BME 565/665 Lecture 10 02/09/07

Neuron Model Reduction = Integrate-and-fire

Hodgkin-Huxley model

N

Two-dimensional models

\ Two-dimensional Integrate-and-fire

Integrate-and-fire models
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Neuron Model Reduction

Hodgkin-Huxley model
L I I
CV = I = gn'(V = EBy) — gvm’h(V — Bxa) — ou(V = B)

n = (ne(V)—n)/m(V)
:rjf; = (Mu(V)—m)/1,(V)
h (hoo(V') — B) [mn(V)

(Izhikevich, 2007)
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Neuron Model Reduction

Krinskii & Kokoz(1973) have shown that there is a relationship between two of the gating variables:

n(t) + h(t) ~ 0.84

0 10 20 30 40 50 60 70 80 90 100
time, t (ms)

(Izhikevich, 2007)
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Neuron Model Reduction

Plotting the variables on the (n,h) plane:
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We can use this relationship in the voltage equation to reduce the Hodgkin-Huxley
model to a three-dimensional system.

(Izhikevich, 2007)
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Neuron Model Reduction

Next, assume that the activation kinetics of the Na+ current is instantaneous: | m = m..(V)

Then, the Hodgkin-Huxley model reduces to a two-dimensional system:

{15 instanta&eous Ina I
CV = I—ggn*(V—Ex)— gnam® (V)(0.89—1.1n)(V —Ex.) — g.(V—Ev)
n = (ne(V)—n)/m(V)

(Izhikevich, 2007)
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Neuron Model Reduction
{{( instanta&eous I I,
CV = I—gun*(V—Fg) — guarm®.(V)(0.89— L1n)(V — Exe) — gi(V — Bv)
o= (ne(V)—n)/m(V)
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Action potentials in the original (top) and reduced (bottom) Hodgkin- Huxley model (1=8)
are similar.

(Izhikevich, 2007)
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Neuron Model Reduction:
Method of Equivalent Potentials

Systematic method of reducing complex, conductance-based Hodgkin-Huxley-type
models (Kepler et al.1992).

CV = I—I(V,zy,...,xz,)
z; = (Mix(V)—z)/n(V), i=1,...,n

Convert each gating variable to an “equivalent potential™ Ty = M 00 (V;)

Inverting the definition, v; = m .

i,00

(z;), we express the model in terms of equivalent potentials:

CV = I—I(V,mi(v1),-..  Mps(vn))
U = (Miee(V) =m0 (v:)/ (1:(V) My o (03))

The new coordinates expose many patterns among the equivalent voltage variables that were
not obvious in the original, gating coordinate system.

Preserves important aspects of the original dynamics

(Izhikevich, 2007)
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Neuron Model Reduction: Nullclines
{15_ instantaﬂeous Ing I
CV = 0 = I—gen’(V—Fx) — guam®. (V)(0.89—1.1n)(V — Exa) — g.(V — E1)
no= 0 = (ne(V)—n)/m(V)

The V-nullcline can be found by solving the equation:

I — ggn*(V—Ek) — gnam?> (V)(0.89—1.1n)(V —Ex,) — gr.(V—EL) =0
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1: stable node

2 saddle

3 unstable focus

08_reduceHH simul.psd

Phase Portraits
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Phase Portraits
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Phase Portraits

Not exactly all-or-none.
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it Cycles
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Stability

Phase Portraits

vz

N[
f/

A.]_:-F].

A2:+3

/

unstable node

vy

_—

+
Il

<

-1

Az

\

Ay =—1 \‘

stable node

A=+341

(Izhikevich, 2007)

unstable focus

stable focus

13_phase stable .psd



BME 565/665 Lecture 10 02/09/07

Phase Portraits: Stability

Stability is determined by the eigenvalues of the Jacobian at the fixed point.

eigenvalues: igenvalues:
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Bifurcations
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Bifurcations

saddle-node bifurcation saddle-node on invariant circle bifurcation

recovery

potential

supercritical Andronov-Hopf bifurcation

(Izhikevich, 2007)
16_bifurcations2.psd

FitzHugh-Nagumo Model
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FitzZHugh-Nagumo Model

V = Vle-WV)(V—-1)—w+1

w = bV —cw
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(Izhikevich, 2007)
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Integrate-and-Fire Model

One-variable, linear in V, with a threshold and reset to represent spikes.

dVv _ I
CmE = _SL(V —Ev) + A

ItV > VthF then V = Vreset
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(Dayan & Abbott, 2001)
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Integrate-and-Fire Model

Multiply equation by the specific membrane resistance to obtian the time constant.
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(Dayan & Abbott, 2001)
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Integrate-and-Fire Model

Multiply equation by the specific membrane resistance to obtian the time constant.

av
Tmogy ALV
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(Dayan & Abbott, 2001)
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Integrate-and-Fire Model

If the injected current is time-independent, then the equation can be integrated to find
analytic solutions for the firing rate.

S —EL-VARuL MV > Vathen V=V

™ dt
Integrate from time=0, to time=t:

V(t) = EL + Rmle + (V(0) — EL — Rmle) exp(—t/Tm)

If the neuron fired an action potential att = 0, then V(0) = Vi et
The next action potential will occur when the membrane potential reaches the threshold.

V(fisi) — Vth — EL + RmIE + (Vreset - EL - RmIE) E'XP(—fisime)

By solving this for the interspike intercal (isi )we can determine the rate for constant current:

o= i — 7. 1n lee + EL - Vreset - _~ EL - Vrh + RmIe
o Lisi N " RmIe + EL - Vl:h ~ Tm (Vth — Vresef) +

Linear, for large current injections.

(Dayan & Abbott, 2001)
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Integrate-and-Fire Model: Problems
Simplifications results in inaccuracies when predicting spike rates.

Real neurons:

(1) Respond Nonlinearily to weak input (2) Have an absolute ractory period
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Integrate-and-Fire Model: Synaptic Currents

Synapses are represented similarly to conductance-based models.

E e Multiple PSCs add arithmetically
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26_IF2 syns noise.psd
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membrane potential (V)

Integrate-and-Fire Model: Noise

Sources of noise: channel noise, synaptic noise, threshold noise
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Sources of noise: channel noise, synaptic noise, threshold noise
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Integrate-and-Fire Model: Noise

Stochastic models compute 1S1 varaince as a diffusion process
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Two-dimensional, Integrate-and-Fire

Co

Elv—v)(v—v) —u+1
a{b(v — v;) — u}

if v > vyear, then

v—e, u—utd

(Gerstner, 2002)

Fit an parabola to the V-nullcline near the fixed point, and fit a line to the u-nullcline.
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Two-dimensional, Integrate-and-Fire

Cv = klv—v)v—v)—u+1I if v> , then
u = a{blv—uv)—u} v—oe, u—utd

Fit an parabola to the V-nullcline near the fixed point, and fit a line to the u-nullcline.

recovery variable, u
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(Izhikevich, 2007)
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Two-dimensional vs One-dimensional Integrate-and-Fire

Civ = k(lv—uv)v—w)—u+I ifv> , then
v = a{blv—uv)—u} v—c u—utd
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(Izhikevich, 2007)
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Two-dimensional, Integrate-and-Fire

A remarkable variety of neural properties can be realized with this framework.
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