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Abstract The dynamic/—V curve method was recently type—provide highly accurate predictions for spike-

introduced for the ef cient experimental generation of redu-times. The method therefore provides a useful tool for the

ced neuron models. The method extracts the respons®nstruction of tractable models and rapid experimental

properties of a neuron while it is subject to a naturalistic sti-classi cation of cortical neurons.

mulus that mimics in vivo-like uctuating synaptic drive. The

resulting history-dependent, transmembrane current is thefeywords |-V curve - Exponential integrate-and- re

projected onto a one-dimensional current—voltage relatioRRefractoriness

that provides the basis for a tractable non-linear integrate-

and- re model. An attractive feature of the method is that

it can be used in spike-triggered mode to quantify the disd Introduction

tinct patterns of post-spike refractoriness seen in different

classes of cortical neuron. The method s rstillustrated usingrhe appropriate level of detail in a biophysical neuron model

a conductance-based model and is then applied experimeis-set by its functional requirements. From the perspective

tally to generate reduced models of cortical layer-5 pyramidabf detailed ion-channel models, the Hodgkin—Huxley

cells and interneurons, in injected-current and injectedformalism Hodgkin and Huxley 1952 comprising redu-

conductance protocols. The resulting low-dimensional neueed models of the kinetics of voltage-gated channels with

ron models—of the refractory exponential integrate-and- reaveraged activation and inactivation variables, represents a

gross simpli cation. However, in the context of causally lin-
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perties of their component cells. The neurons that comprise
such network models may be modeled in biophysical and
geometric detail Koch 1999 Huys et al. 200§ for large-
scale simulationNlarkram 2008, but also of great practical
use are experimentally-veri able reduced descriptions that
allow for a transparent understanding of the causal relation
between cellular properties and network states.

Detailed biophysical models are characterized by high
dimensionality and so the generation of simpli ed models
generally involves dimensional reduction at some level. In
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the context of neurons the dimensionality arises both from In this paper, we will review the dynamit-V method
their extended geometry and the coupled non-linear diffe(Badel et al. 200Bwhich provides an ef cient technique
rential equations that describe the voltage-gated channeffar extracting non-linear IF models and post-spike refractory
Reduction schemes typically consider the neuron to beesponse-functionsfromintracellularvoltage recordings. The
isopotential (a point neuron) and simplify the voltage-historymethod will be illustrated using the conductance-based
dependent channel dynamics by a one-dimensional relatioiWang—Buzsaki hippocampal interneuron model. It will then
between current and voltage or a two-dimensional relatiotve applied to intracellular voltage recordings from cortical
capturing effects from an additional subthreshold or adapneurons to build reduced models of layer-5 pyramidal cells
tation current Brunel et al. 2003Richardson et al. 2003 and interneurons. It will be further demonstrated that the
Izhikevich 2004 Gigante et al. 2007 method can be used in dynamic-clamp conductance-injection
Integrate-and- re (IF) neurons [sd&&urkitt (2006ab) for ~ mode in which the shunting effects of synaptic inhibition on
a recent review] underlie many forms of reduced model andoltage uctuations are included. The paper closes with a
comprise a voltage-derivative coming from the capacitivediscussion of the applications and extensions of the method.
C charging of the membrane and some choice of voltage-
dependent functiofr (V) which aims to capture the voltage-

dependent ionic current 2 From dynamic I-V curvesto reduced models

av = F(V) + lapp/C. (1)  The potential across the neuronal membrane obeys a current
dr balance equation

Herelappis any currentinjected by an intracellular electrode. _dV

The action potential in IF models is modeled by a threshold” g; + fion = Tapp (@)

Vi (at low or high voltage depending on the particular IF _ _ )

model) and a resét,, followed by a refractory period, after WhereV is the membrane voltage at the point of the applied

which the subthreshold dynamics of Ed) ¢ontinue. current/app (in this paper, the somaj; is the membrane
The most commonly used member of the IF family isc@Pacitance anl:i€m contains the intrinsic voltage-gated cur-

the linear Leaky IF model (LIF) that features an ohmic form"€Nnts that are instantaneous-voltage and voltage-history

F(V) = (Em—V)/ T, WhereE,, is the rest and,, the mem- dependent. In general neurons are not suf ciently compact
brane time constant, with a low thresholg, ~ —50mV for the voltage to be constant throughout the cell. Therefore,

considered to be at the onset of the spike. This model is lafh® voltage and currents must be interpreted as being some

gely tractable and has been extensively studied in the conteftéasure of the properties within, roughly speaking, an elec-
of both populations and networkBrunel and Hakim 1999 trotonic length of the electrode. Hence, in an experimental
Gigante et al. 20070f neurons. However, the lack of an context the ionic currentign, will also include lateral cur-
explicit spike mechanism in the LIF is a weakness and caf€NtS owing from the soma to the axon or dendrites. The

lead to responses that are not common to the general cla@gPlied current that is injected into the cells is a uctuating
of Type | neurons, particularly in relation to the responsewaveform (combination of Ornstein—Uhlenbeck processes)

to uctuating input Fourcaud-Trocmé and Brunel 2005 chosen to create voltage traces that are in-vivo-like in that
The canonical type | neuron can be cast in the IF form—they uctuate and explore the entire range of subthreshold

the Quadratic IF (QIF) model—with a functiofi(V) that ~ Voltages. - _ _

is parabolic Ermentrout and Kopell 1996More recently To provide a clear demonstration of the dynanfie/

a second non-linear model, the Exponential IF model, wa§'ethodology itis rst applied to a conductance-based neu-
introduced Eourcaud-Trocmé et al. 20pghat captures the 0N model—the Wang-Buzsaki modélgng and Buzsaki
action potential in a more biophysically-motivated way by t- 1999—for which the underlying properties are known. In
ting the region of the spike-onset to the conductance-basdfis model the ionic transmembrane currents take the form
Wang-Buzséki modeWang and Buzséaki 1996Though the 3
response properties of such non-linear IF models do not ifion = 92V = EL) + gnam™h(V — Eya)

general have solutions in terms of tabulated functions, they +gxn*(V — Ex). 3)
can nevertheless be extracted numerically but exactly via a

simple algorithm Richardson 2007 Therefore, the family Whereyr, gna, gk are the maximum leak, sodium and potas-
of non-linear IF neurons provides a tractable class of reduce¥]Um conductances,, , Exq, Ex the corresponding reversal
model which, if matched to experiment, provide an excellenPOteéntials, ands, i, n are gating variables. The time course of

starting point for the causal analysis of emergent states ii{'€ iONiC currention, due to some pattern of applied current
recurrent network models. Iapp can be extracted from a voltage trace by re-arranging
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Fig. 1 Summary of the dynamit-V curve method and its application t ( red line). Inset: semi-log plot of (V) with leak current subtracted,

to the Wang—Buszaki model.The derivative of the membrane voltage showing a nearly exponential run-upSpike-triggered dynamié—V

(top graph), multiplied by the cellular capacitance, is subtracted fromcurves. The functiong' (V) measured in small time slices after each
the injected currenuiddle graph) to yield the intrinsic membrane cur-  spike §ymbols) are plotted together with the the EIF gfeen) and the
rentlion (bottom graph). b The intrinsic membrane currefign is plotted  pre-spike/—V curve as a referencee(l). At early times it is clearly
against the membrane voltadedck symbols). The dynamid—V curve  seen that both the conductance and the spike threshold are signi cantly
(red symbols) is obtained by averagingo, in small voltage bins. Error  increasedf Dynamics of the EIF model parameters during the refrac-
bars represent the standard deviatioMeasuring the cellular capaci- tory period. The parameters obtained from the ts of thé/ curves
tance. At a xed subthreshold voltage, the dynamic membrane currerin e are plotted as a function of the time since the last spikefols)

Tion = Iapp— CdV/dt has a variance that depends on the valu€ of and tted with exponential functiong(een). g Comparison of the pre-
used in the calculation; the correct valuettorresponds to the point diction of the refractory EIF (rEIF) modeg{een) with a voltage trace

of minimal varianced Relating dynamid—V curves and non-linear of the Wang—Buzsaki modeblick) shows excellent agreement, with
integrate-and- re models. The functiofi(V) = —Igyn(V)/C (sym- 96% of the spikes correctly predicted by the EIF model within a 5ms
bols) is plotted as a function of voltage, together with the EIF modelwindow

Eq. Q) to give SO a scatter plot is made d@§n as a function of voltage,
d with all points that lie within 200 ms after an action potential
Tion = Tapp— C_V_ (4)  excluded (the post-spike refractory behavior is returned to
dr later). The average dfy, for a particular voltage

If the capacitanc€ is known (to be derived in a following
section) and the voltage derivative calculated directly from
nite-differences, all quantities on the right-hand side of the @n(V) = {fien(V, D)}y ©)
equation are known and so the requifgg is obtained as a

function of time. This process is shown in Figa. de nes the dynamid—V curvelqyn. This quantity is plotted

in Fig. 1b where it can be seen that the dynamié’ curve
Definition of the dynamic I-V curve The measured voltage comprises an ohmic region at subthreshold voltages followed
and ionic current derived from Egd) represent a current— by a sharp down turn at the onset of the spike. Before descri-
voltage relation parameterized by time. The aim is to ndbing the relation to non-linear IF models, the measurement
a one-dimensional relation between current and voltage amaf the capacitance is discussed.
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Determining the membrane capacitance Capacitance canbe during the refractory period. These changes in response pro-
measured in a variety of ways, with the standard approacperties can be investigated by examining the ‘spike-triggered’
in current-clamp mode being the tting of the early vol- dynamic/—V curves, i.e., thé—V curves measured in small
tage response to rectangular current pulses. However, appliéithe slices after a spike (Figle). Although the Wang-
uctuating-current protocols offer a convenient alternative Buzsaki model displays relatively little refractoriness, it is
method that is now described: If Edl)(is applied with an  possible to t again the post-spiké-V curve to the EIF
estimateC, of the capacitance instead of its true valliean ~ form in Eq. @), yielding a different set of the parameters
incorrect estimate of the ionic currefi, is found that, ata 7, Er, Vr and Ar for each of the time slices. These new
xed voltage V, has a variance of the form values de ne for each parameter a dynamics parametrized

2 by the time since the last output spike (Fld).
Var [@} = Var [@] +<i — i) Var [ Zapp|, (6)
apply
Ce lv Cly \€ C Refractory EIF model A refractory extension of the basic
where Vaf X ]y denotes the variance of some quankitynea-  EIF model (called the rEIF model), can be obtained by t-
sured at a voltag¥, and where it is assumed that there is noting the post-spike dynamics of the EIF model parameters
covariance between applied and ionic currents (justi able irplotted in Fig.1f. In the case of the Wang—Buzsaki model,
the ohmic region of thd—V curve and consistent with the all parameters could be tted with a single exponential func-
standard method for measuring capacitance). The true mertien, resulting in the following model

brane capacitance will therefore correspond to the estimat&v I
C. which minimizes the right-hand side of Ed) (evalua- o F(V,tm, EL, V1, AT) + %). 9
ted in some voltage range where theV curve is linear (in 1 1 ety
practicex1mV from the resting potential). The quantty ~— — = —5 +a, - o (20)
can also be found directly by solving E®) for C to yield mo Tm
E; = Eg + aELe_(’_"Yp)/TEL (11

C— Var [ Iapp| 1,0 —(1—17) /1y,

@) Vr =Vy +ay,€ T (12)

~ Covar[4Y, 1 o
[Ht_ app]v AT — V]Q +aATe—([—[ /)/‘L’AT (13)
where again, these two quantities are measured near a vol-

tage where thé—V curve is ohmic. Equationss( and () where the fu.nctiorF is de ned by_Eq. 8_), 57 is the time
applied to the Wang—Buzséki model in Fig. yield a value  ©f the last spike, and the superscript ‘0" 0}~(13) denotes

of C = 1.018u Flcr?, which is very close to the true value of the pre-spike value of a parameter. In the present application,
C = 1uFlen?. the ultimate voltage threshold (at the top of the spike) was

taken to beV,, = +30mV, and the voltage reset taken to
Fitting 1o a non-linear IF model The dynamicI=V curve be the average voltage at the end of the refractory period,

provides a direct mapping between the membrane VOItaQE{ e = —712mV. The refractpry period was taken slightly
and the mean instantaneous value of the membrane curreffit'9€" than the typical duration of a spike (we used =

which can be related to the template for non-linear IF neu® MS for the case of the WB model). An example trace of
rons with the interpretation tha(V) = —Igyn(V)/C. This this model is compared in Figg with the output of the

is shown in Fig2d in which the measures (V) (minus the Wang—Buzsak| model generat.ed with the same input currgnt,
dynamic IV curve divided by capacitance) is clearly seen to10Wing excellentagreement in both the subthreshold region
comprise a linear ohmic component in the subthreshold vol2Nd the timing of spikes, with 96% of correctly predicted
tage range-90 to—60mV followed by a sharp exponential spikes at5 ms precision (2 spikes out of 55 were missed). Note

rise from—60mV (this is clearly seen in the inset). This form that we do npt evaluate here the perfor_mance of the norm_al
suggests that the exponential integrate-and- re neuron EIF model with threshold and reset, which was addressed in

our previous publicatiorBadel et al. 200Band gives results,
F(V) = i (EL -Vt ATe(V—Vr)/Ar) (8) for physiological ring rates (<10Hz) that are close to those
Tm of the refractory model.
could potentially provide an accurate t. Such a t, with para-
metersk; = —685mV, 7, = 3.3ms,Vr = —61.5mVand 2.1 Results for cortical pyramidal cells
Ar = 4.0mV, is plotted in Fig.ld in red and shown to be
highly satisfactory. Figure2 summarizes our previous results for cortical pyrami-
dal cells. In Fig.2a the intrinsic currents are plotted against
Post-spike response and refractoriness It can be anticipated the membrane voltage. The scatter plot of the intrinsic cur-
that the transient activation of ionic conductance during ament shown in Fig2a exhibits similar features as observed for
action potential can alter signi cantly the cellular responsethe Wang—Buzsaki model, albeit with a signi cantly higher
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Fig. 2 Application of the dynamid—V method to layer-5 pyramidal good agreement between the two meth@iSpike-triggered dynamic
cells. a The intrinsic membrane current is plotted against the mem-/—V curves. Thd—V curves measured in small time slices after a spike
brane voltagei{lack symbols). The dynamid—V curve (ed) is clearly  are plotted together with the EIF g{een) and the pre-spiké-V curve
seen to comprise a linear component in the subthreshold region foks a reference<dd). f Post-spike dynamics of the EIF model parame-
lowed by a sharp activation in the region of spike initiation. Inset:ters §ymbols) together with the ts to an exponential model. While
Examination of the variance dfo, near the resting potential in the conductance and spike threshold could be accurately tted with a single
absenceHlack) or presencered) of injected current suggest that the exponential, the variation in the equilibrium potenttgl required two
majority of the variance comes from intrinsic noi¢eThe function  exponential components for a good t. The spike width did not
F(V) = —Igyn(V)/C is plotted heresymbols) together with the EIF  vary signi cantly for these cellsy Comparison of the prediction of the
model t (red). Inset: The exponential rise of the spike generatingrEIF model green) with experimental data shows good agreement in
current is shown in a semi-log plot @f(V) with the leak currents the subthreshold region and in the prediction of spike tim&immary
subtractedc Histograms of the EIF model parameters for a sampleof the performance of the rEIF model for the 12 cells investigated. Left:
(N = 12) of pyramidal cells, showing considerable heterogeneity inPrediction of the ring rateTop right: Histogram of the performance
the response properties of neurons in this populatiomhe cellular  measureBosrom right: Voltage distribution for the rEIF modeg(een)
capacitance calculated with our optimization method (see text) is comand the experimental datélg¢ck). The gure is adapted fromBadel
pared to the result of the standard current-pulse protocol, showing et al. 2008

variability around the mean. Two processes can be identiribution of I, measured when there is no injected current
ed that could contribute to this variability: (i) the projection and the voltage is at its rest, and comparing the distribution
of a time-dependent quantity on the instantaneous voltagehen the voltage is uctuating triggered to the same value of
whereas the ionic curretipy, is a function dominated by the the voltage. This comparison is shown in the inset to Byg.
voltage history due to the activation of voltage gated curwhere it can be seen that the distributiorigf when the vol-
rents, or (ii) the ampli cation of the background noise duetage is at rest (black lines) accounts for a signi cant propor-
to the voltage derivative in Eq4). As the dynamic/-V  tion (83% of the standard deviation) of the spread when the
curve can be expected to give an accurate approximation ebltage has a dynamics; this suggests that the overwhelming
the intrinsic membrane current only if the contribution from proportion of the variability is due to point (ii) above—the
point (i) above is relatively insigni cant, it is important to ampli cation of noise from the voltage derivative—and that
weigh the relative contribution of these two possible sourcethe underlying relation betwediy, and voltage is relatively

of variance. This can be investigated by examining the dissharp.
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The pre-spikd—V curves were very well tted by the EIF pyramidal cells, particularly for the response properties in
model. However, as is clearly seen in Fg,b, at the onset the run up to the spike. For this cell type also the exponential
of the spike the rise in thé-V curve is much sharper than integrate-and- re model§) matched thd—V curves accura-
is observed in the Wang—Buzsaki model (with paramater tely as can be seen in Figa and with similar distributions of
of the order of 1-2mV, see Figc), and remains very close the parameters (except for the lower membrane time constant
to exponential over almost 4 decades (A, inset). The 1) as seen in Fig3b. For the refractory properties (Figc)
range of parameters obtained for the 12 measured pyramidtdde behavior of the rest; was notably different from the
neurons, shown in Fig2c, suggests a signi cant degree of pyramidal case and did not show the biphasic response seen
heterogeneity in this population of cortical neurons. in Fig. 2b but rather a simple exponential relaxation from a

As regards the measurement of the cellular capacitanclyperpolarized reset. The other parameter that distinguished
the values obtained using Eq) (vere consistent across dif- the two cell types was the cellular capacitance (2506 pF
ferent voltage traces from the same cell, with a coef cient offor pyramidal cellsp = 12, and 94t 21 pF for interneurons,
variation of the order of a few percent. The validity @jvas n = 6) which is consistent with the smaller interneurons.
further tested by comparing with the values obtained by usinglthough the variability in membrane time constant was less
the standard protocol of measuring the cellular capacitancgigni cant than previously found for pyramidal cells (with
from the voltage response to small current pulses. For tha CV of 12% as opposed to 32% for pyramidal cells), the
latter the capacitance was estimated by tting the responsether cellular parameters showed considerable scatter (with
with an exponential and averaging over 4 trials. As is showrCVs of 22% for the distance to threshol¢ — E;, and
in Fig. 2d, there is a good agreement between the results &7% for the spike widthAr), suggesting a high degree of
the two methods. Overall, the measured pyramidal cells exhinhomogeneity also in this population. It can also be noted
bited relatively high capacitance values (2505pFn = 12 that the transient increase in the spike oniggtis smaller
cells). for this fast-spiking cell 4 mV) than seen in the pyramidal

In contrast to the Wang—Buzsaki model, pyramidal cellscell ~15mV. In terms of model performance, the predictions
showed a long refractory period (up t0100ms) during of the corresponding rEIF models were again excellent (in
which the cellular response changed considerably. This ifact marginally better than for pyramidal cells) with an ave-
seen very clearly in the post-spike-V curves shown in rage 96% of correctly predicted spikes relative to the intrinsic
Fig 2e. Interestingly, the post-spide-V curves could stillbe reliability of the cells.
tted to the EIF form in Eq. 8) allowing refractory properties
to be described in terms of the simple rEIF modi)H(13).

The dynamics of the parameters are plotted in Bifor one 4 Application to conductance injection protocols

example cell, and consistently comprised: an increase in the

leak conductancg; , a biphasic response in the effective restthe dynamic/—vV method can also be employed to des-

voltage and, importantly, a signi cant increase in the spikecripe the voltage dynamics of pyramidal cells under dynamic-
threShOIdVT. For pyramidal cells relatiVEly little Change was C|amp conductance injection. To demonstrate this, we
seen in the spike widti 7. injected layer-5 pyramidals with a mixture of excitatory and

Interms of predictive power, the rEIF model derived frominhibitory uctuating conductances modeled as Ornstein—
ts to the steady-state and spike-triggerdV’ curves was  yhlenbeck processes with two distinct correlation times:

highly satisfactory, with an average 83% of succesfully pre2 ms andr; = 10ms. For conductance injection the applied
dicted spikes within a 5ms window, relative to the instrinsiccyrrent is given by

reliability of the cells.
Tapp(t) = ge()(Ee — V(1)) + gi (1) (Ei — V (1)), (14)

whereg, andg; are the excitatory and inhibitory conduc-
tance waveforms, and the synaptic reversal potentials are

One of the potential applications of the dynanki¢/ curve given byE? = —10mV andE; - ._70 m_V. _In this case,
the dynamicd/—V curve was qualitatively similar to the case

is the rapid classi cation of cell type and response proper-

ties. To test whether different cell classes could be identi9]c current injection. However, a second, slow exponential

ed on the basis of their dynamit—V curve and refractory gctivation.wa.f, needed to accurate!y ttiiey curve. This
properties, we applied our method to cortical GABAergicIS shown in Fig4a where the functio (V) was modeled
interneurons, and compared with the results obtained foiad

pyramidal cells. The results for interneurons are summariF(V)zi (EL—V+ATe(V‘VT)/AT+A’ e(V—V%)/A'r)

zed in Fig.3. In general, the dynami¢-V curve for these - T '
interneurons was surprisingly similar to those observed in (15)

3 GABAergic interneurons
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Fig. 3 GABAergic cortical interneuron models derived using the dyna-In the case of cortical interneurons all parameters could be tted satis-
mic /-V methodologya The functionF (V) = —Igqyn(V)/C forafast-  factorily with a single exponential. Note that the transient, post-spike
spiking interneuron is plottedi{mbols) together with the EIF model increase in the spike ons®&y (~4mV) is smaller in this fast-spiking

t ( red). Inset: The exponential rise of the spike generating current isnterneuron than that for pyramidals {5 mV—see Fig2). d Compari-
shown in a semi-log plot of' (V) with the leak currents subtracted. son of the prediction of the rEIF modeli¢en) with experimental data

b Distribution of the EIF model parameters for a sample £ 6) of shows close agreement in the subthreshold region and in the predic-
interneurons. The histograms overlap signi cantly with those of pyra-tion of spike timese Summary of the performance of the rEIF model
midal cells shown in Fi®. c Post-spike dynamics of the EIF model for the 6 cells investigatedop: Prediction of the ring rate Bottom:
parameterssgmbols) together with the ts to an exponential model. Histogram of the performance measure

The presence of an additional slow exponential componeri Discussion
to the activation is likely due to the reduced amplitude of
voltage uctuations (from the diminished effective mem- We used the dynamit-V curve method to characterize the
brane time constant). This resulted in voltage trajectoriesesponse properties of neocortical layer-5 pyramidal cells and
that were concentrated close to the region of spike initiaGABAergic interneurons in current-clamp mode and additio-
tion, making a more detailed description of action potentiahally demonstrated that the method can be used in dynamic-
onset dynamics necessary in order to correctly predict thelamp conductance-injection protocols. For interneurons, we
timing of spikes. The analysis of the refractory propertiesfound that the dynamié—V method yields results of similar
yielded results consistent with the case of current injectionquality to those previously reported for pyramidal cells. In
with changes in the membrane time constant, equilibriunparticular, we nd that the refractory exponential integrate-
potential and spike initiation threshold. For simplicity, the and- re modelis able to predict both the subthreshold voltage
parametersiz, Vr — V7 and A’ were taken as constant in and the timing of spikes highly accurately. The fast-spiking
the tting of the post-spike—V curves (Fig4b). interneuron was characterized by a smaller cellular capaci-
The accuracy of the model at predicting spike timing fortance (100 pF) than pyramidals, a shorter membrane time
this particular example was slightly lower than in the currentconstant ¢10ms) and the lack of a biphasic response in the
clamp case. Overall, 63% of action potentials were correctlgffective equilibrium potential during the refractory period.
predicted within a 5ms window, whereas on average 83%ther parameters showed signi cant overlap with the values
were correctly predicted in the current-clamp case, comebtained for pyramidal cells and a similar spread of para-
pared to the intrinsic reliability of the cells (see Appen-meter values in the studied sample of interneurons was also
dix). Although the data set, comprising only one pyramidalseen.
cell, does not allow for a systematic analysis of the perfor- The comparison of the Wang—Buzsaki model with the
mance, these results clearly demonstrate the applicability afxperimental results highlights two interesting facts. First,
the dynamid—V curve method to conductance injection pro- the onset of action potentials in the model is much slower than
tocols. observed in the experimental data, consistent with previous

@ Springer



368 Biol Cybern (2008) 99:361-370

A5 I = B ' ' T T 2 ! '
56 {— =
- FT T | I | i ] I |
£ 100 - = | 0.25 [— B S8 ] -0 [= ]
10— = 9 - - .
/g - L el i g . _ 60— — b g
£ oow -] + 4 £ 2z & i z
> Y 10 — | = | B .35 k= i
: ¥ | a 0.2 = 62 ] é,_ % 1IN
Zs5— = i w 1 7 il
S pre L 4 | - M 64 =1
£ I 1 ¢ 0] . &
L 1L Il | | . o - - -40 — =
50 -40 -30 W 015 -66 ] J_T
V (mV) / L T 2}
0 = - ] i | I i} ¥
%eeeeoeé | 68 [— = fe —
| : 5 2 01 L 1 ) | L -45 f | I
L o . 100 y 200 0 100 200 0 100 200
time following spike (ms) time following spike (ms) time following spike (ms)

— data
rEIF model

100ms

|10mV

I i \ . 4 A\ 2 Ao dakt vl () My o “'.J_ A
(“"Uﬁ' o o/ P hﬁ*"‘f"’hﬂr '-.-e,;‘:,‘h*\‘\'\wmh'//M Jv' I'v ‘1\-\'} '.\‘.rl it "rv-.“?"“o‘ ',;;W\ww.'“\pw N,':'J Hla ;‘-y L ’m!"{\‘l]uh”‘r \‘“f W Ll'\.‘;l __\‘.‘"'" wil L '\"ur_ rﬂ'.'-w ¥ M‘"’"\“\r e | |,J-"= W p,-\,'ﬂ g P ’ ﬂ" "A bl

Fig. 4 Application of the dynamic/-V method with conductance dependentresting potential shows a clear biphasic response as was seen
injection. a The functionF (V) = —Igyn(V)/C is plotted §ymbols) for layer-5 pyramidals in the current-injection protoaolComparison
together with the t ¢ed) to the function(14). Inset: Two exponential  of the prediction of the rEIF modegfeen) with experimental data again
components are clearly seen in a semi-log ploFe¥) with the leak  shows good agreement in the subthreshold region and in the prediction
currents subtractedh. Post-spike dynamics of the EIF model parame- of spike times

ters ymbols) together with the ts to an exponential model. The time-

reports of ‘kink’-like spike initiation Naundorf et al. 2006 the trajectories to the threshold for the example treated here
McCormick et al. 200Y. Second, the Wang—Buzsaki model suggests that the lower performance might be attributable
showed very little refractoriness in contrast to the experimento the oversimpli ed description of action-potential onset
tal data where the refractory properties were more pronourdynamics that is inherent in the one-dimensional EIF model.
ced and lasted signi cantly longer. It would be interesting This is backed up by preliminary analysis we have performed
to determine how much this discrepancy is accounted foon a model that includes inactivation of the sodium current
by the presence of additional voltage-gated channels such &details not shown). Further experiments would be needed to
adaptation currents or by the extended spatial structure afrify this hypothesis.
neurons. As a related point, it would be interesting to inves- Also seen was that the substantial degree of inhomoge-
tigate the in uence of multiple action potentials on the dyna-neity in the response properties, previously observed for
mics of the EIF model parameters. In this paper, only theoyramidal cells Badel et al. 2008 was also found here for
in uence of the last action potential was considered. Howe-cortical interneurons. Since the majority of network-level
ver, it is possible that multiple-spike effects will dominate models assume identical properties for component cells, it
the response at higher ring rates. would be interesting to investigate how the presence of inho-
In the case of dynamic-clamp conductance injection wanogeneities could affect collective behaviors, such as transi-
found that the/-V curve was best tted by a non-linear tions to oscillatory state®funel and Hakim 1999Gigante
integrate-and- re model that comprised two exponentialetal. 2007, in networks of excitatory and inhibitory neurons.
components: the sharp exponential activation associated with
the spike-generating sodium current is preceded by a sloWransient increase in spike onset A key aspect of the refrac-
inward recti cation that is also very close to exponential. Thetory response quanti ed by the dynandieV curve methodo-
model derived from thé—V curve was also able to predict logy was the transient increase in the spike-onset parameter
the timing of spikes with a satisfactory level of accuracy com-V; following an action potential. Though this feature was
pared with the intrinsic reliability of the neuron, although for seen in both pyramidal and fast spiking interneurons it is
this cell the model performance was marginally lower tharinteresting to note that the relative magnitudes of the effect
typically obtained in the current clamp case. The proximity ofwere quite different. Labelling the baseline spike-onset as
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Vroandthe additional transient increas&/ag we have, loo-  pulses (one positive and one negative) were applied to allow
king at Figs 2f and3c, for pyramidal cells a typical distance for the measurement of the cellular capacitance.
to threshold ofVyo — E; ~10mV and a transient increase

of Vr1~15mV, whereas for interneurons these quantites Ay amic-clamp recordings For this protocol, we used the

l‘;TO —EL~24 thand ;at_ran_suant Increase Wy N4”]3V' publicly available data from Challenge A of the Quantita-
hone compa”res the re ath(IE |n?reagﬁl/(_‘;T0l - fEL) g)r b tive Single-Neuron Modeling Competition [séelivet et al.
these two ce ,5,We get a value for pyrarm a_ls 0 150,/0’ uE2008r:)b) for details on the competition and experimental
for the fast-spiking interneuron the relative increase is Onl)fnethods] The data was acquired from a pyramidal neuron

L7%. Th's distinction qud well underlie the gbmty of Sl.JCh of the rat somatosensory cortex via two-electrode somatic
fast-spiking ce!ls to emit closely spaced gctlon potentlals.patch clamp. The injected current was of the form
Furthermore, in the context of mathematical approaches to

the transient spike-onset, it is worth noting the surprisinglapp(t) = ge(1)(E, — V(1)) + g: (1) (Ei — V (1)), (19)

fact that the two-dimensional system (voltage and dynamic

thresholdVy (1)) is fully solvable in certain conditions. The where the Vo|tagg/(t) was measured in real-time via the

corresponding equations are second electrode. The conductance waveforms consisted of

oV =E; —V+ ApelV-VD)/Ar (16) Ornstein—Uhlenbeck processes with _correlation_tir’q,e&
2ms,7; = 10ms; the reversal potentials for excitation and

where inhibition wereE, = —10mV, E; = —70mV.

Vr = Vro+ Vg7 (17)

Performance measure To facilitate comparison with pre-
viously published work, we use the ‘coincidence factbr’
(Gerstner and Kistler 2002as a measure of performance.
This coef cient takes into account both the overlap between
two spike trains and the similarity in the ring rate. Itis de -

where itis assumed the spike occuredat0 so that initially

V = V,,.. If the time constants are identicg] = t7 then

a simple transformatiof’ = V — Vy1e7//77 reduces the
dynamics to an effective one-dimensional EIF model

W =E,— W+ AreW-Vro/ar (18)  ned by
with a constant threshold for spike-ongdéty and a lower Neoinc — (Neoing 1
resetW,, = V,. — Vr1. A similar transformation was rst I = 0.5(Nmoger - Nuouron) N (20)

identi ed for the Leaky IF modell{indner and Longtin 2005

where it was also demonstrated that even for cases whevehere Ncoinc iS the number of coincidences with precision

11 # Tr a perturbative approach can be used to calcuA, (Ncoine) = 2f ANneuroniS the number of expected acci-

late many of the response properties of Leaky IF neurondental coincidences generated by a Poisson process with the

with decaying thresholds. It would be worthwhile to further same ring rate f as the neuronNneuron aNd Nmodel are

explore the extension of this to the two-variable EIF modethe number of spikes in the spike trains of the neuron and the

given by Egs. 16, 17) particularly given its simplicity and model, andV\ is a normalization factor. In this paper, only

direct experimental relevance. ratiosI"/I"" are considered, wherE evaluates the overlap
between the prediction of the model and a target experimen-
tal spike train, and™ is calculated between the target spike

Appendix: Experimental methods train and a second experimental recording obtained with the
same driving current. Only pairs of trials with an experimen-

Current-clamp recordings Experimental methods for the tal reliability I’ > 0.75 were used in the analysis.

current-clamp protocol were identical for both pyramidal

F:ells and_ interneu.ron.s Details of the methqu are ava”ablﬁ/ang—Buzsdki model The Wang—Buzséaki modaiang and

in & previous publlcatlorﬂqdel etal. 2008 Brle y, double Buzsaki 1995is de ned by

somatic whole cell recordings were obtained from layer-5

pyramidal cells and interneurons, with one pipette injecting _dv 3

the current while the other monitored the voltage. The injec= g — —gL(V — EL) — gnam™h(V — ENa)

ted current waveforms were cons?ruct_ed from two summed — gkn*(V = Ex) + lapp+ Inoise (21)

Onstein—Uhlenbeck processes with time constapts =

3ms, tslow = 10ms, and a range of means and variancesith gating variables:;, m andh obeying a rst-order dyna-

were explored. All currents were preceded and followed bynics,

a 3-second null stimulus used to assess the amount of back-

ground noise, and during which two small square current, (V)x = xoo(V) — x (22)
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forx =n,m, h,andr, (V) = 1/(ax (V)+Bx(V)), x00 (V) = Burkitt AN (2006b) A review of the integrate-and- re neuron model:
o, (V) /(o (V) + B, (V)), and the rate constants are given by I(I: glhomg)ggr;ecilisz synaptic input and network properties. Biol.
ybern. 95:97—
-0.1(V + 39 Ermentrout GB, Kopell N (1986) Parabolic bursting in an excitable sys-
am(V) = e-0.1(V+35 _ 1 (23) tem coupled with a slow oscillation. SIAM J. Appl. Math. 46:
233-253
Bm(V) = 4e (0SS (24) Fourcaud-Trocmé N, Hansel D, van Vresswijk C, Brunel N (2003) How
an (V) = 0.07¢ (V+58/20 (25) spike generation mechanisms determine the neuronal response to
—0.1(V+28)y—1 uctuating inputs. J. Neurosci. 23:11628-11640
Bu(V)=(1+¢€ ) (26)  Fourcaud-Trocmé N, Brunel N (2005) Dynamics of the instantaneous
—0.01(V + 3% ring rate in response to changes in input statistics. J. Comput.
o (V) = o 01viah _ ] (27) Neurosci. 18:311-321
- Gerstner W, van Hemmen JL (1993) Coherence and incoherence in a
Bn(V) = 0.125¢ (V+44/80 (28) globally coupled ensemble of pulse-emitting units. Phys. Rev. Lett.
71:312-315
For the conductances and reversal potentials, we ¢igee  Gerstner W (2000) Population dynamics of spiking neurons: fast tran-
120,ENa = 55,9k = 36,Ex = —72,9. = 0.3 andE_ = sients, asynchronous states and locking. Neural Comput. 12:43-89

—68. The termingiseis included here to account for intrinsic Gigante G, Mattia M, Del Giudice P (2007) Diverse population-bursting

. . . . . modes of adapting spiking neurons. Phys. Rev. Lett. 98. article-no
background noise, and is modeled as Gaussian white noise, ;,414; Pling spiking neu yS. eV '

Inoise= 0&(t), where(£(1)) = 0,(§(1)&(t')) = 8(t—1t"),and  Hodgkin A, Huxley A (1952) A quantitative description of membrane
we tooko = 0.1 to obtain a level of noise that is comparable current and its application to conduction and excitation in nerve.
to the one observed experimentally. J. Physiol. 117:500-544 _ - _
Huys QJM, Ahrens MB, Paninski L (2006) Ef cient estimation of detai-
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