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Relay cells are prevalent throughout sensory systems and receive two types of inputs: driving and modulating.

The driving input contains receptive field properties that must be relayed while the modulating input alters
the reliability of this relay. In this paper, we analyze a biophysical based nonlinear model of a relay cell
and use systems theoretic tools to construct analytic bounds on how well the cell transmits a driving input
as a function of the neuron’s electrophysiological properties, the modulating input, and the driving signal
parameters. Our analysis applies to both 29 & 3" order model as long as the neuron does not spike without
a driving input pulse and exhibits a refractory period. Our bounds suggest, for instance, that if the frequency
of the modulating input increases and the DC offset decreases, then reliability increases. Our analysis also
shows how the biophysical properties of the neuron (e.g. ion channel dynamics) define the oscillatory patterns
needed in the modulating input for appropriately timed relay of sensory information.

1 INTRODUCTION

Relay neurons are found in various brain nuclei in-
cluding the thalamus (Samuel et al., 2004; Hirsch
et al., 1983; Seki et al., 2003). Experiments have
suggested that the inputs to a relay neuron can be
divided into two categories: driving and modulat-
ing. The driving input is made up of few synapses
on the proximal dendrites whereas the modulating in-
put comprises all other synapses (Guillery and Sher-
man, 2002) (see Figure 1). The relay neuron pro-
cesses and relays information in the driving input,
conditioned on the modulating input.(Sherman and
Guillery, 1998; Sherman, 2007). For example, the
lateral geniculate nucleus (LGN) in the thalamus re-
ceives the driving input from the retina and modu-
lating input from cortex. The function of the LGN
is to selectively relay information from the retina to
primary visual cortex (Guillery and Sherman, 2002;
O’Connor et al., 2002).

In this study we rigorously analyze biophysical
based models of relay neurons and characterize the
nonlinear electro-physiological dynamics of a single
relay cell as a function of the cell type and the inputs.
Various attempts to study relay neurons are made in
(Rubin and Terman D., 2004; Masson et al., 2002;
Guo et al., 2008; Wolfart et al., 2005; Rubin and Josic
K, 2007). These studies also suggest that the relay
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neuron’s reliability is governed by the modulating in-
put combined with the intrinsic properties of the neu-
ron, however the results were shown to be true for
only few realizations of modulating and driving input.
The work presented here is an extension of the work
we presented in (Agarwal and Sarma, 2011) where
we employ systems theoretic tools to obtain an ex-
plicit analytical bounds on reliability for a 2" order
model. In this work we showed that same method-
ology can also be employed to obtain bounds on 3
order model as long as the neuron does not spike with-
out a pulse in the driving input and exhibits a refrac-
tory period. Consequently, our analysis is relevant for
relay cells whose electrophysiological dynamics, in-
cluding bursting, may be governed by several differ-
ent ion channels and is more rigorous than previous
works. Our bounds predict the dependence of relay
reliability as a function of the neuron’s electrophysio-
logical properties (i.e., model parameters), the modu-
lating input signal, and the driving signal parameters.
Our lower and upper bounds suggests, for example,
that if the frequency of the modulating input increases
and/or its DC offset decreases, then relay reliability
increases.
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2 MATERIALS AND METHODS

In this section, first we describe a biophysical model
of a relay neuron, and then use systems theoretical
tools to compute bounds on relay reliability.

2.1 A Relay Neuron Model

A relay neuron receives two kinds of inputs: a driving
input, r(t) and a modulating input u(t), and generates
one output, V (t); as shown in Figure 1.

Below is a state space representation of 3 order
Hodgkin-Huxley type biophysical model of a relay
neuron. This model was used in (Guo et al., 2008;
Rubin and Terman D., 2004), which is a simplifica-
tion of model used in (Sohal and Huguenard, 2002;
Sohal et al., 2000). The response of the model for
an oscillating modulating input and a Poisson driver
input is also shown in Figure 1.
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Here IL=g.(V V1), Ina=0gnamEN(V  Via),
Ik = gu(0:75(1 h))*(V V) are the leak current,
sodium and potassium current respectively. It =
grp&(V)r(V V) and le are the low threshold
potassium current and external current respectively.
All the parameters used are same as those in (Guo
et al., 2008) and are given in the table 1.

In general, a state space representation takes the
form x = f(x;r;u), however, there is more structure
in (1). From (1), one can see that f(x) is only a func-
tion of the system’s internal states. The modulating
input, u(t), multiplies the first component of the state
X, while the driving input, r(t), is an exogenous input
to the system.

2.1.1 Inputs and Outputs

For our analysis, we assume that the driving input
belongs to class of delta pulse train with Poisson ar-
n

rivals, i.e. r(t) =lo d(t t;). The tls are generated
i=1

randomly such that tj+1 = t; + To +t’, where T 2 R

is a constant that represents the refractory period of

driving input, and t 2 R™ is exponentially distributed
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Figure 1: A Relay Neuron - Illustrating a relay neuron.
Ensemble activity of all the distal synapses (stars) is modu-
lating input u(t). The proximal synapses (diamonds) form
driving input r(t). The output is axonal voltage V (t). The
inset plots the voltage profile obtain from the model in re-
sponse to pulses in r(t). Note that each pulse in r(t) may or
may not generate a spike.

with rate 1. Therefore, the average inter-pulse interval
isT =E(ti+1 t;) = Tp+1=1. We assume that the
modulating input belongs to set of sinusoidal func-
tioni.e. u(t) = cg +cysin(wt). The output of the relay
neuron is membrane voltage V (t) = xq(t) + Veyn. De-
tails of all the parameters and reasons for the chosen
classes for driving and modulating input can be found
in (Agarwal and Sarma, 2011).

2.1.2 Properties of the Model

Finally, the function f(x) is assumed to have the fol-
lowing properties but is otherwise general:

1. Stable Neuron. Consider (1) with u(t) = c; and
r(t) =0;. In general, this system may have multiple
equilibria with different stability properties. But for
our purposes, we choose f(x) such that (1) with u(t) =
c1;r(t) = 0 has only one globally stable equilibrium
point, x; for all pragmatic c;. Such a neuron is called
a stable neuron (Manor et al., 1997). This condition
ensures that the neuron does not have any limit cycle,
therefore, the neuron does not spike without a pulse
inr(t).

This further implies that if a small periodic mod-
ulating input is applied to a stable neuron (1), u(t) =
c1 +cpsin(wt); r(t) = 0, then after a sufficient amount
of time the system’s state vector will lie within a small
neighbourhood of the equilibrium point. However,
the state vector never reaches X due to the time vary-
ing modulating input. The trajectory of the state in
this neighbourhood can be solved using linearization
methods and is periodic (Agarwal and Sarma, 2011).
We define this periodic trajectory as the steady state
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orbit of a stable neuron, x,(t). See Figure 2 A.

Next, we define Xy as the collection of all points
in the steady state orbit. If the initial state of the sys-
tem x(t = 0) 2 Xy then Xy is not achievable in finite
time. Therefore, we relax our definition to the collec-
tion of all points inside a tube of e thickness around
the steady state orbit, and define this tube as the set
Xy, i.e.

Xr =™ 2R"kx vk eforav2Xygg: (3)
2. Threshold Behaviour. To define threshold be-
haviour of a neuron, we first define a successful re-
sponse. A successful response at time t is a change
inV such thatV(t) > 50mV & V(t t) 50mvV
8t 2 (0;L)ms. Note that both a single spike or a burst
of spikes, with intra burst interval less than L ms, are
counted as a successful response under this definition.
We use this definition so that we can extend our anal-
ysis to bursty neurons characterized by higher order
models.

Almost all stable-neurons show- a threshold- be-
haviour (Platkiewicz and Brette R, 2010; Lodish
et al., 2000).

Now, we define X, = Vin  Vsyn, Where Vi, is the
traditional threshold voltage for generating a success-
ful response (Platkiewicz and Brette R, 2010; Lodish
et al., 2000; FitzHugh, 1955). In (Platkiewicz and
Brette R, 2010) it has been shown that spike threshold
is influenced by ion channels activation and synap-
tic conductance. In our case we assume a constant
threshold for simplicity. We show in results section
that our analytical bounds calculated using this as-
sumption contained the relay performance obtained
by doing simulations on the original model. Fi-
nally, we define the threshold current, I, such that
X1+ lth = X¢h. Note, by definition both Iy, and Vi, have
the same units and hence can be added.

Illustrations of a successful response, unsuccess-
ful response, ki, Vin, Xth Xy, X are shown in Figure
2 A B, C, for a second order system. Note that, I
and Vi, are functions of c¢q, since different values of
cy result in different F(x). This dependence is a lin-
ear function i.e lh(c1) ” ln(0) +mcey.

2.2 Response to Pulses in r(t)

When a reference pulse arrives, there are 2 possible
responses of system in (1). The neuron either gives
a successful response or unsuccessful response. In
Figure 2 C, we have plotted these two types of re-
sponses.

It is straightforward to see how these two re-
sponses occur. The reference pulse causes the state

vector to “ jump” to x(ti) = x(t; )+ [lo;0]". This is
easy to show by direct integration of (1), on the time
interval limpewg[ti  Dt;tj]. If the dynamics of x; X3,
are slow and x1(tj) > x, lo (see Figure 2 A,B) the
neuron will generate a successful response, otherwise
it will return back to the equilibrium point generat-
ing unsuccessful response. Now, we define set X
as the collection of points in X; whose first compo-
nent x; > Xy lp. These points result in successful
response after a pulse in r(t). Similarly we define
Xus X as the collection of points whose first com-
ponent X1 X lo, hence these points result in un-
successful spikes after a pulse in r(t). These sets are
illustrated in Figure 2 A. Note that if the reference
pulse does not occur for a T, time interval i.e, the sys-
tem state will move into X;.
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Figure 2: Properties of f(x) - (A) lllustrates the equilib-
rium point X, the steady state orbit x,(t) and the orbit tube,
Xr, for f(x) for a second order neuron. (B) Illustrates Xp,
the threshold voltage Vi, and threshold current li,. Note
that these parameters are defined by the undriven system
u(t) = cq;r(t) = 0. (C)lllustrates a successful response tra-
jectory and an unsuccessful response trajectory.

2.3 Relay Reliability

We define relay reliability as:

R , Pr(Successful spike due to a reference pulse ):

(4)

Using (4) and definition of Xs, we can write:
R=Pr X( )2 Xsjr(t) =1od(0) (5a)
=Pr(X(t) 2 Xs) foranyi=1;2; : (5b)
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Noting Xs X, we break (5b) as:
R =Pr(X(ti) 2 Xs&Xy) (6a)
= Pr(X(t) 2 Xr) Pr(X(t) 2 XsjX(t) 2 X) (6b)
» Ppuise  Pspike: (6¢)

Here we have used the definition of conditional
probability (Greenstied and Snell, 2003) to go from
(6b) to (6¢). Although not explicit in (6), relay re-
liability is a function of the driver input parameters,
lp and T; the modulating input parameters, cy; cz; and
w; and the neuron’s dynamics (i.e. model parame-
ters) denoted by H. In the next section, we com-
pute closed-form approximations of lower and upper
bounds of reliability as a function of lp; T; c,;¢1; wand
H, by computing Pspixe and bounds on Ppyse.

2.4 Calculation of Pgpje

We have already calculated Pspixe for a second or-
der model and is same as R in (Agarwal and Sarma,
2011). The exact analysis can be repeated for the 3"
order models and Pspixe Can be estimated as the ra-
tio of time spent by the state trajectory in Xs and X
given it is in X;. This gives:

p+2sin ! Ry

2p

Here Hi(jw) = %R hi(t)e Mt is the transfer
function of the neuron x1(t) X3 =h; u(t). Details

of the above expression can be found in (Agarwal and
Sarma, 2011).

O

Pspike =

2.5 Calculation of Ppyjse & R

In this section, we compute Ppyse to ultimately obtain
an expression for R. Since a driver pulse that arrives
at time t; can only result in either a successful spike or
an unsuccessful spike, we can equivalently write the
definition of Ppyse as:

+Pr(x(t) 2 X;j USR att; 1) Pr(USRY{; 1):

(8a)

Here, we have used the law of total probability and
the definition of conditional probability (Greenstied
and Snell, 2003) to arrive at (8a). We know that after
a successful spike att; 1, the system state X(t) 2 Xy,
only fort 2 (tj 1;ti 1 +T,). Therefore, we see that

Pr(X(t)) 2 X¢jSRatti 1)=Pr(ti ti 1 T): (9)
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Similarly, if TS denotes time to resting tube after un-
successful spike, then we get:

Pr(X(t) 2 X;j USR att; 1) =Pr(t t 1 T“):
(10)
As T has complex dependence upon input and

model parameters it is hard to calculate Pr(ti ti 1
T5). However, it is certainthat T¥S  T,. This implies
thatPr(ti t 1 T,) Prti t 1 T'), by prop-
erties of cumulative distributive functions (Greenstied
and Snell, 2003). Therefore, we get the following

bounds:

Prti 1 T) Pr@t t1 Trus) 1 (11)
Putting together (8a),(9),(10) and (11), we get:

Ppuse R Prti tia Tr) (12a)
+(1 R) Pr(t; t 1 To) (12b)

Now we calculate Pr(ti ti 1 T;). Recall that
the inter pulse intervals of r(t),ti tj 1 =t+Tp, here
t is generated from an exponential distribution and To
is refractory period. Therefore:

Prti t 1 T)=Pr(To+t T,) (133a)
=Pr(t T, To) (13b)
Zy

= fe()dt , a: (13¢)

Tr To

It can be easily shown that:

a= €' T To 0 . (14)

Here T is the average inter pulse interval, E(t; i 1).
Finally, by combining (12c) and (13) we get:

Now we compute bounds on relay reliability i.e
Rl R Ryas:

F)spike

1+ (1 a)Pspike

From (16) and (13), one can see that if T >> T,

thenR; ¥ Ry ¥ Pgpike. This result is intuitive because

if pulses in r(t) occur at a slow rate, then the solution

of (1) has enough time to return to the orbit tube after

each pulse. Therefore, Ppyise » P(X(t) 2X;) ¥ 1and
hence R ¥ Pspige.

3 RESULTS

In this section, we will apply (16) to (1).
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Figure 3: R vs Zﬂ for the 3™ order model - Plots the-
oretical and numerically computed reliability versus %
with ¢, = 0:015;¢c; = 0:075;lp = 6:5;T, = 105ms; Ty =
80ms; T = 180ms. Dotted lines are lower and upper bounds
on reliability from the (16). Solid line is plotting Remp cal-
culated by running simulation of (1), error bars show - std.
We estimated Iy, = 6 as the minimum hieght of a r(t) pulse,
that make the neuron spike.

In Figure 3, we plot our reliability bounds (16)
along with reliability computed numerically through
simulation of the 3rd order model. We see that our
bounds predict the reliability well except for some er-
rors in the low frequency range. This is due to the fact
that we did not consider higher order dynamics of the
3" order model. However, our bounds qualitatively
predict the trend of reliability well even for the higher
order model.

In general, our analytical bounds are applicable to
higher dimensional models as long as the model 1.
does not generate a spike if there is no pulse in r(t),
and 2. has a threshold behavior. The second condi-
tion is true for most of neurons that satisfy the first
condition. Our analysis may also be extended to in-
clude neurons that spike without any driver input, but
in this manuscript we neglect such dynamics.

4 DISCUSSION

In this manuscript, we studied the reliability of a relay
neuron. A relay neuron receives two inputs: a driving
input, r(t); and a modulating input, u(t). The neuron
generates one output, V (t); which relays r(t) condi-
tioned on u(t). Our goal was to precisely determine
how the modulating input impacts relay reliability. To

calculate relay reliability, we used LTI systems theo-
retic tools to derive the analytical bounds (16) on relay
reliability as a function of different input and model
parameters. Specifically, (16) implies that if the mod-
ulating input is of the form u(t) = ¢ +cpsin(wt), then
increasing c; or ¢, decreases reliability. However, in-
creasing w increases reliability. In addition, our reli-
ability curve (see Figure 3) suggests that on increas-
ing w, reliability first increases slowly and then in-
creases rapidly and plateaus. (16) is powerful as it
characterizes the multiple dependencies of reliability
on u(t); r(t) and relay neuron model parameters. Fur-
thermore, analytic bounds from (16) contain results
obtained through simulation of the 3™ order models
of a relay neuron. Our bounds captured reliability
under both the depolarized and hyperpolarized (not
shown due to limited space) states of the 3rd order
neuron and shows the generality of our analysis.
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APPENDIX
Table 1: Parameters and functions for (1).
i
My(V) @ep( (V+3D)
px(V) (e (y60)62))
(V) 0:128exp( %)+f:(l+exp( Z2VY)
hy(V)

(1+exp((\{+4l):4))

re(V) eV +80=)

t, (V) | 0:4(28+exp((V +25)=( 10:5)))
Vyn: Vi 85; 50mV
Vi)V VT 90; 70;0mV

ONas Ok 3;5

gL; gt 0:05;5




