M%. The intracellular pipette was lowered in the
cortical depth at distances &500 !m from the tips of tungsten
electrodes composing the array. All experimental procedures were
performed according to national guidelines and were approved by the
committee for animal care of Laval University.

Computational model
Models of cortical pyramidal (PY) cells and interneurons (INs) had

two compartments with channels governed by Hodgkin-Huxley kinet-
ics (Mainen and Sejnowski 1996):

Cm
dVD
dt

" # gL'VD # EL( # g'VD # VS( # IDint # Isyn, g'VS # VD( " # ISint (1)

where Cm, gL are the membrane capacitance and the leakage conduc-
tance of the dendritic compartment, EL is the reversal potential, VD
and VS are the membrane potentials of dendritic and axo-somatic
compartments, IDint and ISint are the sums of active intrinsic currents in
axo-somatic and dendritic compartments, Isyn is a sum of synaptic
currents, and g is the conductance between axo-somatic and dendritic
compartments. In this model, the axo-somatic compartment had no
capacitance, which sped up the simulations but had little effect on the
spike firing patterns (Mainen and Sejnowski 1996).
The model included fast Na" channels, INa, with a high density in

the axo-somatic compartment and a low density in the dendritic
compartment. A fast delayed rectifier potassium K" current, IK, was
present in the axo-somatic compartment. A persistent sodium current,
INa(p), was included in the axo-somatic and dendritic compartments
(Alzheimer et al. 1993; Kay et al. 1998). A slow voltage-dependent
noninactivating K" current, IKm, a slow Ca2"-dependent K" current,
IK(Ca), a high-threshold Ca2" current, ICa, hyperpolarization-activated
depolarizing current Ih were included in the dendritic compartment. A
potassium leak current, IKL $ gKL(V ) EK), was included in the
dendritic and axo-somatic compartments. For INa(P), INa(p) $ gNa(p)
m(V ) 50), dm/dt $ (m* ) m)/0.2, m* $ 1/{1 " exp[)(V " 42)/5]}
(Alzheimer et al. 1993). For Ih, Ih $ gh (0.8m1" 0.2m2)(V " 40),
dmi/dt $ )(m* ) mi)/$i, m* $ 1/{1" exp[(V " 82)/7]}, $1 $ 38 ms,

$2 $ 319 ms (Spain et al. 1987). The slow Ih component ($2) was
found to have little effect on the firing patterns and was omitted in
these simulations. The expressions for the voltage- and Ca2"-depen-
dent transition rates for all other currents are given in (Timofeev et al.
2000). In most of the simulations, the maximal conductances and
passive properties were Ssoma $ 1.0 !10)6 cm2 (Mainen and Se-
jnowski 1996), gNa $ 3,000 mS/cm2 (Mainen and Sejnowski 1996),
gK $ 200 mS/cm2 (Mainen and Sejnowski 1996), gKL $ 0.1 mS/cm2,
gNa(p) $ 0.07 mS/cm2 (Kay et al. 1998) for axo-somatic compartment
and Cm $ 0.75 !F/cm2 (Mainen and Sejnowski 1996), gL $ 0.033
mS/cm2 (Mainen and Sejnowski 1996), gKL $ 0.01 mS/cm2, Sdend $
Ssoma r, gCa $ 0.022 mS/cm2 (Reuveni et al. 1993), gNa $ 1 mS/cm2
(Mainen and Sejnowski 1996), gK(Ca) $ 2.5 mS/cm2, gKm $ 0.01
mS/cm2 (Gutfreund et al. 1995), gNa(p) $ 0.07 mS/cm2 (Kay et al.
1998), gh $ 0.01–0.02 mS/cm2 (Alzheimer et al. 1993) for dendritic
compartment. gK(Ca) was chosen to prevent membrane potential
“lock” in the depolarized state after [K"]o increase. Many of these
conductances were systematically varied to find the range for the
observed phenomena. INa(p) was not included in IN cells. The resis-
tance between compartments was R $ 10 M%.
Reversal potentials for all K"-mediated currents were calculated

using Nernst equation EK $ 26.64 ln ([K"]o/[K"]i), where [K"]o is
extra- and [K"]i is intracellular K" concentrations, EK is reversal
potential in millivolts. [K"]i was held constant at 130 mM through
most of the simulations. Reversal potentials for Ih and leak currents
were calculated as

Eh " 26.64 ln '+K",o % 0.2+Na",o(/'+K",i % 0.2+Na",i(

EL " 26.64 ln '+K",o % 0.085+Na",o % 0.1+Cl),i(/

'+K",i % 0.085+Na",i % 0.1+Cl),o(

where [Na"]o $ 130 mM, [Na"]i $ 20 mM, [Cl)]i $ 8 mM,
[Cl)]o $ 130 mM. In some simulations, [K"]i, [Na"]o, and [Na"]i
were continuously updated to examine whether they had any effect on
the results.
The extracellular K" concentration was continuously updated

based on K" currents, K" pumps, K" buffering simulating the glial
K" uptake system (Kager et al. 2000) and lateral K" diffusion

d+K",o
dt

" kIK-/Fd % G % D/.x2'+K",o'"( % +K",o')( # 2+K",o(

% D/.x2'+K",o'sd( # +K",o( (2)

where F $ 96,489 C/mol is the Faraday constant, d $ 0.15 !M is the
ratio of extracellular volume (per cell compartment) to the surface
area, k $ 10 is the unit conversion constant for currents, IK- (in
!A/cm2) in is a sum of all K" currents including an inward K"

current produced by active K" pumps (Kager et al. 2000)

Ipump " Imax/'1% +K",o'eq(/+K",o(
2

[K"]o(eq) $ 3.5 mM is an equilibrium [K"]o concentration, Imax is the
maximal flux generated by the pump (to compensate K" leak at
resting conditions we selected Imax $ 5 !A/cm2 for dendritic and
Imax $ 40 !A/cm2 for somatic compartments), D $ 4 10)6 cm2/s is
diffusion coefficient [D $ 2.5–3.3 10)6 cm2/s was estimated for cat
neocortex (Fisher et al. 1976)]. In the model, we assumed that each
cell compartment had an associated extracellular volume and [K"]o
indicates the average concentration within this volume, [K"]o(") and
[K"]o()) are K" concentrations in the adjacent volumes (correspond-
ing to the neighboring cells), [K"]o(sd) is K" concentrations in the
adjacent compartment (soma or dendrites), G is a variable describing
the effect of the glial buffering system. In the one-dimensional
approximation to diffusion along the x axis, the distance between
volume centers was estimated as .x $ 100 !m based on the
assumption that one synaptic footprint (10 cells in the model) corre-
sponded to #1 mm in the cortex. In most single cell simulations
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Bazhenov, M., I. Timofeev, M. Steriade, and T. J. Sejnowski.
Potassium model for slow (2–3 Hz) in vivo neocortical paroxysmal
oscillations. J Neurophysiol 92: 1116–1132, 2004. First published
March 31, 2004; 10.1152/jn.00529.2003. In slow neocortical parox-
ysmal oscillations, the de- and hyperpolarizing envelopes in neocor-
tical neurons are large compared with slow sleep oscillations. In-
creased local synchrony of membrane potential oscillations during
seizure is reflected in larger electroencephalographic oscillations and
the appearance of spike- or polyspike-wave complex recruitment at 2-
to 3-Hz frequencies. The oscillatory mechanisms underlying this
paroxysmal activity were investigated in computational models of
cortical networks. The extracellular K! concentration ([K!]o) was
continuously computed based on neuronal K! currents and K! pumps
as well as glial buffering. An increase of [K!]o triggered a transition
from normal awake-like oscillations to 2- to 3-Hz seizure-like activity.
In this mode, the cells fired periodic bursts and nearby neurons
oscillated highly synchronously; in some cells depolarization led to
spike inactivation lasting 50–100 ms. A [K!]o increase, sufficient to
produce oscillations could result from excessive firing (e.g., induced
by external stimulation) or inability of K! regulatory system (e.g.,
when glial buffering was blocked). A combination of currents includ-
ing high-threshold Ca2!, persistent Na! and hyperpolarization-acti-
vated depolarizing (Ih) currents was sufficient to maintain 2- to 3-Hz
activity. In a network model that included lateral K! diffusion
between cells, increase of [K!]o in a small region was generally
sufficient to maintain paroxysmal oscillations in the whole network.
Slow changes of [K!]o modulated the frequency of bursting and, in
some case, led to fast oscillations in the 10- to 15-Hz frequency range,
similar to the fast runs observed during seizures in vivo. These results
suggest that modifications of the intrinsic currents mediated by in-
crease of [K!]o can explain the range of neocortical paroxysmal
oscillations in vivo.

I N T R O D U C T I O N

Although it is well established that the extracellular potas-
sium concentration ([K!]o) increases during epileptogenesis
(Moody et al. 1974), whether this is the primary seizure-
eliciting factor, or the increased firing causes the [K!]o eleva-
tion, remains unknown. According to the Grafstein potassium
hypothesis, K! released during intense neuron firing can ac-
cumulate in the interstitial space, thus depolarizing neurons
and leading to spike inactivation. Slow diffusion of K! into
surrounding areas could then depolarize neurons and create
slowly propagating waves of spreading depression (SD) (Graf-
stein 1957). Delayed increase of [K!]o compared with mem-
brane potential depolarization measured during SD propaga-

tion (Herreras and Somjen 1993) suggests, however, that K!

diffusion may not be the primary mechanism maintaining SD
waves, but it might still trigger SD phenomena (Kager et al. 2000).
Modulation of [K!]o has a profound impact on the excit-

ability of neurons and neuronal networks. Increase of [K!]o
depolarizes the K! currents reversal potential and can affect
the maximal conductances of some depolarizing currents such
as the hyperpolarization-activated depolarizing current (Ih)
(Spain et al. 1987) and the persistent sodium current (INa(p))
(Somjen and Muller 2000), increasing excitability. A recent
study showed that K!-mediated increase of Ih may lead to
periodic bursting in a cortical network model (Timofeev et al.
2002a). Periodic bursting was found in vitro after increasing
[K!]o (Jensen and Yaari 1997; Leschinger et al. 1993; Pan and
Stringer 1997). Traumatic brain injury leading to loss of K!

conductance in hippocampal glia can result in the failure of
glial K! homeostasis and abnormal neuronal function includ-
ing seizures (D’Ambrosio et al. 1999).
The Lennox-Gastaut syndrome is one of the most severe and

difficult epileptic conditions (Niedermeyer 2002). The electro-
encephalographic (EEG) pattern for this type of seizure con-
sists of slow spike-wave (SW) or polyspike-wave (PSW)
complexes and runs of rapid EEG “spikes” (10–25/s). This
pattern closely resembles paroxysmal oscillations observed in
experiments with anesthetized and chronic animals, consisting
of SW/PSW complexes recurring at 2–3 Hz, often interrupted
by fast runs at 10–15 Hz (Steriade et al. 1998a). The thalamic
or cortical origin of these seizures is still actively debated. The
occurrence of SW complexes in the depths of monkey cortex
without a reflection at the cortical surface (Steriade 1974) and
observation of seizures with SW/PSW complexes in com-
pletely isolated cortical slabs in vivo (Timofeev et al. 1998)
suggest that focal SW seizure are initiated within the cortex.
Multi-site recordings show that SW/PSW seizures may be
initiated in cortex and then spread to the thalamus after a
few-second delay (Neckelmann et al. 1998). Dual recordings
from cortex and thalamus indicate that thalamic reticular neu-
rons faithfully follow each cortical EEG “spike,” whereas
target thalamocortical (TC) neurons are relatively hyperpolar-
ized during seizure episodes with SW/PSW complexes and
thus cannot enhance paroxysmal bursting (Neckelmann et al.
1998; Steriade and Contreras 1995, 1998; Steriade et al. 1998a;
Timofeev et al. 1998). Intracellular recordings from TC neu-
rons during SW discharges in genetic models of absence
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the appearance of spike- or polyspike-wave complex recruitment at 2-
to 3-Hz frequencies. The oscillatory mechanisms underlying this
paroxysmal activity were investigated in computational models of
cortical networks. The extracellular K! concentration ([K!]o) was
continuously computed based on neuronal K! currents and K! pumps
as well as glial buffering. An increase of [K!]o triggered a transition
from normal awake-like oscillations to 2- to 3-Hz seizure-like activity.
In this mode, the cells fired periodic bursts and nearby neurons
oscillated highly synchronously; in some cells depolarization led to
spike inactivation lasting 50–100 ms. A [K!]o increase, sufficient to
produce oscillations could result from excessive firing (e.g., induced
by external stimulation) or inability of K! regulatory system (e.g.,
when glial buffering was blocked). A combination of currents includ-
ing high-threshold Ca2!, persistent Na! and hyperpolarization-acti-
vated depolarizing (Ih) currents was sufficient to maintain 2- to 3-Hz
activity. In a network model that included lateral K! diffusion
between cells, increase of [K!]o in a small region was generally
sufficient to maintain paroxysmal oscillations in the whole network.
Slow changes of [K!]o modulated the frequency of bursting and, in
some case, led to fast oscillations in the 10- to 15-Hz frequency range,
similar to the fast runs observed during seizures in vivo. These results
suggest that modifications of the intrinsic currents mediated by in-
crease of [K!]o can explain the range of neocortical paroxysmal
oscillations in vivo.

I N T R O D U C T I O N

Although it is well established that the extracellular potas-
sium concentration ([K!]o) increases during epileptogenesis
(Moody et al. 1974), whether this is the primary seizure-
eliciting factor, or the increased firing causes the [K!]o eleva-
tion, remains unknown. According to the Grafstein potassium
hypothesis, K! released during intense neuron firing can ac-
cumulate in the interstitial space, thus depolarizing neurons
and leading to spike inactivation. Slow diffusion of K! into
surrounding areas could then depolarize neurons and create
slowly propagating waves of spreading depression (SD) (Graf-
stein 1957). Delayed increase of [K!]o compared with mem-
brane potential depolarization measured during SD propaga-

tion (Herreras and Somjen 1993) suggests, however, that K!

diffusion may not be the primary mechanism maintaining SD
waves, but it might still trigger SD phenomena (Kager et al. 2000).
Modulation of [K!]o has a profound impact on the excit-

ability of neurons and neuronal networks. Increase of [K!]o
depolarizes the K! currents reversal potential and can affect
the maximal conductances of some depolarizing currents such
as the hyperpolarization-activated depolarizing current (Ih)
(Spain et al. 1987) and the persistent sodium current (INa(p))
(Somjen and Muller 2000), increasing excitability. A recent
study showed that K!-mediated increase of Ih may lead to
periodic bursting in a cortical network model (Timofeev et al.
2002a). Periodic bursting was found in vitro after increasing
[K!]o (Jensen and Yaari 1997; Leschinger et al. 1993; Pan and
Stringer 1997). Traumatic brain injury leading to loss of K!

conductance in hippocampal glia can result in the failure of
glial K! homeostasis and abnormal neuronal function includ-
ing seizures (D’Ambrosio et al. 1999).
The Lennox-Gastaut syndrome is one of the most severe and

difficult epileptic conditions (Niedermeyer 2002). The electro-
encephalographic (EEG) pattern for this type of seizure con-
sists of slow spike-wave (SW) or polyspike-wave (PSW)
complexes and runs of rapid EEG “spikes” (10–25/s). This
pattern closely resembles paroxysmal oscillations observed in
experiments with anesthetized and chronic animals, consisting
of SW/PSW complexes recurring at 2–3 Hz, often interrupted
by fast runs at 10–15 Hz (Steriade et al. 1998a). The thalamic
or cortical origin of these seizures is still actively debated. The
occurrence of SW complexes in the depths of monkey cortex
without a reflection at the cortical surface (Steriade 1974) and
observation of seizures with SW/PSW complexes in com-
pletely isolated cortical slabs in vivo (Timofeev et al. 1998)
suggest that focal SW seizure are initiated within the cortex.
Multi-site recordings show that SW/PSW seizures may be
initiated in cortex and then spread to the thalamus after a
few-second delay (Neckelmann et al. 1998). Dual recordings
from cortex and thalamus indicate that thalamic reticular neu-
rons faithfully follow each cortical EEG “spike,” whereas
target thalamocortical (TC) neurons are relatively hyperpolar-
ized during seizure episodes with SW/PSW complexes and
thus cannot enhance paroxysmal bursting (Neckelmann et al.
1998; Steriade and Contreras 1995, 1998; Steriade et al. 1998a;
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epilepsy in rats also demonstrated that a majority of TC cells
(!90%) were tonically hyperpolarized (Pinault et al. 1998).
This paper is a computational study of intracortical mecha-

nisms for generating paroxysmal oscillations. We demonstrate
an increased neuronal firing prior to seizure in vivo and we
study with a computational network model whether local
increases of [K"]o, either after intensive neuronal firing or
when K" regulatory system fail to maintain [K"]o level, can
explain the observed transition to 2- to 3-Hz paroxysmal
bursting in the cortical network.

M E T H O D S

In vivo recordings
Intracellular recordings from neocortical neurons were performed

in 16 cats anesthetized with ketamine-xylazine (10–15 and 2–3 mg/kg
im). After ketamine-xylazine anesthesia, #30% of cats (n $ 6)
displayed spontaneous electrographic seizures consisting of SW/PSW
complexes at 1.5–3 Hz, often associated with fast runs at#10–15 Hz.
Details of surgery are described in the companion paper (Timofeev et al.
2004).
Focal field potentials and multiunit recordings were obtained by

means of an array of six equally spaced tungsten electrodes inserted in
the cortex with an angle 45° arranged in the way that tips of all
electrodes were aligned perpendicular to cortical surface and that the
most superficial electrode was at depth #100 !m and the deepest
electrode was at depth #1.6 mm. Intracellular recordings from corti-
cal neurons were obtained with sharp glass micropipettes having
resistance of 30–80 M%. The intracellular pipette was lowered in the
cortical depth at distances &500 !m from the tips of tungsten
electrodes composing the array. All experimental procedures were
performed according to national guidelines and were approved by the
committee for animal care of Laval University.

Computational model
Models of cortical pyramidal (PY) cells and interneurons (INs) had

two compartments with channels governed by Hodgkin-Huxley kinet-
ics (Mainen and Sejnowski 1996):

Cm
dVD
dt

" # gL'VD # EL( # g'VD # VS( # IDint # Isyn, g'VS # VD( " # ISint (1)

where Cm, gL are the membrane capacitance and the leakage conduc-
tance of the dendritic compartment, EL is the reversal potential, VD
and VS are the membrane potentials of dendritic and axo-somatic
compartments, IDint and ISint are the sums of active intrinsic currents in
axo-somatic and dendritic compartments, Isyn is a sum of synaptic
currents, and g is the conductance between axo-somatic and dendritic
compartments. In this model, the axo-somatic compartment had no
capacitance, which sped up the simulations but had little effect on the
spike firing patterns (Mainen and Sejnowski 1996).
The model included fast Na" channels, INa, with a high density in

the axo-somatic compartment and a low density in the dendritic
compartment. A fast delayed rectifier potassium K" current, IK, was
present in the axo-somatic compartment. A persistent sodium current,
INa(p), was included in the axo-somatic and dendritic compartments
(Alzheimer et al. 1993; Kay et al. 1998). A slow voltage-dependent
noninactivating K" current, IKm, a slow Ca2"-dependent K" current,
IK(Ca), a high-threshold Ca2" current, ICa, hyperpolarization-activated
depolarizing current Ih were included in the dendritic compartment. A
potassium leak current, IKL $ gKL(V ) EK), was included in the
dendritic and axo-somatic compartments. For INa(P), INa(p) $ gNa(p)
m(V ) 50), dm/dt $ (m* ) m)/0.2, m* $ 1/{1 " exp[)(V " 42)/5]}
(Alzheimer et al. 1993). For Ih, Ih $ gh (0.8m1" 0.2m2)(V " 40),
dmi/dt $ )(m* ) mi)/$i, m* $ 1/{1" exp[(V " 82)/7]}, $1 $ 38 ms,

$2 $ 319 ms (Spain et al. 1987). The slow Ih component ($2) was
found to have little effect on the firing patterns and was omitted in
these simulations. The expressions for the voltage- and Ca2"-depen-
dent transition rates for all other currents are given in (Timofeev et al.
2000). In most of the simulations, the maximal conductances and
passive properties were Ssoma $ 1.0 !10)6 cm2 (Mainen and Se-
jnowski 1996), gNa $ 3,000 mS/cm2 (Mainen and Sejnowski 1996),
gK $ 200 mS/cm2 (Mainen and Sejnowski 1996), gKL $ 0.1 mS/cm2,
gNa(p) $ 0.07 mS/cm2 (Kay et al. 1998) for axo-somatic compartment
and Cm $ 0.75 !F/cm2 (Mainen and Sejnowski 1996), gL $ 0.033
mS/cm2 (Mainen and Sejnowski 1996), gKL $ 0.01 mS/cm2, Sdend $
Ssoma r, gCa $ 0.022 mS/cm2 (Reuveni et al. 1993), gNa $ 1 mS/cm2
(Mainen and Sejnowski 1996), gK(Ca) $ 2.5 mS/cm2, gKm $ 0.01
mS/cm2 (Gutfreund et al. 1995), gNa(p) $ 0.07 mS/cm2 (Kay et al.
1998), gh $ 0.01–0.02 mS/cm2 (Alzheimer et al. 1993) for dendritic
compartment. gK(Ca) was chosen to prevent membrane potential
“lock” in the depolarized state after [K"]o increase. Many of these
conductances were systematically varied to find the range for the
observed phenomena. INa(p) was not included in IN cells. The resis-
tance between compartments was R $ 10 M%.
Reversal potentials for all K"-mediated currents were calculated

using Nernst equation EK $ 26.64 ln ([K"]o/[K"]i), where [K"]o is
extra- and [K"]i is intracellular K" concentrations, EK is reversal
potential in millivolts. [K"]i was held constant at 130 mM through
most of the simulations. Reversal potentials for Ih and leak currents
were calculated as

Eh " 26.64 ln '+K",o % 0.2+Na",o(/'+K",i % 0.2+Na",i(

EL " 26.64 ln '+K",o % 0.085+Na",o % 0.1+Cl),i(/

'+K",i % 0.085+Na",i % 0.1+Cl),o(

where [Na"]o $ 130 mM, [Na"]i $ 20 mM, [Cl)]i $ 8 mM,
[Cl)]o $ 130 mM. In some simulations, [K"]i, [Na"]o, and [Na"]i
were continuously updated to examine whether they had any effect on
the results.
The extracellular K" concentration was continuously updated

based on K" currents, K" pumps, K" buffering simulating the glial
K" uptake system (Kager et al. 2000) and lateral K" diffusion

d+K",o
dt

" kIK-/Fd % G % D/.x2'+K",o'"( % +K",o')( # 2+K",o(

% D/.x2'+K",o'sd( # +K",o( (2)

where F $ 96,489 C/mol is the Faraday constant, d $ 0.15 !M is the
ratio of extracellular volume (per cell compartment) to the surface
area, k $ 10 is the unit conversion constant for currents, IK- (in
!A/cm2) in is a sum of all K" currents including an inward K"

current produced by active K" pumps (Kager et al. 2000)

Ipump " Imax/'1% +K",o'eq(/+K",o(
2

[K"]o(eq) $ 3.5 mM is an equilibrium [K"]o concentration, Imax is the
maximal flux generated by the pump (to compensate K" leak at
resting conditions we selected Imax $ 5 !A/cm2 for dendritic and
Imax $ 40 !A/cm2 for somatic compartments), D $ 4 10)6 cm2/s is
diffusion coefficient [D $ 2.5–3.3 10)6 cm2/s was estimated for cat
neocortex (Fisher et al. 1976)]. In the model, we assumed that each
cell compartment had an associated extracellular volume and [K"]o
indicates the average concentration within this volume, [K"]o(") and
[K"]o()) are K" concentrations in the adjacent volumes (correspond-
ing to the neighboring cells), [K"]o(sd) is K" concentrations in the
adjacent compartment (soma or dendrites), G is a variable describing
the effect of the glial buffering system. In the one-dimensional
approximation to diffusion along the x axis, the distance between
volume centers was estimated as .x $ 100 !m based on the
assumption that one synaptic footprint (10 cells in the model) corre-
sponded to #1 mm in the cortex. In most single cell simulations
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High extracellular K elicits seizures
(anesthetized cats)
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Low extracellular K elicits epileptic activity
(human brain slices in vitro)







Points to be illustrated and 
discussed in the lecture

• we need to consider a cellular basis (why?)

• context, context, context (under what situations is 
the disease considered?)

• neurological (experimental) models can be wide-
ranging (what motivates the choice?)

• cellular-based (oscillatory) modeling
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Results: The workshop, "ESF Exploratory Workshop on Computational disease Modeling", examined the challenges that
computational modeling faces in contributing to the understanding and treatment of complex multi-factorial diseases.
Participants at the meeting agreed on two general conclusions. First, we identified the critical importance of developing analytical
tools for dealing with model and parameter uncertainty. Second, the development of predictive hierarchical models spanning
several scales beyond intracellular molecular networks was identified as a major objective. This contrasts with the current focus
within the systems biology community on complex molecular modeling.
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commentary based on an exploratory workshop
two conceptual traditions in biological computational modeling noted:
- use of complex intracellular molecular models - systems biology community
- use of modeling strategy that selects features of relevance to the phenomena 
and combines available data in models of modest complexity

“a successful strategy in computational neuroscience has been to identify minimal 
models that adequately describe and predict the biology, but at the potential price of 
selecting a too narrowly focused model.”

conclusion - diverse scientific modeling cultures exist, intense cross-
talk should occur to make progress on clinically relevant problems
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Oscillatory, population activities have long been known to

occur in our brains during different behavioral states. We know

that many different cell types exist and that they contribute in

distinct ways to the generation of these activities. I review

recent papers that involve cellular-based models of brain

networks, most of which include theta, gamma and sharp

wave-ripple activities. To help organize the modeling work, I

present it from a perspective of three different types of cellular-

based modeling: ‘Generic’, ‘Biophysical’ and ‘Linking’.

Cellular-based modeling is taken to encompass the four

features of experiment, model development, theory/analyses,
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Introduction
Parameters, parameters, parameters – what to use in
neuronal models? Anyone doing modeling in Neuro-
science faces this question early on. Does one simply
use an existing mathematical model with its given
parameters and parameter values, or does one use an
existing model but with tweaked parameter values, or
does one try to create a new model with its set of
parameters and parameter values? There are many
aspects to consider, with the essential one of course being
what particular goals does one hope to achieve with the
mathematical modeling. While it is now clear that theory,
mathematics and computation are essential and required
parts of the Neuroscience field today, it is perhaps less
clear how they are brought to bear in our quest to under-
stand brain workings.

Functional groupings of neurons, or microcircuits [1]
express several rhythmic patterns [2]. In our brain net-
works, oscillatory activities have long been known to exist
with frequencies of several orders of magnitude [3], and it
has been suggested that new network frequencies could
emerge from a concatenation of different frequencies [4].
Many experimental studies continue to show the critical
importance of cellular properties to network output, but it
is a ‘delicate balance’ to determine model cellular repres-
entations, and finding the ‘best level of abstraction is
often the key to success’ [5]. Furthermore, many theor-
etical studies have shown that physiological, cellular
details must be considered in determining collective
outputs of microcircuits, and that using integrate-and-fire
(IF) type models can give incorrect insights [6!!].

In modeling brain networks, size and architecture, along
with connectivity and cellular characteristics as dictated by
context and function need to be taken into consideration.
Given that cellular characteristics cannot be neglected, the
challenge is, how, and how much to engage biological
reality in our model parameters. In this brief review, I
focus on papers that involve cellular-based models under-
lying oscillatory activities in the CNS from the last few
years. Space restricts this review from being exhaustive and
thus several interesting studies are not included or are
discussed in other articles in this issue [7]. In describing this
recent work, I present it from a point of view of three
different types of cellular-based modeling. I suggest that
this is a useful organization to consider not only for trying to
be clear about the biological context of cellular models but
also for trying to best take advantage of theory.

Cellular-based models – it’s not just about the
level of model detail
Networks of excitatory and inhibitory cells give rise to
oscillatory activities. It was modeling work in 1992 by
Wang and Rinzel [8] that helped bring the contribution
of inhibitory networks to the fore by showing that purely
inhibitory networks could produce synchronized output for
appropriate parameter balances (i.e. slow enough decay
time constant and fast enough intrinsic firing). While the
original modeling was based on thalamic reticular cells, this
fundamental, conceptual understanding has been ported
to other brain structures [9] and has been expanded to
include not only reciprocal inhibitory networks, but also
reciprocal excitatory-inhibitory networks, noise, heteroge-
neities and sparsely synchronized oscillations [6!!,10–12].
For example, so-called pyramidal-interneuron-network-
gamma (PING) and interneuron-network-gamma (ING)
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time constant and fast enough intrinsic firing). While the
original modeling was based on thalamic reticular cells, this
fundamental, conceptual understanding has been ported
to other brain structures [9] and has been expanded to
include not only reciprocal inhibitory networks, but also
reciprocal excitatory-inhibitory networks, noise, heteroge-
neities and sparsely synchronized oscillations [6!!,10–12].
For example, so-called pyramidal-interneuron-network-
gamma (PING) and interneuron-network-gamma (ING)
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type mechanisms [13] that evolved from the original stu-
dies are increasingly being used in the literature. It is not
straightforward to distinguish PING and ING type mech-
anisms [14], and indeed, in the biological realm, this dicho-
tomy may not be distinct.

In recent work, Kilpatrick and Ermentrout [15!!] showed
that networks of excitatory cells with spike frequency
adaptation and inhibitory feedback produce clusters of
firing cells that allow network population rhythms of
gamma frequency (30–100 Hz) to emerge. Theoretical
analyses were employed to show that the number of
clusters depend on the adaptation time constant. It is
important to note that the original understanding of
synchronous output from inhibitory networks took
advantage of phase plane analyses [8]. In Kilpatrick
and Ermentrout’s work [15!!], singular perturbation
and weak coupling analyses were used. This highlights
an essential point – the need for theory and mathematical
analyses to bring about insight and understanding of
oscillatory dynamics in brain networks. I consider math-
ematical analyses as one of the features (‘Theory/
Analyses’) in cellular-based modeling. The other three
features are: experimental data determining cellular prop-
erties (‘Experiment’), development of cellular-based
mathematical models (‘Model Development’), and com-
putational usage of models (‘Model Usage/Compu-
tation’). This latter feature is necessarily a part of all
cellular-based modeling. I include it as a separate feature
to distinguish it from Model Development, which is not a
feature in all types of cellular-based modeling. These four
features are illustrated in the schematic of Figure 1. I
consider these four features and their interactions (as
illustrated by bidirectional arrows) as a basis for cellu-
lar-based modeling.

I refer to Kilpatrick and Ermentrout’s [15!!] type of
modeling as ‘Generic’ type modeling because although
the models used include some cellular characteristic (e.g.
adaptation as in [15!!] or being of Class I/II excitability
[16]), the characteristic is considered in a more generic
sense and is not directly taken from experimental data. In
Generic type modeling, existing detailed, cellular models
or ad-hoc reductions of them may be used, in which some
mathematical and/or experimental aspect(s) is preserved.
For example, Pinsky and Rinzel [17] came up with a two-
compartment reduced version of Traub’s 19-compart-
ment CA3 pyramidal model [18]. In another example,
oriens-lacunosum moleculare (O-LM) hippocampal
interneuron models used by several authors [19–21] are
single-compartment ad-hoc versions of a 196-compart-
ment model developed by Saraga et al. [22]. Subsequent
studies build on these reduced models. Importantly,
Generic type modeling either uses or invokes mathemat-
ical insights and analyses from present or earlier studies.
The features of Generic type modeling are illustrated in
Figure 2 (top left) where the use of models with theory

and analyses is coupled but there is not a direct link back
to cellular experimental characteristics for examination.

In recent years, Generic type modeling has been used to
advance our understanding of normal and pathological
oscillatory activities.

Gamma rhythms, schizophrenia and connectivity
Fast-spiking (FS) cells, gamma oscillations and NMDA
receptor alterations are all important considerations in
schizophrenia and form the basis of three recent papers
[23–25]. Following experiments, network models of FS
and pyramidal cells in prefrontal cortex were built and
used to examine AMPA/NMDA kinetics and balances
in gamma rhythm generation [23!!]. Owing to feedback
inhibition type mechanisms, it was found that AMPAR-
mediated input to FS cells is crucial for the emergence of
gamma rhythms. The influence of ketamine (NMDA
antagonist) on theta/gamma rhythms in a CA3 network
model was examined [24!]. From the model networks
that invoked PING/ING mechanisms, it was predicted
that ketamine effects are mainly due to blockage of O-
LM cell NMDA receptors. A non-specific FS/pyramidal
cortical network model was examined in which asynchro-
nous release of GABA from FS cells was incorporated
[25!]. This was done using short-term plasticity models
and it was found that gamma rhythms (generated by
PING/ING type mechanisms) as induced by stimuli were
reduced as found in schizophrenia.

These three studies are different in modeling details, but
they are all able to produce results in accordance with
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Analyses feature can be considered either while developing or using the
mathematical models.
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tomy may not be distinct.
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gamma frequency (30–100 Hz) to emerge. Theoretical
analyses were employed to show that the number of
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important to note that the original understanding of
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and Ermentrout’s work [15!!], singular perturbation
and weak coupling analyses were used. This highlights
an essential point – the need for theory and mathematical
analyses to bring about insight and understanding of
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compartment reduced version of Traub’s 19-compart-
ment CA3 pyramidal model [18]. In another example,
oriens-lacunosum moleculare (O-LM) hippocampal
interneuron models used by several authors [19–21] are
single-compartment ad-hoc versions of a 196-compart-
ment model developed by Saraga et al. [22]. Subsequent
studies build on these reduced models. Importantly,
Generic type modeling either uses or invokes mathemat-
ical insights and analyses from present or earlier studies.
The features of Generic type modeling are illustrated in
Figure 2 (top left) where the use of models with theory

and analyses is coupled but there is not a direct link back
to cellular experimental characteristics for examination.

In recent years, Generic type modeling has been used to
advance our understanding of normal and pathological
oscillatory activities.

Gamma rhythms, schizophrenia and connectivity
Fast-spiking (FS) cells, gamma oscillations and NMDA
receptor alterations are all important considerations in
schizophrenia and form the basis of three recent papers
[23–25]. Following experiments, network models of FS
and pyramidal cells in prefrontal cortex were built and
used to examine AMPA/NMDA kinetics and balances
in gamma rhythm generation [23!!]. Owing to feedback
inhibition type mechanisms, it was found that AMPAR-
mediated input to FS cells is crucial for the emergence of
gamma rhythms. The influence of ketamine (NMDA
antagonist) on theta/gamma rhythms in a CA3 network
model was examined [24!]. From the model networks
that invoked PING/ING mechanisms, it was predicted
that ketamine effects are mainly due to blockage of O-
LM cell NMDA receptors. A non-specific FS/pyramidal
cortical network model was examined in which asynchro-
nous release of GABA from FS cells was incorporated
[25!]. This was done using short-term plasticity models
and it was found that gamma rhythms (generated by
PING/ING type mechanisms) as induced by stimuli were
reduced as found in schizophrenia.

These three studies are different in modeling details, but
they are all able to produce results in accordance with
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experimental observations. Since the gamma rhythms in
all of the models are generated via PING/ING type
mechanisms, this suggests that Wang and Rinzel’s
original modeling concept [8] may be a fundamental,
biological mechanism in operation. That is, brain net-
works employ balances between intrinsic cell firings and
synaptic time constants of cell connections to bring about
gamma population frequencies. Furthermore, when these
balances are disrupted, pathological states such as schizo-
phrenia result.

Other interesting network modeling studies have
appeared in recent papers [26–29]. Although they take
advantage of PING/ING type mechanisms in examining
gamma rhythms, connectivity, and not cellular character-
istics are the focus for producing and understanding the
model network output. Only in [29] are cellular repres-
entations beyond IF type models incorporated.

Theta/gamma and ripple oscillation mechanisms – some
progress but still elusive
There is a clear correspondence between network pat-
terns and behavioral states. In particular, theta/gamma

and sharp wave/ripple type patterns occur in hippo-
campus during active and immobile, slow-wave sleep
behaviors respectively [30] (see Figure 3). These pat-
terns continue to be explored with modeling.

Recent models produce theta and theta/gamma pat-
terns, but they differ in cell type and connectivity
specifics. In work by Wulff et al. [21], theta/gamma
rhythms were produced using two inhibitory cell types
(basket and O-LM cells), pyramidal cells and AMPA-
like connections in CA1 network models (see Figure 3).
The mechanism relied on earlier mathematical analyses
of O-LM cell interactions [31]. As for the experimental
work, it was shown that inhibition onto basket cells is
important for theta/gamma coupling but not for gamma
rhythms themselves that occur via a PING mechanism.
This intra-hippocampal production of theta/gamma
rhythms was also shown in CA3 models of Neymotin
et al. [24!]. Both NMDA and AMPA connections were
present and there were differences in network connec-
tivities (see Figure 3). It is important to note that while
theta/gamma rhythms have been found to indepen-
dently occur in subiculum [32], this is not the case
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Top right: Biophysical type modeling is the original type of cellular-based modeling, and includes voltage-gated channels based on experimental data.
The black arrow at the top from Biophysical type modeling to Generic type modeling is intended to suggest that formalizing such a connection would
be a way to include the Experiment feature in Generic type modeling.
Bottom: Linking type modeling is interpreted in two ways with the common aspect being the direct linkage with Experiment. On the left is a Linking type
in which the model is developed with direct links to some cellular characteristics taken directly from experiment. On the right is a Linking type in which
the link with experiment is direct either by use of dynamic clamp or by subsequent experimental investigation owing to model predictions. Note that
although Biophysical type modeling (top right) also directly includes Experiment, I differentiate it as another type because it is probably the most well-
known type in the Neuroscience community being the original type owing to Hodgkin and Huxley [40], and necessarily includes biophysical specifics.
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There is a clear correspondence between network pat-
terns and behavioral states. In particular, theta/gamma

and sharp wave/ripple type patterns occur in hippo-
campus during active and immobile, slow-wave sleep
behaviors respectively [30] (see Figure 3). These pat-
terns continue to be explored with modeling.

Recent models produce theta and theta/gamma pat-
terns, but they differ in cell type and connectivity
specifics. In work by Wulff et al. [21], theta/gamma
rhythms were produced using two inhibitory cell types
(basket and O-LM cells), pyramidal cells and AMPA-
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of O-LM cell interactions [31]. As for the experimental
work, it was shown that inhibition onto basket cells is
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- reticular thalamic nucleus which has interacting inhibitory 
cells which have a low-threshold T-type calcium current 
(post-inhibitory rebound (PIR) ionic mechanism).
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a network model of 4,000 inhibitory cells (149), which
corresponds to approximately all basket cells in the
dorsal hippocampus of the rat (304). We considered
how rewiring from local to long-range connections af-
fects the synchronization behavior of the network. With
a local architecture, the connection probability be-
tween two neurons decreases with their distance, ac-

cording to a Gaussian distribution. When the Gaussian
distribution is narrow (characteristic range !20 neu-
rons), the network is asynchronous and the population
firing rate is essentially constant in time (Fig. 8A). Next,
while fixing the average number of connections per
neuron, a fraction p of the existing connections are
rewired according to a probability that falls off as an

FIG. 7. Synchronization in an inhibitory interneuronal network.
A: an example of network synchronization in a fully connected net-
work of type I conductance-based neurons. Top: rastergram where
each row of dots represents spikes discharged by one of the neurons
in the network. Bottom: membrane potentials of two neurons. Neu-
rons initially fire asynchronized, but quickly become perfectly syn-
chronized by mutual inhibition. B: in a random network, the network
coherence is plotted versus the mean number of recurrent synapses
per cell Msyn. [The correction term (!1/N) takes into account the
finite network size effect.] Different curves correspond to different
network size (N " 100, 200, 500, 1,000). There is a critical threshold
for the connectedness above which network synchrony occurs. This
threshold connectivity is independent of the network size. [Adapted
from Buzsáki (142) and Wang and Buzsáki (1035).]
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on the cellular properties and network connectivities, as well as to

determine whether these conditions are satisfied by particular

interneuronal subtypes. The present study is devoted to investi-

gate such requirements using computer simulations. We found

that synaptic transmission via GABA
A

receptors in a sparsely

connected network of model interneurons can provide a mecha-

nism for gamma frequency oscillations, and we compared the

modeling results with the anatomical and electrophysiological

data from hippocampal fast spiking interneurons.

MATERIALS AND METHODS
Model neuron. Each interneuron is described by a single compartment

and obeys the current balance equation:

Cm
dV
dt � �INa � IK � IL � Isyn � Iapp , (2.1)

where Cm � 1 �F/cm
2

and I
app

is the injected current (in �A/cm
2
). The

leak current I
L

� g
L
(V � E

L
) has a conductance g

L
� 0.1 mS/cm

2
, so that

the passive time constant �
0

� Cm/g
L

� 10 msec; E
L

� �65 mV.

The spike-generating Na
�

and K
�

voltage-dependent ion currents (I
Na

and I
K

) are of the Hodgkin–Huxley type (Hodgkin and Huxley, 1952).

The transient sodium current I
Na

� g
Na

m�
3 h(V � E

Na
), where the acti-

vation variable m is assumed fast and substituted by its steady-state

function m� � �m/(�m � �m); �m(V ) � �0.1(V � 35)/(exp(�0.1(V �
35)) � 1), �m(V ) � 4exp(�(V � 60)/18). The inactivation variable h
obeys a first-order kinetics:

dh
dt � ���h�1 � h� � �hh� (2.2)

where �h(V ) � 0.07 exp(�(V � 58)/20) and �h(V ) � 1/(exp(�0.1(V �
28)) � 1). g

Na
� 35 mS/cm

2
; E

Na
� 55 mV, � � 5.

The delayed rectifier I
K

� g
K

n4
(V � E

K
), where the activation

variable n obeys the following equation:

dn
dt � ���n�1 � n� � �nn� (2.3)

with �n(V ) � �0.01(V � 34)/(exp(�0.1(V � 34)) � 1) and �n(V ) � 0.125

exp(�(V � 44)/80); g
K

� 9 mS/cm
2
, and E

K
� �90 mV.

These kinetics and maximal conductances are modified from Hodgkin

and Huxley (1952), so that our neuron model displays two salient prop-

erties of hippocampal and neocortical fast-spiking interneurons. First, the

action potential in these cells is followed by a brief afterhyperpolarization

(AHP) of about �15 mV measured from the spike threshold of approx-

imately �55 mV (McCormick et al., 1985; Lacaille and Williams, 1990;

Morin et al., 1995; Zhang and McBain, 1995). Thus, during the spike

repolarization the membrane potential reaches a minimum of about �70

mV, rather than being close to the reversal potential of the K
�

current,

E
K

� �90 mV. This is accomplished in the model by relatively small

maximal conductance g
K

and fast gating process of I
K

so that it deacti-

vates quickly during spike repolarization.

Second, these interneurons have the ability to fire repetitive spikes at

high frequencies (with the frequency–current slope up to 200–400 Hz/

nA) (McCormick et al., 1985; Lacaille and Williams, 1990; Zhang and

McBain, 1995). With fast kinetics of the inactivation (h) of I
Na

, the

activation (n) of I
K

, and the relatively high threshold of I
K

, the model

interneuron displays a large range of repetitive spiking frequencies in

response to a constant injected current I
app

(Fig. 1 A, left). It has a small

current threshold (the rheobase I
app

� 0.2 �A/cm
2
), and the firing rate is

as high as 400 Hz for I
app

� 20 mA/cm
2
. Similar to cortical interneurons

(McCormick et al., 1985; Lacaille and Williams, 1990), the whole fre-

quency–current curve is not linear, and the frequency–current slope is

larger at smaller I
app

values (lower frequencies) (Fig. 1 A, right). As a

consequence, the neural population is more sensitive to input heteroge-

neities at smaller I
app

values. This is demonstrated in Figure 1 B, where a

Gaussian distribution of I
app

is applied to a population of uncoupled

neurons (N � 100), with a mean I� and standard deviation I�. Given a

fixed and small I� � 0.03, the mean drive I� is varied systematically, and

the resulting dispersion in the neuronal firing frequencies, f� /f� (standard

deviation of the firing rate/mean firing rate) is shown as function of I�

(Fig. 1 B, top). When plotted versus f�, it is evident that with the same

amount of dispersion in applied current (I�) the dispersion in firing rates

f� /f� is dramatically increased for f� � 20 Hz (Fig. 1 B, bottom). This

feature has important implications for the frequency-dependent network

behaviors (see Results).

Model synapse. The synaptic current I
syn

� g
syn

s(V � E
syn

), where g
syn

is the maximal synaptic conductance and E
syn

is the reversal potential.

Typically, we set g
syn

� 0.1 mS/cm
2

and E
syn

� �75 mV (Buhl et al.,

1995). The gating variable s represents the fraction of open synaptic ion

channels. We assume that s obeys a first-order kinetics (Perkel et al.,

1981; Wang and Rinzel 1993):

ds
dt � �F�Vpre��1 � s� � �s, (2.4)

where the normalized concentration of the postsynaptic transmitter-

receptor complex, F(V
pre

), is assumed to be an instantaneous and sigmoid

function of the presynaptic membrane potential, F(V
pre

) � 1/(1 �
exp(�(V

pre
� �

syn
)/2)), where �

syn
(set to 0 mV) is high enough so that the

transmitter release occurs only when the presynaptic cell emits a spike.

Figure 1. Model of single neuron and synapse. A, Left, Firing frequency

versus applied current intensity ( f � I
app

curve) of the model neuron. The

firing rate can be as high as 400 Hz. Right, The derivative df/dI
app

shows

that the f/I
app

slope is much larger at smaller I
app

(lower f ) values. B,

Dispersion in firing rates caused by heterogeneity in input current. A

Gaussian distribution for input currents, with standard deviation I� � 0.03,

is applied to a population of uncoupled neurons. The dispersion in firing

rates was computed as the ratio between the standard deviation and the

mean of firing rates ( f� /f�). This ratio is much larger for smaller mean

current amplitude I� (top). Plotting f� /f� versus f� shows that the disper-

sion in firing rates is dramatically increased for f� � 20 Hz (bottom). C,

A brief current pulse applied to a presynaptic cell generates a single

action potential, which elicits an inhibitory postsynaptic current (I
syn

) and

membrane potential change in a postsynaptic cell (g
syn

� 0.1 mS/cm
2
).
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experimental observations. Since the gamma rhythms in
all of the models are generated via PING/ING type
mechanisms, this suggests that Wang and Rinzel’s
original modeling concept [8] may be a fundamental,
biological mechanism in operation. That is, brain net-
works employ balances between intrinsic cell firings and
synaptic time constants of cell connections to bring about
gamma population frequencies. Furthermore, when these
balances are disrupted, pathological states such as schizo-
phrenia result.

Other interesting network modeling studies have
appeared in recent papers [26–29]. Although they take
advantage of PING/ING type mechanisms in examining
gamma rhythms, connectivity, and not cellular character-
istics are the focus for producing and understanding the
model network output. Only in [29] are cellular repres-
entations beyond IF type models incorporated.

Theta/gamma and ripple oscillation mechanisms – some
progress but still elusive
There is a clear correspondence between network pat-
terns and behavioral states. In particular, theta/gamma

and sharp wave/ripple type patterns occur in hippo-
campus during active and immobile, slow-wave sleep
behaviors respectively [30] (see Figure 3). These pat-
terns continue to be explored with modeling.

Recent models produce theta and theta/gamma pat-
terns, but they differ in cell type and connectivity
specifics. In work by Wulff et al. [21], theta/gamma
rhythms were produced using two inhibitory cell types
(basket and O-LM cells), pyramidal cells and AMPA-
like connections in CA1 network models (see Figure 3).
The mechanism relied on earlier mathematical analyses
of O-LM cell interactions [31]. As for the experimental
work, it was shown that inhibition onto basket cells is
important for theta/gamma coupling but not for gamma
rhythms themselves that occur via a PING mechanism.
This intra-hippocampal production of theta/gamma
rhythms was also shown in CA3 models of Neymotin
et al. [24!]. Both NMDA and AMPA connections were
present and there were differences in network connec-
tivities (see Figure 3). It is important to note that while
theta/gamma rhythms have been found to indepen-
dently occur in subiculum [32], this is not the case
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Top right: Biophysical type modeling is the original type of cellular-based modeling, and includes voltage-gated channels based on experimental data.
The black arrow at the top from Biophysical type modeling to Generic type modeling is intended to suggest that formalizing such a connection would
be a way to include the Experiment feature in Generic type modeling.
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Abstract The hippocampus is a brain structure critical
for memory functioning. Its network dynamics include
several patterns such as sharp waves that are generated
in the CA3 region. To understand how population out-
puts are generated, models need to consider aspects of
network size, cellular and synaptic characteristics and
context, which are necessarily ‘balanced’ in appropriate
ways to produce particular outputs. Thick slice hip-
pocampal preparations spontaneously produce sharp
waves that are initiated in CA3 regions and depend on
the right balance of glutamatergic activities. As a step
toward developing network models that can explain
important balances in the generation of hippocampal
output, we develop models of CA3 pyramidal cells.
Our models are single compartment in nature, use an
Izhikevich-type structure and involve parameter values
that are specifically designed to encompass CA3 in-
trinsic properties. Importantly, they incorporate spike
frequency adaptation characteristics that are directly
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comparable to those measured experimentally. Exci-
tatory networks using these model cells are able to
produce bursting suggesting that the amount of spike
frequency adaptation expressed in the biological cells
is an essential contributor to network bursting, and as
such, may be important for sharp wave generation. The
network bursting mechanism is numerically dissected
showing the critical balance between adaptation and
excitatory drive. The compact nature of our models
allows large network simulations to be efficiently com-
puted. This, together with the linkage of our models to
cellular characteristics, will allow us to develop an un-
derstanding of population output of CA3 hippocampus
with direct biological comparisons.

Keywords CA3 pyramidal neuron ·
Mathematical model · Spike frequency adaptation ·
Bursting · Excitatory network · Phase plane analysis

1 Introduction

The hippocampus is part of the medial temporal lobe
structure that is critical for memory function (Andersen
et al. 2006; Buzsaki 2011). In particular, the CA3 region
of the hippocampus may operate as an attractor or
autoassociative network for memory functioning (De
Almeida et al. 2007; Treves and Rolls 1992). Much
experimental work has highlighted the extensive re-
current excitatory circuitry of the CA3 region as well
as the prominent burst firing found there (Andersen
et al. 2006; Li et al. 1994). To explore CA3 activities
and behaviours, neuron and neuronal network mod-
els of varying levels of detail have been developed
and analyzed (Pinsky and Rinzel 1994; Migliore et al.
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and phase plane analyses. As such, we think that our
models could form the basis for obtaining a quanti-
tative understanding of how hippocampal population
activities, such as sharp waves that critically depend on
CA3 circuitry, are generated.

2 Mathematical models and parameter values

2.1 Model structure

A simple spiking neural model has been introduced
by Izhikevich (2003, 2007). The model consists of two
parts: a two dimensional system of ordinary differential
equations which models the subthreshold behaviour of
the system and generates the upstroke of the action
potential, and a reset mechanism which generates the
downstroke of the action potential. The model vari-
ables are the membrane potential, V (mV), and the
current, u (pA), which represents the effect of the
slow currents on spike generation and allows for spike
frequency adaptation. The model is given by

While V < vpeak:

CV̇ = k(V ! vr)(V ! vt) ! u + Iext (1)

u̇ = a[b(V ! vr) ! u]. (2)

When V crosses vpeak from below:

V " c
u " u + d

(3)

The parameters are as follows:

– C (pF) is the membrane capacitance.
– vr (mV) is the resting membrane potential.
– vt (mV) is the voltage threshold when b = 0 and

Iext = 0.
– Iext (pA) is the injected current.
– vpeak (mV) is the spike cutoff value.
– k > 0 (nS/mV) is a scaling factor. This parameter

affects the value of dV/dt and hence the spike
width.

– a > 0 (ms!1) is the time constant of the adaptation
current.

– b (nS) describes the sensitivity of the adaptation
current to subthreshold fluctuations of the mem-
brane potential V. Greater values couple V and
u more strongly resulting in possible subthreshold
oscillations and low-threshold spiking dynamics.
Further, the sign of b determines whether the effect
of u is amplifying (b < 0) or resonant (b > 0).

– c (mV) is the voltage reset value. This is designed to
model the effect of fast high-threshold K+ conduc-
tances. The appropriate choice of this parameter

will help to achieve a suitable fast afterhyperpolar-
ization (fAHP).

– d (pA) describes the total amount of outward minus
inward currents activated during the spike which
affect the after-spike behavior. This parameter,
together with a, determines how much spike fre-
quency adaptation the model exhibits.

An important aspect of model (1)–(3) is that many of
the parameters can be related to biophysical quantities
(Izhikevich 2007). In Section 2.3 we will use this corre-
spondence to determine appropriate parameter values
so that the model reproduces the spiking characteristics
of a CA3 pyramidal cell. For now, it suffices to note
that we will find that b < 0 is appropriate for our CA3
pyramidal cell model.

In this paper, we wish to study a highly recurrent
network of CA3 pyramidal cells. We thus consider a
network of N identical neurons of the form above,
with all-to-all synaptic coupling. The synaptic coupling
is modelled in the usual way (Destexhe et al. 1998),
i.e., the postsynaptic neuron integrates the inputs from
the neighboring presynaptic neuron and generates a
postsynaptic potential (PSP). The synaptic current in
the jth neuron is modeled by

Isyn, j = gsyn (Vj ! Er)

N!

i=1, i #= j

s j,i(t, Vi), (4)

where gsyn (nS) is the maximal synaptic conductance
and Er (mV) is the synaptic reversal potential. s j,i is the
gating variable of the synapse from the ith neuron to the
jth, and is not allowed to exceed 1. Its value depends on
the presynaptic membrane potential in the sense that
when the ith neuron fires, it is increased. We model this
as follows

When Vi crosses 0 from below:

s j,i " s j,i + Smax (5)

Otherwise:

!syn
ds j,i

dt
= !s j,i (6)

where !syn (ms) is the synaptic decay time constant.
Putting this all together, our network model becomes

While Vj < vpeak:

C
dVj

dt
= k(Vj ! vr)(Vj ! vt)

! u j + Iext ! Isyn, j

du j

dt
= a[b(Vj ! vr) ! u j]

j = 1, . . . , N (7)
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Fig. 1 Single cell model dynamics. (A) Nullclines and the fixed
points of system (1) and (2). Irh is the saddle node bifurcation
value of the injected current, defined by Eq. (13). For Iext < Irh
the system has two fixed points: f+ which is a saddle point and
f! which is a stable node. As the amount of the injected current
increases, the two steady states merge together at Iext = Irh and
then disappear for Iext > Irh. Small green arrows represents the
direction of trajectories. (B) Phase portrait showing numerical

simulation of the single cell model (1)–(3) for Iext < Irh. (C)
Phase portrait showing numerical simulation of the single cell
model (1)–(3) for Iext > Irh. (D) Voltage vs time for simulations
shown in (B) and (C). The parameters used in the simulations
are a = 0.005 ms!1, b = !1 nS, d = 200 pA and Iext as indicated.
Other parameters values are given in Section 2.3. The initial
conditions are given by Eq. (17)

find. However, consideration of the vector field of Eqs.
(1) and (2) shows that sufficient conditions for the
solution to end up in the basin of attraction of f! are
d > 0 and c < Vrh where Vrh is the value of V! when
Iext = Irh, i.e.,

Vrh = 1
2

!
vt + vr + b

k

"
. (16)

Under these conditions, the value of Irh is the amount
of the current needed for the system to begin contin-
uous spiking, thus Eq. (13) gives a precise formula for
the rheobase of the model.

While the above mathematical discussion has consid-
ered all possible initial conditions, in our simulations

of the single cell model (1)–(3), we will typically use
resting initial conditions:

V(0) = vr, u(0) = 0. (17)

2.3 Experimental data and parameter estimation

Recently, the firing characteristics of CA3 pyramidal
cells have been documented by Hemond et al. (2008)
and Migliore et al. (2010). In this section we use these
characteristics, together with the parameter estimation
procedure described in Izhikevich (2007, Chapter 8)
to choose parameter values so that the model (1)–(3)
exhibits firing behaviour consistent with that of CA3
pyramidal cells.
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characteristics in CA3 cells, but no longer focus on
early and late spikes, but rather delayed spiking (or
spike latency) in general. Second, from a mathematical
perspective, spike latency in the simplified model is
easily and clearly understood to depend on a and b
parameters (see above section), and a stronger current
drive above rheobase would clearly bring about an
earlier spike for a given current step also.

In Fig. 5(A), we show SFA quantifications for model
cells with different a parameter values (with d = 350
and Iext = 1,200) using a SFA quantification that is
similar to what was done with the experimental data. As
expected, given the above mathematical description,
SFA increases as a decreases, and this is seen by the
increasing SFA slope measure for smaller a values.
For example, we obtain ! 0.34 for the SFA slope
measure using a = 0.003. These SFA slope measures
are obtained using resting initial conditions (Eq. (17))
and stepping to the given Iext value. Another way to
quantify the SFA is to consider how the ISI changes
over a given time. That is, !ISI = ISIfinal " ISIinitial, so
that stronger SFA corresponds to larger !ISI values.
This method is easier to compute and parameter ranges
can be explored more fully. Using initial conditions as
in Eq. (17), we use a given time of 1,500 ms to compute
!ISI’s. As stated above, a = 0.003 (with d = 350 and
Iext = 1,200) has a SFA slope quantification of about
0.34. This corresponds to a !ISI ! 95. In Fig. 5(B) we
show !ISI SFA quantifications for a wide range of a
values, and three different Iext values of 600, 900 and
1,200. The vertical dashed line shows when a = 0.003.
As expected, SFA increases with decreasing a, and for
the particular choice of d, SFA increases with larger
current steps. In Fig. 5(C), we show !ISI for a wide
range of d values. The vertical dashed line shows when
d = 350. SFA increases as d increases for lower values
of d. For larger current steps, there is a wider range of
d for which SFA increases with increasing d. Also, for
lower values of d, SFA decreases with larger current
steps, whereas it increases for larger current steps for
higher d values.

3.2 Network bursting with quantified spike frequency
adaptation (SFA)

Previous theoretical work using integrate-and-fire neu-
ron models have shown that bursting can occur in a
network of cells in which the individual cells do not
burst but do express SFA (van Vreeswijk and Hansel
2001). As such, we expect a network of our model
cells with SFA to also be able to express bursting.
Using parameters that correspond to a SFA slope quan-
tification of ! 0.35 (i.e., well within the range of SFA

Fig. 5 Quantification of spike frequency adaptation (SFA). (A)
Interspike interval (ISI) is plotted against spike latency for
different values of the parameter a as shown. Iext = 1,200 and
d = 350. The ISI is plotted against the latency to the second
spike for each interval. (Interval latency on the x-axis is the
actual time that the spike appears after the preceding spike.)
(B) Relationship between the value of a and SFA for different
values of injected current as shown. d = 350 and a vertical line is
shown for a = 0.003. Clearly, !ISI decreases with increasing a.
(C) Relationship between the value of the parameter d and SFA
for different values of injected current as shown. a = 0.003 and a
vertical line is shown for d = 350. A non-monotonic relationship
in !ISI with increasing d is apparent. Other parameter values are
as given in the text

A series of 15 rectangular current steps was first applied with
an amplitude that typically elicited 3–4 spikes (Fig. 8A). Note
that in these particular experiments, a KMeSO4 pipette saline
was used and no blockers were added to the bathing medium.
Nevertheless, we still observed with rectangular depolarizing
current steps the heterogeneity of firing patterns described
above. As expected, the reliability of spike timing was variable
between trials, especially those occurring in the later two-thirds
of the trial. In contrast, when current was injected in the form
of a noisy signal repeated sequentially, where the mean current
was equal to the amplitude of a rectangular current step (equiv-
alent total charge), firing was highly reliable across trials; spikes
occurred at the same regular intervals for each trail (Mainen
and Sejnowski, 1995). Overall, no significant differences in reli-
ability were discerned between early-/adapting and late-onset/
weakly-adapting cells, or for burst firing cells where the current
amplitude was subthreshold for the burst.

In no cases was burst firing elicited for regularly-firing or
weakly-adapting cells in response to the noisy input. Addition-
ally, we found that for all cells the noisy current stimulus was
more effective at generating spikes than a rectangular current
step (Fig. 8B). For all types of cells (early-/adapting, late-onset/
weakly-adapting, and burst firing) the mean number of spikes
generated by a noisy input was 2.5-fold more than for rectan-
gular current injection (t 5 3.94, df 5 9, P < 0.01).

Computational Models of Distinct
Firing Patterns

To examine how individual ionic conductances might con-
tribute to the various firing patterns, we first constructed a
model using a reconstruction of a CA3 pyramidal neuron
(Henze et al., 1996), a repertoire of somatic and dendritic volt-
age-dependent ion channels, and intracellular calcium dynamics

FIGURE 4. Three firing patterns in CA3b pyramidal neurons.
A: When current amplitude was adjusted above rheobase to elicit
!4 spikes CA3b pyramidal neurons recorded in the whole-cell
configuration fired either a regular, adapting train of action poten-
tials (top trace; Vrest 5 258 mV, RN 5 75 MX, sm 5 34 ms), a
train that displayed little adaptation (middle trace; Vrest 5 263
mV, RN 5 68 MX, sm 5 45 ms), or fired a high frequency burst
of spikes and ceased to fire for the remainder of the depolarizing
current step (bottom trace; Vrest 5 256 mV, RN 5 57 MX, sm 5
22 ms). B: Interspike interval (ISI) plots illustrating differences in
SFA. The ISI was plotted against the latency to the second spike
for each interval. The slope of this relationship was used to quan-
tify the magnitude of SFA between cells. C: Burst-firing cells had

significantly higher mean firing rates. For a train of four or more
spikes, mean rate was 31 6 4 ms. For a smooth Gaussian fit to
the entire data set, the mean was 19 Hz. Consistent with a bi-
modal distribution, there was a significant difference between the
unimodal distribution and the data set (Kolmogorov–Smirnov test
for a continuous distribution, D 5 1.34, n 5 35, P < 0.05). D:
The relationship of between ISI slope and the latency of rheobase
spikes (see Fig. 2) are plotted. Burst firing cells (open circles) were
all early-onset cells and had ISI slopes that, in general, were only
weakly adapting. For nonburst firing cells (filled circles), the plot
illustrates the correlation between the latency of rheobase spikes
with the magnitude of SFA (Pearson’s correlation test, r2 5 0.32,
P < 0.05).
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Fig. 4 Model can capture dynamics of single cell experimental
data. (A) Early spike. Parameter values used are a = 0.005, b =
!0.1, d = 350 and Iext = 90. (B) Strong frequency adaptation. All
parameter values are the same as in (A), except Iext = 800. (C)

Late spike. Parameter values used are a = 0.05, b = !5, d = 350
and Iext = 90. (D) Weak frequency adaptation. All parameter
values are the same as in (C), except Iext = 800. Other parameter
values are as described in the text

(Fig. 4(B)). A different set of parameters results in a
late spike for injected current near rheobase (Fig. 4(C))
and weak adaptation for a larger current step (Fig.
4(D)). (Compare with Figs. 2(A) and 4(A) of Hemond
et al. (2008).)

As stated earlier, a robust characteristic of the major-
ity of individual CA3 cells is spike frequency adaptation
(SFA) (and not single cell bursting per se). To allow
comparison between our models and the experimental
data, we first quantify the SFA in a manner similar
to what was done in Hemond et al. (2008). There, the
interspike interval (ISI) was plotted versus the latency
of each interval from the onset of the current step and
the slope was used as a measure of SFA—a larger
slope implying stronger SFA. The current amplitude
was adjusted so that at least 4 spikes were elicited.
Values ranging from !0.03 to 0.8 with a mean of
0.34 were obtained for this SFA slope measure. Fur-

ther separating out early spike/strong SFA and late
spike/weak SFA, Hemond et al. (2008) showed that
the early spike/strong SFA cells had a minimal SFA
slope measure a bit below 0.2 (see Fig. 4(D) of Hemond
et al. 2008). However, this same figure shows that the
separation between what is referred to as strong and
weak SFA is not that distinct as several late spike/weak
SFA have SFA slope measures above 0.2. Although we
have shown in Fig. 4 that our simplified cellular model
can match the experimental single cell data in terms
of early spike/strong SFA and late spike/weak SFA,
we will focus more on the SFA cellular characteristics
and less on the spike latency aspect. The reasons are
two-fold. First, the experimental data regarding spike
latency are less clear, presumably because categorizing
what is meant by an early or late spike is not easy to
quantify. Indeed, in a later review chapter, Migliore
et al. (2010) do examine weak and strong adaptation

Hemond et al. 2008
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characteristics in CA3 cells, but no longer focus on
early and late spikes, but rather delayed spiking (or
spike latency) in general. Second, from a mathematical
perspective, spike latency in the simplified model is
easily and clearly understood to depend on a and b
parameters (see above section), and a stronger current
drive above rheobase would clearly bring about an
earlier spike for a given current step also.

In Fig. 5(A), we show SFA quantifications for model
cells with different a parameter values (with d = 350
and Iext = 1,200) using a SFA quantification that is
similar to what was done with the experimental data. As
expected, given the above mathematical description,
SFA increases as a decreases, and this is seen by the
increasing SFA slope measure for smaller a values.
For example, we obtain ! 0.34 for the SFA slope
measure using a = 0.003. These SFA slope measures
are obtained using resting initial conditions (Eq. (17))
and stepping to the given Iext value. Another way to
quantify the SFA is to consider how the ISI changes
over a given time. That is, !ISI = ISIfinal " ISIinitial, so
that stronger SFA corresponds to larger !ISI values.
This method is easier to compute and parameter ranges
can be explored more fully. Using initial conditions as
in Eq. (17), we use a given time of 1,500 ms to compute
!ISI’s. As stated above, a = 0.003 (with d = 350 and
Iext = 1,200) has a SFA slope quantification of about
0.34. This corresponds to a !ISI ! 95. In Fig. 5(B) we
show !ISI SFA quantifications for a wide range of a
values, and three different Iext values of 600, 900 and
1,200. The vertical dashed line shows when a = 0.003.
As expected, SFA increases with decreasing a, and for
the particular choice of d, SFA increases with larger
current steps. In Fig. 5(C), we show !ISI for a wide
range of d values. The vertical dashed line shows when
d = 350. SFA increases as d increases for lower values
of d. For larger current steps, there is a wider range of
d for which SFA increases with increasing d. Also, for
lower values of d, SFA decreases with larger current
steps, whereas it increases for larger current steps for
higher d values.

3.2 Network bursting with quantified spike frequency
adaptation (SFA)

Previous theoretical work using integrate-and-fire neu-
ron models have shown that bursting can occur in a
network of cells in which the individual cells do not
burst but do express SFA (van Vreeswijk and Hansel
2001). As such, we expect a network of our model
cells with SFA to also be able to express bursting.
Using parameters that correspond to a SFA slope quan-
tification of ! 0.35 (i.e., well within the range of SFA

Fig. 5 Quantification of spike frequency adaptation (SFA). (A)
Interspike interval (ISI) is plotted against spike latency for
different values of the parameter a as shown. Iext = 1,200 and
d = 350. The ISI is plotted against the latency to the second
spike for each interval. (Interval latency on the x-axis is the
actual time that the spike appears after the preceding spike.)
(B) Relationship between the value of a and SFA for different
values of injected current as shown. d = 350 and a vertical line is
shown for a = 0.003. Clearly, !ISI decreases with increasing a.
(C) Relationship between the value of the parameter d and SFA
for different values of injected current as shown. a = 0.003 and a
vertical line is shown for d = 350. A non-monotonic relationship
in !ISI with increasing d is apparent. Other parameter values are
as given in the text

A series of 15 rectangular current steps was first applied with
an amplitude that typically elicited 3–4 spikes (Fig. 8A). Note
that in these particular experiments, a KMeSO4 pipette saline
was used and no blockers were added to the bathing medium.
Nevertheless, we still observed with rectangular depolarizing
current steps the heterogeneity of firing patterns described
above. As expected, the reliability of spike timing was variable
between trials, especially those occurring in the later two-thirds
of the trial. In contrast, when current was injected in the form
of a noisy signal repeated sequentially, where the mean current
was equal to the amplitude of a rectangular current step (equiv-
alent total charge), firing was highly reliable across trials; spikes
occurred at the same regular intervals for each trail (Mainen
and Sejnowski, 1995). Overall, no significant differences in reli-
ability were discerned between early-/adapting and late-onset/
weakly-adapting cells, or for burst firing cells where the current
amplitude was subthreshold for the burst.

In no cases was burst firing elicited for regularly-firing or
weakly-adapting cells in response to the noisy input. Addition-
ally, we found that for all cells the noisy current stimulus was
more effective at generating spikes than a rectangular current
step (Fig. 8B). For all types of cells (early-/adapting, late-onset/
weakly-adapting, and burst firing) the mean number of spikes
generated by a noisy input was 2.5-fold more than for rectan-
gular current injection (t 5 3.94, df 5 9, P < 0.01).

Computational Models of Distinct
Firing Patterns

To examine how individual ionic conductances might con-
tribute to the various firing patterns, we first constructed a
model using a reconstruction of a CA3 pyramidal neuron
(Henze et al., 1996), a repertoire of somatic and dendritic volt-
age-dependent ion channels, and intracellular calcium dynamics

FIGURE 4. Three firing patterns in CA3b pyramidal neurons.
A: When current amplitude was adjusted above rheobase to elicit
!4 spikes CA3b pyramidal neurons recorded in the whole-cell
configuration fired either a regular, adapting train of action poten-
tials (top trace; Vrest 5 258 mV, RN 5 75 MX, sm 5 34 ms), a
train that displayed little adaptation (middle trace; Vrest 5 263
mV, RN 5 68 MX, sm 5 45 ms), or fired a high frequency burst
of spikes and ceased to fire for the remainder of the depolarizing
current step (bottom trace; Vrest 5 256 mV, RN 5 57 MX, sm 5
22 ms). B: Interspike interval (ISI) plots illustrating differences in
SFA. The ISI was plotted against the latency to the second spike
for each interval. The slope of this relationship was used to quan-
tify the magnitude of SFA between cells. C: Burst-firing cells had

significantly higher mean firing rates. For a train of four or more
spikes, mean rate was 31 6 4 ms. For a smooth Gaussian fit to
the entire data set, the mean was 19 Hz. Consistent with a bi-
modal distribution, there was a significant difference between the
unimodal distribution and the data set (Kolmogorov–Smirnov test
for a continuous distribution, D 5 1.34, n 5 35, P < 0.05). D:
The relationship of between ISI slope and the latency of rheobase
spikes (see Fig. 2) are plotted. Burst firing cells (open circles) were
all early-onset cells and had ISI slopes that, in general, were only
weakly adapting. For nonburst firing cells (filled circles), the plot
illustrates the correlation between the latency of rheobase spikes
with the magnitude of SFA (Pearson’s correlation test, r2 5 0.32,
P < 0.05).
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Fig. 4 Model can capture dynamics of single cell experimental
data. (A) Early spike. Parameter values used are a = 0.005, b =
!0.1, d = 350 and Iext = 90. (B) Strong frequency adaptation. All
parameter values are the same as in (A), except Iext = 800. (C)

Late spike. Parameter values used are a = 0.05, b = !5, d = 350
and Iext = 90. (D) Weak frequency adaptation. All parameter
values are the same as in (C), except Iext = 800. Other parameter
values are as described in the text

(Fig. 4(B)). A different set of parameters results in a
late spike for injected current near rheobase (Fig. 4(C))
and weak adaptation for a larger current step (Fig.
4(D)). (Compare with Figs. 2(A) and 4(A) of Hemond
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data, we first quantify the SFA in a manner similar
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interspike interval (ISI) was plotted versus the latency
of each interval from the onset of the current step and
the slope was used as a measure of SFA—a larger
slope implying stronger SFA. The current amplitude
was adjusted so that at least 4 spikes were elicited.
Values ranging from !0.03 to 0.8 with a mean of
0.34 were obtained for this SFA slope measure. Fur-

ther separating out early spike/strong SFA and late
spike/weak SFA, Hemond et al. (2008) showed that
the early spike/strong SFA cells had a minimal SFA
slope measure a bit below 0.2 (see Fig. 4(D) of Hemond
et al. 2008). However, this same figure shows that the
separation between what is referred to as strong and
weak SFA is not that distinct as several late spike/weak
SFA have SFA slope measures above 0.2. Although we
have shown in Fig. 4 that our simplified cellular model
can match the experimental single cell data in terms
of early spike/strong SFA and late spike/weak SFA,
we will focus more on the SFA cellular characteristics
and less on the spike latency aspect. The reasons are
two-fold. First, the experimental data regarding spike
latency are less clear, presumably because categorizing
what is meant by an early or late spike is not easy to
quantify. Indeed, in a later review chapter, Migliore
et al. (2010) do examine weak and strong adaptation
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slope measures of CA3 cells that were classified to
have strong SFA), we find that a two-cell network of
these cells produces bursting. This is shown in Fig. 6(A)
where it can be seen that the bursts are synchronous but
the spikes within the bursts are not. Thus, cell models
with experimentally based SFA do express bursting in
excitatory networks of minimal size.

Fig. 6 Bursting in excitatory networks of adapting cells. (A)
Network bursting of two strongly adapting cells. The parameter
values used are a = 0.005, d = 350, Iext = 600 and gsyn = 250.
Initial conditions are: V1 = !65, u1 = 0, V2 = !60, u2 = 0.1,
si, j = 0. (B) Raster plot of a network of 100 all-to-all coupled
strongly adapting cells. All the parameter values are the same as
in (A), except that the value of gsyn is normalized by the number
of cells. Initial conditions for Vj are randomly generated from a
uniform distribution on [c, vpeak]. Initial conditions for the other
variables are u j = 0, sij = 0

But how much SFA is required in individual CA3
cells to allow an excitatory network of such cells to ex-
press bursting? Is there a correspondence between CA3
cells expressing strong SFA as found experimentally
and their ability to produce bursting when coupled with
excitatory synapses? The example given in Fig. 6(A)
would seem to support this. From an experimental
perspective, these questions are not easily addressed,
partly because of weak and strong SFA cells not being
clearly distinguishable. However, we can easily con-
sider this from the perspective of our models. From the
experimental data, cells with a SFA slope measure that
roughly exceeds 0.2 could be considered to have strong
SFA (consider Fig. 4(D) in Hemond et al. 2008). As
described above, there is much variation in the data
and specifics associated with obtaining these values.
Considering the exploration of parameter values shown
in Fig. 5, we expect some balance of smaller a values
and larger d values leading to stronger SFA (although
we note that SFA is not monotonically dependent on
d). In Table 1, we have itemized the two forms of SFA
quantifications (slope measure and !ISI) for several
parameter sets. We note that a SFA slope measure of
0.2 corresponds to a !ISI SFA measure of greater than
about 20 ms for the various parameter sets explored.

Also shown in Table 1 is an indication of whether
an excitatory network of two identical cells, in which
their individual parameters are as given, exhibit burst-
ing output for a given excitatory synaptic conductance
strength (250 nS). If so, then a b is indicated, otherwise
not. An examination of Table 1 allows us to say that for
network bursting to occur, a !ISI greater than 10 ms is
needed for the given parameter sets explored. A !ISI
of 10 ms corresponds to the SFA slope measure being
greater than 0.10. In other words, it seems possible
to quantify a minimal SFA amount in individual cells
that would be needed to allow them to exhibit network
bursting when coupled with excitatory synapses. We
note that this quantified value corresponds to SFA
slope measures exhibited by CA3 cells experimentally
(Hemond et al. 2008). Therefore, rather than refer to
weak and strong SFA, we can refer to minimal amounts
of SFA in CA3 cells that allow CA3 networks of them
to exhibit bursting. Given the potential functional rel-
evance of CA3 bursting (Lisman 1997), one may be
able to consider functional relevance from a cellular
perspective in terms of SFA quantification.

To summarize, from the mathematical analyses of
the previous section, we know that a and d values
control the amount of SFA in our model cells. Choos-
ing a and d values that approximate the amount of
SFA expressed in experimental CA3 cells gives rise to
networks that exhibit bursting. Although the network
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experimental observations. Since the gamma rhythms in
all of the models are generated via PING/ING type
mechanisms, this suggests that Wang and Rinzel’s
original modeling concept [8] may be a fundamental,
biological mechanism in operation. That is, brain net-
works employ balances between intrinsic cell firings and
synaptic time constants of cell connections to bring about
gamma population frequencies. Furthermore, when these
balances are disrupted, pathological states such as schizo-
phrenia result.

Other interesting network modeling studies have
appeared in recent papers [26–29]. Although they take
advantage of PING/ING type mechanisms in examining
gamma rhythms, connectivity, and not cellular character-
istics are the focus for producing and understanding the
model network output. Only in [29] are cellular repres-
entations beyond IF type models incorporated.

Theta/gamma and ripple oscillation mechanisms – some
progress but still elusive
There is a clear correspondence between network pat-
terns and behavioral states. In particular, theta/gamma

and sharp wave/ripple type patterns occur in hippo-
campus during active and immobile, slow-wave sleep
behaviors respectively [30] (see Figure 3). These pat-
terns continue to be explored with modeling.

Recent models produce theta and theta/gamma pat-
terns, but they differ in cell type and connectivity
specifics. In work by Wulff et al. [21], theta/gamma
rhythms were produced using two inhibitory cell types
(basket and O-LM cells), pyramidal cells and AMPA-
like connections in CA1 network models (see Figure 3).
The mechanism relied on earlier mathematical analyses
of O-LM cell interactions [31]. As for the experimental
work, it was shown that inhibition onto basket cells is
important for theta/gamma coupling but not for gamma
rhythms themselves that occur via a PING mechanism.
This intra-hippocampal production of theta/gamma
rhythms was also shown in CA3 models of Neymotin
et al. [24!]. Both NMDA and AMPA connections were
present and there were differences in network connec-
tivities (see Figure 3). It is important to note that while
theta/gamma rhythms have been found to indepen-
dently occur in subiculum [32], this is not the case
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Features and Interactions of Different Modeling Types.
Top left: Generic type modeling uses mathematical models that encompass various levels of detail but which are not determined directly from
experiment. This modeling type necessarily takes advantage of Theory and Analyses.
Top right: Biophysical type modeling is the original type of cellular-based modeling, and includes voltage-gated channels based on experimental data.
The black arrow at the top from Biophysical type modeling to Generic type modeling is intended to suggest that formalizing such a connection would
be a way to include the Experiment feature in Generic type modeling.
Bottom: Linking type modeling is interpreted in two ways with the common aspect being the direct linkage with Experiment. On the left is a Linking type
in which the model is developed with direct links to some cellular characteristics taken directly from experiment. On the right is a Linking type in which
the link with experiment is direct either by use of dynamic clamp or by subsequent experimental investigation owing to model predictions. Note that
although Biophysical type modeling (top right) also directly includes Experiment, I differentiate it as another type because it is probably the most well-
known type in the Neuroscience community being the original type owing to Hodgkin and Huxley [40], and necessarily includes biophysical specifics.
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Cell Type-Specific Control of Neuronal Responsiveness by
Gamma-Band Oscillatory Inhibition

Stephani Otte,1,2* Andrea Hasenstaub,1* and Edward M. Callaway1

1Crick–Jacobs Center for Theoretical and Computational Biology, Salk Institute for Biological Studies, La Jolla, California 92037, and 2Neurosciences
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Neocortical networks are composed of diverse populations of cells that differ in their chemical content, electrophysiological character-
istics, and connectivity. Gamma-frequency oscillatory activity of inhibitory subnetworks has been hypothesized to regulate information
processing in the cortex as a whole. Inhibitory neurons in these subnetworks synchronize their firing and selectively innervate the
perisomatic compartments of their target neurons, generating both tonic and rapidly fluctuating inhibition. How do different types of
cortical neurons respond to changes in the level and structure of perisomatic inhibition? What accounts for response heterogeneity
between cell types, and are these response properties fixed or flexible? To answer these questions, we use in vitro whole-cell recording and
dynamic-clamp somatic current injection to study six distinct types of cortical neurons. We demonstrate that different types of neurons
systematically vary in their receptiveness to fast changes in the structure of inhibition and the range over which changes in inhibitory tone
affect their output. Using simple neuron models and model neuron hybrids (dynamic clamp), we determine which intrinsic differences
between cell types lead to these variations in receptiveness. These results suggest important differences in the way cell types are affected
by gamma-frequency inhibition, which may have important circuit level implications. Although intrinsic differences observed in vitro are
useful for the elucidation of basic cellular properties and differences between cell types, we also investigate how the integrative properties
of neurons are likely to be rapidly modulated in the context of active networks in vivo.

Introduction
Synchronization of neocortical neuronal activity, particularly at
gamma (30 – 80 Hz) frequencies, is related to cognitive functions
such as working memory maintenance, attentional selection,
sensory-motor integration, and memory retrieval (for review, see
Herrmann and Demiralp, 2005; Womelsdorf and Fries, 2006;
Jensen et al., 2007), whereas disruption of oscillatory synchroni-
zation is associated with attention and cognition disorders, includ-
ing schizophrenia, epilepsy, and attention deficit/hyperactivity
disorder (for review, see Herrmann and Demiralp, 2005; Başar
and Güntekin, 2008). However, the physiological and functional
consequences of gamma activity for individual neurons remain
unclear.

The generation and transmission of these oscillations depends
critically on activity in networks of fast-spiking inhibitory neu-
rons (Whittington et al., 1995; Freund, 2003) (for review, see
Bartos et al., 2007; Fries, 2009), which synapse on the perisomatic
compartments of their targets (Tamás et al., 2004). Indeed, the
intracellular correlate of these population-level oscillations is
synchronized, phase-locked inhibition (Klausberger et al., 2003;

Hasenstaub et al., 2005) believed to play a role in timing or coor-
dinating the activity of other neurons (Galarreta and Hestrin,
2002; Fries et al., 2007). Furthermore, fast changes in oscillatory
synchronization are often enveloped by slow changes in overall
local circuit activity and inhibitory tone (Hasenstaub et al., 2005;
Lakatos et al., 2008). Thus, to understand how gamma activity
contributes to cortical information processing, we must deter-
mine how fast changes in inhibitory synchrony, in concert with
slow changes in inhibitory tone, interact with the integrative
properties of target neurons.

There are many different types of cortical neurons, each
having specific neurochemical properties, connectivity pat-
terns, laminar distributions, and electrophysiological charac-
teristics (Kawaguchi, 1993; Kasper et al., 1994; Markram et al.,
2004). Because of these differences, neuron types may vary in
the amplitude and timing of the synchronized inhibition they
receive during a given epoch of gamma, as well as in their tem-
poral filtering and integration of a given pattern of inhibitory
inputs. Consistent with these expectations, experiments in corti-
cal slices have demonstrated that spatiotemporal filtering of in-
hibitory synaptic inputs differs between inhibitory cell types
(Tamás et al., 2000; Szabadics et al., 2001), and computational
and experimental studies have shown that both slow and fast
changes in inhibition affect the firing of neurons (Tiesinga et al.,
2004; McLelland and Paulsen, 2009). Here, we further investigate
the integrative properties of inhibitory and excitatory neuronal
types, focusing on the interactions between slow and fast changes
in inhibition and the properties that are likely to underlie re-
sponse differences between cells.
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Take Home Messages

• we need to consider a cellular basis (why?)

• context, context, context (under what situations is 
the disease considered?)

• neurological (experimental) models can be wide-
ranging (what motivates the choice?)

• cellular-based (oscillatory) modeling



Concluding Comments



24 | VOL.8 NO.1 | JANUARY 2011 | NATURE METHODS

SPECIAL FEATURE | PRIMER METHOD OF THE YEAR

In optogenetics, exogenous genes coding for light-sensitive pro-
teins are expressed in cells, and illumination is used to alter cellular 
behavior. Optogenetics involves the development of light-sensitive 
proteins, strategies for delivering their genes to specific cells, tar-
geted illumination and finally, compatible readouts for reporting 
on changes in cell, tissue and animal behavior.

First step: light-activated proteins—the toolbox
Optogenetics requires, first of all, light-sensitive proteins, which 
can be naturally occurring or they can be chemically modified to 
become photosensitive.

Tools for modulating the membrane potential
One of the most common uses of optogenetics is for changing the 
membrane voltage potential of excitable cells. In neurons, mem-
brane depolarization leads to the activation of transient electrical 
signals (spiking), which are the basis of neuronal communication. 
Conversely, membrane hyperpolarization leads to the inhibition of 
these signals. Controlling the ‘switch’ that operates these currents 
enables neuroscientists to study how neurons functionally relate to 
each other and how neuronal circuits control behavior. By exoge-
nously expressing light-activated proteins that change the membrane 
potential in neurons, light can be used as the on-off switch.

One approach is to use chemically modified so-called ‘caged 
ligands’ that become active upon stimulation with light and bind 
exogenous receptors that were genetically introduced into specific 
neurons. Ligands can also be tethered to the receptors themselves via 
a light-sensitive compound that acts as the optical switch. In both of 
these cases, the light-sensitive soluble or tethered ligand has to be 
administered to cells or tissues to render them light-sensitive.

Alternatively, naturally occurring genes encoding light-sensitive 
proteins, such as opsins, can be used. These light-sensitive trans-
membrane proteins are covalently bound to a chromophore, retinal, 
which upon absorption of light, isomerizes (for example, from a trans 
to a cis configuration), activating the protein. Notably, retinal com-
pounds are present in most vertebrate cells in sufficient quantitities, 
thus eliminating the need to administer an exogenous molecule.

The first genetically encoded system for optical control in mam-
malian neurons using opsins was established by exogenous expres-
sion of a three-gene system from Drosophila melanogaster. Neurons 
expressing these proteins responded to light with waves of depolar-
ization and spiking over many seconds.

The recent discovery that opsins from microorganisms—which 
combine the light-sensitive domain with an ion channel or pump in 
the same protein—can also modulate neuronal signaling revolution-
ized the methodology by providing faster control in a single easily 
expressed protein.

The first of these neuronal switches used channelrhodopsin-2 
(ChR2). When expressed in a neuron and exposed to blue light, 
this nonselective cation channel immediately depolarizes the 

neuron and triggers a spike. Several variants of ChR2 have been 
developed. ChETA mutants were engineered as faster ChR2 vari-
ants, which can be used to spike neurons at frequencies greater than 
40 hertz. The step function opsins, or SFO variants, in contrast, are 
slower versions of ChR2 that can induce prolonged stable excitable 
states in neurons upon exposure to blue light and then be reversed 
upon exposure to green light. Channelrhodopsin-1 (VChR1) acts 
similarly to ChR2 but is activated by red-shifted light.

Sometimes it is desirable to inhibit neuronal signaling instead 
of triggering it. Light stimulation of halorhodopsin (NpHR), a 
chloride pump, hyperpolarizes neurons and inhibits spikes in 
response to yellow light. Recent variants (named eNpHR2.0 and 
eNpHR3.0) exhibit improved membrane targeting in mammalian 
cells and consequently, photocurrents. Light-driven proton pumps 
such as archaerhodopsin-3 (Arch), Mac, bacteriorhodopsin (eBR) 
and rhodopsin-3 (GtR3) can also be used to hyperpolarize neurons 
and block signaling.

The optogenetic toolbox is quickly expanding as a result of 
screens that aim to identify new light-sensitive proteins in different 
ecological niches or by reengineering existing variants. Notably, 
several of these tools can be used in combination to allow mul-
timodal control of neuronal activity. Recently, ChR2 was used to 
control the firing of mouse heart cells, extending the use of these 
tools to nonneuroscience applications.

Tools for modulating cell signaling
Optogenetic tools have also emerged that allow control of intracellular 
signaling cascades and molecular interactions. These tools are 

Optogenetics: controlling cell function with light
A brief description of the basic steps required to control cellular function with optogenetics is presented.
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generally fusions of light-absorbing domains with protein ‘effec-
tor’ domains. Chimeric proteins, called OptoXRs, composed of 
bovine rhodopsin and the intracellular components of adrenergic 
G protein–coupled receptors allow optical control of G protein–
mediated signaling cascades.

Non-membrane-associated photosensitive proteins such as light, 
oxygen, voltage (LOV) domains, phytochromes or cryptochromes 
from plants, can be fused to cellular effector proteins to create light-
sensitive variants. The LOV2 domain uses naturally encoded flavin 
as a chromophore and is the basis of light-activated fusion proteins 
such as LOV2-Rac. Blue light induces a change in the conformation 
of the LOV2 domain, which results in the release of the allosteric 
block of Rac, allowing it to bind and activate downstream targets 
such as PAK1, leading to the polymerization of actin filaments and 
the generation of localized cell protrusions and cell movement. LOV 
domains have also been used to create, among others, light-driven 
DNA binding proteins, protein dimerizers and enzymes.

An alternative cytoplasmic optogenetic system consists of the 
photoreceptor PhyB and its protein binding partner PIF. Red light 
triggers the binding of PIF to PhyB, and infrared light releases PIF. 
Fusions of PIF with upstream activators of the Rho-family GTPases 
allowed light-dependent recruitment to the plasma membrane 
where PhyB was anchored, leading to localized activation of the actin 
cytoskeleton and formation of cellular extensions. Unlike the retinal- 
and flavin-based systems described above, the PhyB chromophore 
phycocyanobilin has to be supplied to non-plant cells.

Finally, certain naturally occurring enzymes such as the light-activated 
adenylyl cyclase, (ePAC), can be used to modulate cell signaling 
events by direct production of second messenger molecules.

Second step: delivering the genes
Genes coding for these light-sensitive proteins can be delivered to 
the target cells by transfection, viral transduction or the creation 

of transgenic animal lines. Expression can be restricted to cells of 
interest using specific promoters or recombinase-based conditional 
systems such as the Cre system. Alternatively, the use of viral vectors 
for gene delivery can allow targeting of specific cells without specific 
promoters, for example, to target neuronal populations based on 
their topological connections.

Third step: controlled illumination
Precise control of cellular activity via optogenetics depends on the 
well-defined temporal and spatial control of the illumination light. 
Widefield illumination can be temporally controlled using an ultra-
fast shutter with a constant light source, fast switching of an LED 
or one-photon laser scanning microscopy. All cells expressing the 
light-sensitive proteins in the light path will be stimulated in concert. 
For in vivo applications, light sources coupled to optical fibers or 
miniaturized LEDs have been widely used.

Alternatively, light-patterning approaches can be used to 
selectively illuminate a subset of cells. One approach uses digital 
micromirror–based devices to reflect dynamic user-controlled 
patterns of light onto specific cells or regions of cells. Two-photon 
scanning microscopy can be used for targeted activation of single 
ChR2-expressing cells with high temporal control, and recently it 
was combined with temporal focusing to selectively activate small 
segments of a cell, an entire cell or a group of cells, individually 
or simultaneously.

Fourth step: reading the outcome
The effect induced by illumination of the photosensitive protein 
needs to be measured in cells, tissue or organisms. Electrodes can 
be used to monitor the effect of changes in membrane voltage. Many 
fluorescence-based biosensors with compatible excitation profiles, 
some of which are also genetically encoded, can be used to measure 
different cellular readouts. Finally, behavioral testing can be used to 
assess the effect of modulating cellular activity in whole animals.
Erika Pastrana
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“Optogenetic tools have now changed the way 
neuroscience is conducted owing to a convergence 
over the past 2 years of the intrinsic tractability of 
the single-component tools with rapid advances in 
the associated enabling technologies.”
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Going forward, applications of these and 
other tools to tissues and systems through-
out biology will become a major theme. 
Such tools have already been applied to 
nonneuronal systems, including glial, mus-
cle, cardiac and embryonic stem cells, and 
the temporal precision provided by light 
may continue to be crucial in this regard by 
providing a defined event in a defined cell 
population at specific times relative to envi-
ronmental events.

Different speeds of operation are required 
for different cells and tissues; for example, 
cardiac optogenetics may not always 
require the millisecond-scale precision of 
tools used in fast-spiking central nervous 
system neurons because the heart in some 
ways operates on slower timescales, though 
faster experimental methods may unlock 
preciously unanticipated regimes of fast 
tissue computation and adaptation. And 
even the microbial opsins can act by bio-
chemical rules as well; the trace Ca2+ flux 
of channelrhodopsin has been used to drive 
activation of nonexcitable glial cells19 in the 
central nervous system and could be used to 
drive this ubiquitous second messenger in 
a rich array of Ca2+-modulated cells rang-
ing from insulin-secreting pancreatic beta 
cells to T lymphocytes, in intact endocrine-
exocrine and immunologic tissues. In stem 
cell biology and engineering, biochemical or 
electrical drive can now be delivered inde-
pendently and selectively to niche cells, stem 
cells or stem cell progeny, even with intact 
tissue and animals.

In general, optogenetic tools can now be 
selected that are appropriate for the target 
tissue of choice, with regard to electrical or 
biochemical effector function, speed and 
other properties.

Future directions: expanding the toolkit
Initially researchers noted that the fidelity of 
optogenetic control via opsin gene expres-
sion was not optimal, with noise in the 
system characterized by occasional extra 
action potentials or missing action poten-
tials4. Subsequent optimization of microbial 
opsins addressed this problem for optoge-
netics, returning conceptually to the 1971 
discovery of bacteriorhodopsin and building 
upon mutagenesis of the bacteriorhodopsin 
gene in many laboratories over decades. As 
a result, modified opsins for optogenet-
ics now include fast and slow mutants that 
variously enable high-fidelity control over 
high-frequency action potential trains20, 
bistable changes in excitability21 and orders-

described optical control of distinct G pro-
tein–coupled receptor (GPCR) biochemi-
cal pathways in freely moving mammals 
using vertebrate rhodopsin-GPCR chi-
meras (optoXRs), which recruit pathways 
that are governed by distinct heterotri-
meric G-protein pathways (Gs and Gq)14. 
Subsequently optical control over small 
GTPases (with resulting changes in cellular 
shape and motility) was achieved in cul-
tured cells using novel strategies from sev-
eral different laboratories15,16. The GTPases 
were activated by recruitment to the plasma 
membrane via optically modulated protein-
protein interactions, a method that may 
ultimately become generally suitable for 
controlling additional classes of biochemi-
cal signal transduction (particularly if the 
method can be shown to operate in single-
component fashion in intact mammalian 
tissues, as seems likely in cases in which 
relevant flavin or biliverdin chromophores 
are present). In this issue, Lim and col-
leagues17 discuss strategies for development 
of biochemical optogenetic control. Finally, 
microbial adenylyl cyclases with low activity 
in the dark have been described that repre-
sent a marked advance over earlier microbi-
al cyclases from the optogenetic perspective, 
use a flavin chromophore and, as optoXRs, 
are suitable for single-component optical 
control in neurons18. Together, these experi-
ments opened the door to optogenetics in 
essentially every cell and tissue whether 
electrically excitable or not.

been possible to deliver causal, temporally 
precise gain or loss of function in one type 
of brain cell or in a defined projection from 
one brain region to another.

Now, in addition to conferring temporal 
precision and applicability to freely moving 
mammals, the single-component character 
of the microbial opsin system has enabled 
generalizable targeting. Latest-generation 
Cre recombinase–dependent opsin-express-
ing viruses have dovetailed with the exten-
sive and growing resource of mouse lines 
selectively expressing Cre recombinase in 
defined cell types; optogenetic control can 
now be delivered to defined cells in freely 
moving mice with substantial versatility11. 
Likewise, a strategy of illuminating axons 
far from the opsin-transduced cell body 
(capitalizing on trafficking of light-sensitive 
molecules down the axon itself ) enables 
projection-based control of cells12,13 with-
out requiring any genetic knowledge at all, 
which is important for versatile optogenetic 
control in less genetically tractable species 
such as rats and primates. These and other 
general-purpose targeting strategies heavily 
depend on the single-component property.

Future directions: beyond neuroscience
Molecular engineering has also enabled 
optogenetic control of well-defined bio-
chemical events. Early in 2009, capitalizing 
on the retinoid content of mammalian brain 
tissue and the low activity of retinal-based 
signaling modules in the dark, researchers 
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Figure 1 | Graphical illustration of ‘optogenetics’ emerging in the scientific literature. Demonstration 
of single-component optogenetic control of neurons with microbial opsins4 was followed by 
corresponding optogenetic terminology2 in October 2006, and corresponding optogenetic control of 
freely moving mammals using microbial opsins and the fiberoptic neural interface9,10. Also marked are 
identifications of  bacteriorhodopsin3, halorhodopsin5 and channelrhodopsin6, all of which were much 
later (2005–2010) shown to function as fast, single-component optogenetic tools in neurons. Numbers 
indicate only publications searchable by ‘optogenetics’ or derivatives thereof on 1 December 2010. 
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as brain slices or surface brain structures2,12. 
Although in some ways the orthogonality 
of electrical and optical methods suggests 
a special value for the mixed-modality, 
optrode-style approach, readouts may also 
be achieved with genetically encoded opti-
cal measures of activity such as genetically 
encoded Ca2+ indicators and voltage sen-
sors. Certainly all-optical interrogation of 
neural circuits has already been carried out 
using Ca2+ dyes or voltage-sensitive dyes 
for output that are spectrally compatible 
with microbial opsins for input26. In recent 
years, researchers have made great strides in 
achieving specific genetically encoded read-
outs, which Peron and Svoboda27 disscuss 
in this issue, along with complementary 
light-input strategies for superficial neural 
structures.

Conclusion
As discussed here, efforts to expand the 
capabilities of microbial-opsin optogenet-
ics since 2005 have spanned genomic tool 
discovery, molecular engineering, opsin 
targeting and optical-device develop-
ment. The importance of optogenetics as 
a research tool continues to grow rapidly, 
and it is now used in more than 800 labo-
ratories around the world. In this context, 
it is intriguing to note that a membrane 
trafficking–enhanced microbial opsin (in 
this case, a halorhodopsin25,26, eNpHR2.0) 
has recently been delivered to living 
human neural tissue (the ex vivo retina) 
with potent optogenetic functionality28.

Yet the most fundamental impact of 
optogenetics, even on human health, does 
not arise from direct introduction of opsins 
into human tissue but rather from use as a 
research tool to obtain insights into complex 
tissue function, as has already been the case 
for Parkinson’s disease19. Owing to techno-
logical limitations in probing intact neural 

never fully possible with simultaneous elec-
trical stimulation at the same site owing to 
electrical artifacts that can now be avoided 
with optical stimulation. As simultaneous 
readout measures for optogenetically con-
trolled systems become more rich and 
complex, the concept of ‘reverse engineer-
ing’ of biology will be taken further. This 
will allow us to infer computational roles of 
biological tissues, based on how they trans-
form the information we provide and how 
these transformations are altered in com-
plex disease states (in much the same way 
that reverse engineering is carried out on 
computer chips to determine the underly-
ing processing).

Novel devices and systems are required 
to advance this vision. Beginning in 2007, 
soon after fiberoptic and laser-diode tools9 
enabled optogenetic control even deep in 
the brains of freely moving mammals10, 
closely related hybrids of fiberoptics and 
electrodes13 (‘optrodes’) allowed high-speed 
simultaneous readouts that kept pace with 
the high-speed inputs of optogenetics19.

A major area of future work will be 
expansion of the capabilities of these mixed-
modality devices with regard to (i) output 
channel number and type, (ii) smooth 
temporal and spatial integration with 
increasingly complex optical input chan-
nel number and type, and (iii) closed-loop 
control. (Whereas many studies have been 
published describing light-triggered behav-
ior or light-triggered physiology, only a few 
have emerged on behavior-triggered light 
or physiology-triggered light, and system-
atically closing the control loop will enable 
real-time bidirectional communication 
between input and output streams.)

Cell-type specificity is still not readily 
enabled for electrical recording, with the 
exception of targeted microelectrode- or 
patch clamp–accessible preparations such 

of-magnitude increased light sensitivity21. 
Additionally, stronger opsin expression and 
other improved properties have resulted 
from creating chimeras between different 
opsins in combination with mutagenesis22. 
In this issue, Hegemann and Möglich23 
discuss the interface between bacteriorho-
dopsin mutagenesis and the optimization of 
optogenetic tools.

Going forward, molecular tools will rap-
idly prove important for optogenetics in 
several other ways as well, beyond targeted 
mutagenesis of known genes. Certainly 
subcellular targeting of optogenetic tools 
is of great interest, and a new frontier con-
sists of delivering optical control (whether 
biochemical or electrical) to well-defined 
subcellular domains or intracellular (for 
example, membranous) compartments. 
Screens for optical tools that modulate 
protein-protein interactions may open 
the door to optogenetic control of kinases 
and transcription factors. And molecular 
engineering will deliver optogenetic tools 
with altered chromophore dependence (for 
example, enabling new uses of endogenous 
chromophores such as biliverdin or flavin) 
as well as altered effector function.

Moroever, rapidly accelerating molecular 
genomics efforts will continue to expand 
the optogenetics toolkit—which now ranges 
across and beyond the visible spectrum—a 
process that began with the discovery of a 
red-shifted channelrhodopsin24 for com-
binatorial control in 2008. Although most 
microbial opsin genes do not express well in 
mammalian neurons25,26, it has been found 
that the major underlying problem is one of 
membrane trafficking25. This cell-biological 
concept led to the identification of mem-
brane trafficking motifs that, when added 
to specific locations on microbial opsin 
genes, confer robust expression and opto-
genetic control to opsins that are otherwise 
problematic to express or express poorly, 
including the original microbial opsin gene, 
bacteriorhodopsin25. These molecular prin-
ciples will provide a wealth of diverse light 
sensitivity and effector function properties, 
unlocking the potential of thousands of 
microbial opsin genes that occur through-
out the major kingdoms of life.

Future directions: reverse engineering
As another distinct advantage, fast and 
specific optical control opens a new land-
scape for systems physiology by permitting 
simultaneous input-output interrogation 
of excitable tissue. Electrical recording was 

Electrical stimulation Optogenetic excitation Optogenetic inhibition

Figure 2 | Principle of optogenetics in neuroscience. Targeted excitation (as with a blue light–activated 
channelrhodopsin) or inhibition (as with a yellow light–activated halorhodopsin), conferring cellular 
specificity and even projection specificity not feasible with electrodes while maintaining high temporal 
(action-potential scale) precision.
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to fragile mammalian neurons, with photo-
currents that would also likely be too slow 
and weak to be useful. Moreover, scientists 
did not believe that this approach would 
lead to the long-sought single-component 
strategy (a perception that had also slowed 
the development and application of green 
fluorescent protein), as microbial opsins 
require a chemical cofactor, all-trans retinal, 
to absorb photons.

An August 2005 report,  however, 
described that upon introduction of a 
microbial opsin gene without any other 
parts, chemicals or components, neurons 
became precisely responsive to light4. 
Several additional reports followed over 
the next year, and by 2010 channelrhodop-
sin, bacteriorhodopsin and halorhodopsin 
all had proved capable of turning neurons 
on or off, rapidly and safely, in response to 
diverse colors of light (Fig. 2). Vertebrate 
tissues contain natural all-trans retinal—
the cofactor essential for photonic control of 
microbial opsins—and as a result research-
ers showed that optogenetic control was 
feasible even in intact mammalian brain 
tissue2 and freely moving mammals9,10. In 
a fundamental shift from earlier approaches, 
microbial opsin genes therefore provided a 
single-component strategy.

Optogenetic tools have now changed 
the way neuroscience is conducted owing 
to a convergence over the past two years 
of the intrinsic tractability of the single-
component tools with rapid advances in the 
associated enabling technologies. Obtaining 
precise causal control in intact systems as 
complex as behaving mammals is certainly 
important in neuroscience, just as in other 
fields of biology, but historically, it has not 

ingful only in the context of other events 
occurring in the rest of the tissue, the organ-
ism and the environment as a whole.

Single-component optogenetics
In 1979 Francis Crick suggested that the 
major challenge facing neuroscience was 
the need to control one type of cell in the 
brain while leaving others unaltered. As 
electrodes cannot be used to precisely tar-
get defined cells and drugs act much too 
slowly, Crick later speculated that light 
might have the properties to serve as a 
control tool, but at the time neuroscientists 
knew of no clear strategy to make specific 
cells responsive to light.

Yet 40 years ago microbial biologists knew 
that some microorganisms produce visible 
light–gated proteins that directly regulate the 
flow of ions across the plasma membrane. In 
1971, Stoeckenius and Oesterhelt discovered 
that bacteriorhodopsin acts as an ion pump 
that can be rapidly activated by visible-light 
photons3. And this original theme from 
1971 of single-gene, single-component 
control continued with the later identifica-
tion of other members of this family: halo-
rhodopsin in 1977 by Matsuno-Yagi and 
Mukohata5, and channelrhodopsin in 2002 
by Hegemann, Nagel and their colleagues6. 

But it took more than 30 years for neu-
roscientists to bring the two fields together 
because such an approach was thought to 
be very unlikely to work. Instead, scientists 
considered multicomponent strategies7,8 
that involved no microbial opsin genes at 
all but rather cascades of different genes or 
combinations of custom-synthesized chem-
icals and genes. It was also likely that these 
foreign membrane proteins would be toxic 

Optogenetics1 is the combination of genetic 
and optical methods to achieve gain or loss 
of function of well-defined events in specific 
cells of living tissue. In the broadest sense2, 
optogenetics encompasses a core technol-
ogy—targetable control tools that respond 
to light and deliver effector function—and 
enabling technologies for (i) delivering light 
into tissues under investigation, (ii) target-
ing the control tools to cells of interest and 
(iii) obtaining compatible readouts and per-
forming analysis, such as targeted imaging 
or electrical recording of evoked activity. 

Certain elements have been known to 
exist in earlier forms and in other contexts, 
though not conceptualized or developed as 
a control technology, as far back3 as 1971, 
with their fundamental transition to the 
emergence of optogenetics beginning in 
2005 (Fig. 1) triggered by the demonstra-
tion of single-component control tools in 
neuroscience: microbial opsin genes that 
could safely confer to neurons both light-
detection capability and defined high-speed 
effector function in a single readily targeta-
ble module4.

Although it arose from neuroscience, 
optogenetics addresses a much broader 
unmet need in the study of biological sys-
tems: the need to control defined events 
in defined cell types at defined times in 
intact systems. Such analyses are important 
because cellular events are typically mean-

Optogenetics
Karl Deisseroth

Optogenetics is a technology that allows targeted, fast control of precisely defined events in biological 
systems as complex as freely moving mammals. By delivering optical control at the speed (millisecond-
scale) and with the precision (cell type–specific) required for biological processing, optogenetic 
approaches have opened new landscapes for the study of biology, both in health and disease.
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Optogenetic tools have now changed 
the way neuroscience is conducted owing 
to a convergence over the past two years 
of the intrinsic tractability of the single-
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associated enabling technologies. Obtaining 
precise causal control in intact systems as 
complex as behaving mammals is certainly 
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ingful only in the context of other events 
occurring in the rest of the tissue, the organ-
ism and the environment as a whole.

Single-component optogenetics
In 1979 Francis Crick suggested that the 
major challenge facing neuroscience was 
the need to control one type of cell in the 
brain while leaving others unaltered. As 
electrodes cannot be used to precisely tar-
get defined cells and drugs act much too 
slowly, Crick later speculated that light 
might have the properties to serve as a 
control tool, but at the time neuroscientists 
knew of no clear strategy to make specific 
cells responsive to light.

Yet 40 years ago microbial biologists knew 
that some microorganisms produce visible 
light–gated proteins that directly regulate the 
flow of ions across the plasma membrane. In 
1971, Stoeckenius and Oesterhelt discovered 
that bacteriorhodopsin acts as an ion pump 
that can be rapidly activated by visible-light 
photons3. And this original theme from 
1971 of single-gene, single-component 
control continued with the later identifica-
tion of other members of this family: halo-
rhodopsin in 1977 by Matsuno-Yagi and 
Mukohata5, and channelrhodopsin in 2002 
by Hegemann, Nagel and their colleagues6. 

But it took more than 30 years for neu-
roscientists to bring the two fields together 
because such an approach was thought to 
be very unlikely to work. Instead, scientists 
considered multicomponent strategies7,8 
that involved no microbial opsin genes at 
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foreign membrane proteins would be toxic 
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ogy—targetable control tools that respond 
to light and deliver effector function—and 
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into tissues under investigation, (ii) target-
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forming analysis, such as targeted imaging 
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Certain elements have been known to 
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emergence of optogenetics beginning in 
2005 (Fig. 1) triggered by the demonstra-
tion of single-component control tools in 
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To improve understanding of psychiatric and neurologi-
cal disorders, it will be important to identify the under-
lying neural circuits, to pinpoint the precise nature of 
the causally important aberrations in these circuits 
and to modulate circuit and behavioural dysfunction 
with precise and specific experimental interventions. 
However, such a deep, circuit-level understanding of 
neuropsychiatric disorders, or indeed even of normal 
CNS circuit function, has been challenging to achieve 
with traditional methods. The complexity of neural cir-
cuitry has historically precluded the use of genetically 
and temporally precise manipulations to probe detailed 
mechanisms of function and dysfunction.

Optogenetics1,2 describes the now widespread use 
of microbial opsins3, or related tools4, that can be acti-
vated by illumination to manipulate cells with high 
specificity and temporal precision5–7 even within intact 
tissue or behaving animals8–11. Here, we briefly review 
how optogenetic approaches have been used to dissect 
neural circuits in animal models of symptoms that are 
relevant to fear, anxiety, depression, schizophrenia, 
addiction, social dysfunction, Parkinson’s disease and 
epilepsy. Successful probing of complex!diseases in 
this way will depend on the validity of animal mod-
els used to identify the crucial circuit elements and 
activity patterns that are involved in each cluster of 
symptoms, and the precision and efficiency of inter-
ventions designed to selectively target these elements 
or patterns. Therefore, we also discuss new strategies 
for targeting opsins to specific cells or circuit ele-
ments and principles for integrating optogenetics with 

electrophysiological, pharmacological and behavioural 
assessments. We also highlight the advantages and 
practical limitations of these approaches for the study 
of psychiatric and neurological disease.

!"#$%&'&()#*'!*+,*%#"-!)%!&./&("%"/)#-
The optogenetic toolbox includes a rapidly expand-
ing array of available opsin variants that offer both 
distinct advantages and individual limitations in 
controlling cellular activity or signalling3,12–21. Other 
important components of the toolbox are light-delivery  
methods6,9,22–28, targeting strategies16,29–31 and trans-
genic rodent lines that increase the range of available 
specific cellular targets32–34. For example, the recent 
development of devices35,36 and transgenic rat lines37 
that facilitate integration of optogenetic techniques 
with measures of neural activity have advanced the 
application of optogenetic tools to investigate the neu-
ral bases of complex behaviours that are relevant to 
neuropsychiatric!disease.

Integration of optogenetics with mapping techniques. 
The recent integration of fMRI with optogenetic manip-
ulation, now referred to as ofMRI, has not only vali-
dated a previously assumed interpretation of the fMRI 
BOLD signal38 (that increased neuronal activity in local 
excitatory neurons can causally trigger, rather than 
simply correlate with, an increase in the local BOLD 
signal) but has also shown that it is possible to assay 
the effects of precise optogenetic manipulations on 
global brain activity. Given that many neuropsychiatric 
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To improve understanding of psychiatric and neurologi-
cal disorders, it will be important to identify the under-
lying neural circuits, to pinpoint the precise nature of 
the causally important aberrations in these circuits 
and to modulate circuit and behavioural dysfunction 
with precise and specific experimental interventions. 
However, such a deep, circuit-level understanding of 
neuropsychiatric disorders, or indeed even of normal 
CNS circuit function, has been challenging to achieve 
with traditional methods. The complexity of neural cir-
cuitry has historically precluded the use of genetically 
and temporally precise manipulations to probe detailed 
mechanisms of function and dysfunction.

Optogenetics1,2 describes the now widespread use 
of microbial opsins3, or related tools4, that can be acti-
vated by illumination to manipulate cells with high 
specificity and temporal precision5–7 even within intact 
tissue or behaving animals8–11. Here, we briefly review 
how optogenetic approaches have been used to dissect 
neural circuits in animal models of symptoms that are 
relevant to fear, anxiety, depression, schizophrenia, 
addiction, social dysfunction, Parkinson’s disease and 
epilepsy. Successful probing of complex!diseases in 
this way will depend on the validity of animal mod-
els used to identify the crucial circuit elements and 
activity patterns that are involved in each cluster of 
symptoms, and the precision and efficiency of inter-
ventions designed to selectively target these elements 
or patterns. Therefore, we also discuss new strategies 
for targeting opsins to specific cells or circuit ele-
ments and principles for integrating optogenetics with 

electrophysiological, pharmacological and behavioural 
assessments. We also highlight the advantages and 
practical limitations of these approaches for the study 
of psychiatric and neurological disease.
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ing array of available opsin variants that offer both 
distinct advantages and individual limitations in 
controlling cellular activity or signalling3,12–21. Other 
important components of the toolbox are light-delivery  
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genic rodent lines that increase the range of available 
specific cellular targets32–34. For example, the recent 
development of devices35,36 and transgenic rat lines37 
that facilitate integration of optogenetic techniques 
with measures of neural activity have advanced the 
application of optogenetic tools to investigate the neu-
ral bases of complex behaviours that are relevant to 
neuropsychiatric!disease.

Integration of optogenetics with mapping techniques. 
The recent integration of fMRI with optogenetic manip-
ulation, now referred to as ofMRI, has not only vali-
dated a previously assumed interpretation of the fMRI 
BOLD signal38 (that increased neuronal activity in local 
excitatory neurons can causally trigger, rather than 
simply correlate with, an increase in the local BOLD 
signal) but has also shown that it is possible to assay 
the effects of precise optogenetic manipulations on 
global brain activity. Given that many neuropsychiatric 
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propagation), but also exhibit unifying principles. A major conceptual advance was the realization that synaptic
inhibition plays a fundamental role in rhythmogenesis, either in an interneuronal network or in a reciprocal
excitatory-inhibitory loop. Computational functions of synchronous oscillations in cognition are still a matter of
debate among systems neuroscientists, in part because the notion of regular oscillation seems to contradict the
common observation that spiking discharges of individual neurons in the cortex are highly stochastic and far from
being clocklike. However, recent findings have led to a framework that goes beyond the conventional theory of
coupled oscillators and reconciles the apparent dichotomy between irregular single neuron activity and field
potential oscillations. From this perspective, a plethora of studies will be reviewed on the involvement of long-
distance neuronal coherence in cognitive functions such as multisensory integration, working memory, and selective
attention. Finally, implications of abnormal neural synchronization are discussed as they relate to mental disorders
like schizophrenia and autism.

I. INTRODUCTION

A. Synchronization and Stochastic Neuronal
Activity in the Cerebral Cortex

In 1958, Frédéric Bremer published a seminal review
in this journal on “theoretical and experimental data per-
taining to the nature, origin, synchrony and functional
significance of brain waves” (110). Half a century later,
the study of cortical rhythms has become an area of
converging interests across many disciplines in neuro-
science (143, 145). Network oscillations are attractive for
cellular neurophysiologists interested in understanding
network behavior in terms of the underlying biophysical
mechanisms. Synchronous oscillations can be studied in
detail using in vivo and in vitro preparations, and increas-
ingly in combination with powerful genetic tools. There-
fore, for neurophysiologists and theorists alike, the study
of synchronous rhythms offers an excellent venue to in-
vestigate how collective network dynamics emerge from
the interplay between cellular biophysics and synaptic
circuits. On the other hand, for systems neurophysiolo-
gists working with alert animals, who have long recorded
single neurons with tremendous success in uncovering
neural correlates of behavior, understanding coordinated
neural population patterns in a circuit represents a new
challenge. Moreover, cognition involves a large network
of brain structures; therefore, it is critical to elucidate
neuronal interactions between different brain regions, in-
creasingly with the help of multielectrode recordings and
imaging techniques. Coherent oscillations, more generally
neuronal synchrony, may play a role in well-timed coor-
dination and communication between neural populations
simultaneously engaged in a cognitive process.

There are many commonalities among network os-
cillations in various nervous systems. Indeed, it has been
suggested that cortical circuits are similar to central pat-
tern generators (1086). However, whereas central pattern
generators are well described in terms of coupled oscil-
lators (638), it is questionable that cortical rhythms can
be conceptualized in that framework. Typically, brain
rhythms of the waking brain are reflected by small-ampli-
tude scalp electroencephalogram (EEG) signals. They oc-

cur intermittently by short episodes in time (378, 711),
and synchronization is subtle and typically confined to
restricted neural populations (238, 630). As a matter of
fact, awake behaving states were traditionally character-
ized by “desynchronized EEG” in contrast to large-ampli-
tude slow oscillations observed in quiet (non-rapid eye
movement, non-REM) sleep (236, 908, 909, 913). It is an
interesting and by no means obvious question as to how
desynchronization or asynchrony is achieved in a neural
network (2, 123, 126, 232, 241, 243, 345, 538, 997, 1016,
1029). Presumably, cortical networks in wakefulness are
predominantly asynchronous at the same time weak os-
cillations and selective coherence are present. At the
single-neuron level, spike discharges of cortical cells are
highly irregular, characterized by some measures as ap-
proximate Poisson processes (862, 884), hence far from
behaving as clocklike oscillators. Synaptic inputs to cor-
tical neurons measured in vivo also display large stochas-
tic fluctuations (236). Such irregular neural firing patterns
may be computationally desirable to maximize informa-
tion content of spike trains for neural coding of sensory
information (36), generating stochastic choice behavior in
decision making (226, 487, 1034) and other brain func-
tions. At first sight, the strongly stochastic nature of neu-
ronal spike discharges is at odds with the popular descrip-
tion of network rhythms in terms of synchronization of
clocklike neural oscillators.

Unlike a well-defined function such as respiration
or walking for a rhythmic motor pattern generation
system (638), it has been elusive to conclusively dem-
onstrate that specific brain processes causally depend
on certain cortical oscillations (861, 876, 877). Instead
of focusing on rhythmicity per se, the function of syn-
chronous oscillations should be better appraised in the
more general perspective of correlation between spike
times of neurons. Neural correlation implies synchro-
nization on some time scale, which can occur with or
without oscillations. High variability of spike dis-
charges itself depends on correlations in the inputs
(420, 917), since the variability of inputs that converge
onto a cortical neuron would be largely averaged out
through summation over a large number of uncorre-
lated neurons (884). In the cortex, pairwise neural cor-
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type mechanisms [13] that evolved from the original stu-
dies are increasingly being used in the literature. It is not
straightforward to distinguish PING and ING type mech-
anisms [14], and indeed, in the biological realm, this dicho-
tomy may not be distinct.

In recent work, Kilpatrick and Ermentrout [15!!] showed
that networks of excitatory cells with spike frequency
adaptation and inhibitory feedback produce clusters of
firing cells that allow network population rhythms of
gamma frequency (30–100 Hz) to emerge. Theoretical
analyses were employed to show that the number of
clusters depend on the adaptation time constant. It is
important to note that the original understanding of
synchronous output from inhibitory networks took
advantage of phase plane analyses [8]. In Kilpatrick
and Ermentrout’s work [15!!], singular perturbation
and weak coupling analyses were used. This highlights
an essential point – the need for theory and mathematical
analyses to bring about insight and understanding of
oscillatory dynamics in brain networks. I consider math-
ematical analyses as one of the features (‘Theory/
Analyses’) in cellular-based modeling. The other three
features are: experimental data determining cellular prop-
erties (‘Experiment’), development of cellular-based
mathematical models (‘Model Development’), and com-
putational usage of models (‘Model Usage/Compu-
tation’). This latter feature is necessarily a part of all
cellular-based modeling. I include it as a separate feature
to distinguish it from Model Development, which is not a
feature in all types of cellular-based modeling. These four
features are illustrated in the schematic of Figure 1. I
consider these four features and their interactions (as
illustrated by bidirectional arrows) as a basis for cellu-
lar-based modeling.

I refer to Kilpatrick and Ermentrout’s [15!!] type of
modeling as ‘Generic’ type modeling because although
the models used include some cellular characteristic (e.g.
adaptation as in [15!!] or being of Class I/II excitability
[16]), the characteristic is considered in a more generic
sense and is not directly taken from experimental data. In
Generic type modeling, existing detailed, cellular models
or ad-hoc reductions of them may be used, in which some
mathematical and/or experimental aspect(s) is preserved.
For example, Pinsky and Rinzel [17] came up with a two-
compartment reduced version of Traub’s 19-compart-
ment CA3 pyramidal model [18]. In another example,
oriens-lacunosum moleculare (O-LM) hippocampal
interneuron models used by several authors [19–21] are
single-compartment ad-hoc versions of a 196-compart-
ment model developed by Saraga et al. [22]. Subsequent
studies build on these reduced models. Importantly,
Generic type modeling either uses or invokes mathemat-
ical insights and analyses from present or earlier studies.
The features of Generic type modeling are illustrated in
Figure 2 (top left) where the use of models with theory

and analyses is coupled but there is not a direct link back
to cellular experimental characteristics for examination.

In recent years, Generic type modeling has been used to
advance our understanding of normal and pathological
oscillatory activities.

Gamma rhythms, schizophrenia and connectivity
Fast-spiking (FS) cells, gamma oscillations and NMDA
receptor alterations are all important considerations in
schizophrenia and form the basis of three recent papers
[23–25]. Following experiments, network models of FS
and pyramidal cells in prefrontal cortex were built and
used to examine AMPA/NMDA kinetics and balances
in gamma rhythm generation [23!!]. Owing to feedback
inhibition type mechanisms, it was found that AMPAR-
mediated input to FS cells is crucial for the emergence of
gamma rhythms. The influence of ketamine (NMDA
antagonist) on theta/gamma rhythms in a CA3 network
model was examined [24!]. From the model networks
that invoked PING/ING mechanisms, it was predicted
that ketamine effects are mainly due to blockage of O-
LM cell NMDA receptors. A non-specific FS/pyramidal
cortical network model was examined in which asynchro-
nous release of GABA from FS cells was incorporated
[25!]. This was done using short-term plasticity models
and it was found that gamma rhythms (generated by
PING/ING type mechanisms) as induced by stimuli were
reduced as found in schizophrenia.

These three studies are different in modeling details, but
they are all able to produce results in accordance with
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Cellular-based Modeling Features.
Four features and their interactions are presented as the components of
cellular-based modeling. Note that the Experiment feature in the
schematic refers to those that allow cellular characteristics to be
obtained, whether it is simply an input-output type curve, or a particular
biophysical current of the cell type. The Model Usage/Computation
feature is necessarily a part of all cellular-based modeling but is distinct
from the Model Development feature. Also, note that the Theory/
Analyses feature can be considered either while developing or using the
mathematical models.
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“Remarkable progress has been made over the last two decades in our 
understanding of the physiological basis of synchronous oscillations such 

as gamma and theta rhythms, which occur in the cerebral cortex of 
awake behaving mammals.  We have learned that there is a wide 

diversity of cellular and circuit mechanisms underlying the generation of 
such rhythms; at the same time some unifying themes and general 

principles have begun to emerge.”



NEXT - Some In Depth Examples



NEXT - Some In Depth Examples

THEN

onward to...

Workshops
 

“Towards mathematical modelling of neurological 
disease from cellular perspectives”



THE END
(is it ever?)




