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Abstract

is common to call the pre-synaptic cell to the neuron that sends the signal across the synapse. We
call the post-synaptic cell to the neuron receiving
the signal. It is worth mentioning that while the
firing rate of a single neuron has the clearest signature that describes a process; evidence indicates
that group of neurons working together might be
an important component of the neural code. Here,
we consider how gene mutations can affect a neural
network.

In the central nervous system, the elementary processing unit are the neurons, they work together
and are connected to each other in a very complicated pattern. In the brain, the most common
disease is the epilepsy which is produced by abnormal electrical activity, and even a single gene mutation can cause the disease. Since neurons works
together, we developed a network in such a way it
compares the activity of control and mutated neurons working in a group. The basis of the neural network was the leaky integrate and fire model
which describes the neuron by its membrane voltage potential; it uses the current threshold which
is a fundamental ingredient for the modeling of the
neuron. The measure of the network spikes was
chosen to be the Fano factor. In our case, a higher
Fano factor means higher the activity is in the network.
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Methods

In the following we denote with N the sodium channel averaged model proposed in Hay et al. (2011)
with parameters adopted by Mäki-Marttunen et al.
(2015), with wild-type (WT) the healthy SCN1A
subunit of sodium channels and with H and G the
subunit related to R859H and R865G mutations
respectively (Volkers et al., 2011). Steady-state activation and inactivation curves of WT, H, G and
N are shown in Fig. 1.

Introduction

Research in neuroscience over the last hundreds of
years has accumulated an enormous amount of detailed knowledge about the structure and function
of the brain. The most common neurological disease is epilepsy which is a collection of neurological disorders produced by abnormal electrical activity in the brain. As electrical activity is related
to ion-channels (in particular the sodium channel)
combined with the fact that single gene mutations
can cause this disease, epilepsy associated mutations (GEFS+) are worth studying. In the brain,
the elementary processing unit in the central nervous system are neurons, they work together and
are connected to each other in a very complicated
pattern. The structure of a neuron consists of the
dendrites (play the role of input that collect signals
from other neuron), the soma (central processing
unit that performs important non-linear processing
steps) and the axon (play the role of the output
provided the total input exceed a threshold). The
synapse is the junction between two neurons, and it
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Figure 1: Steady-state activation and inactivation curves for
N, WT, G and H; data from Volkers et al. (2011) and MäkiMarttunen et al. (2015).

2.1

Model-to-model parameters fitting

In the work of Volkers et al. (2011), mathematical
model with corresponding parameters are given to
characterize the SCN1A sodium channel subunit.
These parameters are available for WT, H and G.
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2.3

An implementation of sodium channel based on the
model proposed in Hay et al. (2011) and revisited
in Mäki-Marttunen et al. (2015) is available for
the Neuron simulator (Carnevale & Hines, 2006).
Then, a set of parameters for this model has been
found by fitting steady-state activation and inactivation curves and results from recovery after inactivation predicted by the two model. Least-squares
fitting has been constrained to avoid unphysical results and carried out by using a genetic algorithm
for global optimization. Results are shown in Fig. 2.

Relationship between
current and firing rate

applied

It is interesting to analyze the neuron dynamic response as a function of the stimulus. This is commonly evaluated by mean of the f-I curve, i.e. plotting the firing rate against the applied current. For
the firing rate estimation, the simulated time in
Neuron is 2000 ms and the adopted protocol consists of a current injection of constant amplitude I
in the time interval 100-1850 ms. Peaks are identified in MATLAB from the recorded membrane potential. Then, the inter-spike time is adopted to
2.2 Current threshold matching
estimate the spiking frequency. If only few spikes
Averaged model is composed of N-type only, with are fired, the estimation is quite uncertain and a
maximum conductance g, given in Mäki-Marttunen longer simulation should be run. The resulting f-I
et al. (2015), while mixed model has both N and curves are depicted in Fig. 3.
WT channels (N and H or G when mutated). We
assume that in the mixed model conductances are 2.4 Leaky Integrate-And-Fire model
respectively αg and βg, 0 < α, β < 1. Given a set
of parameters P from previous fitting, it is possi- The leaky integrate and fire (LIAF) model consist
ble using Neuron to estimate the current threshold of a linear differential equation that describe the
Ith , i.e. the minimum current that makes the neu- evolution of the membrane potential and a threshron to spike, for any tuple (P, α, β). Here we are old for spike firing. These spikes, so-called action
focusing on the current threshold because it is a potentials or pulses, have an amplitude of about
fundamental parameter within the leaky-integrate- 100 mV and typically a duration of 1-2 ms. This
and-fire model of neuron behavior, adopted in the model is highly simplified and neglects many asfollowing part to build a neural network simula- pects of neuronal dynamics, such as long-lasting retor. To carry out this and the following steps with fractoriness or adaptation (it has one universal voltthe Neuron software, an interface with MATLAB has age threshold). However, the leaky integrate and
been created to easily set up and run simulations. fire model is surprisingly accurate when it comes to
For the current threshold estimation, the simulated generating spikes. Thus, it can be used as a valid
time is 500 ms and the adopted protocol consists of model of spike generation in neurons. The governa current injection of constant amplitude I in the ing equation of neuron membrane potential V is
time interval 100-350 ms. Neuron membrane potendV
tial is recorded and analyzed in MATLAB, identifying
+ V = E + RI
(3)
τ
dt
peaks with the built-in function findpeaks. A bisection search algorithm has been implemented to where τ and R respectively denote the time conestimate the current threshold until a specified un- stant and resistance of neuron membrane, paramcertainty.
eter E is the neuron resting potential and I is the
The averaged model has threshold Ith,N = current stimulating the neuron. Denoting t the
sp
Ith (P, 1, 0) by definition (in fact for any P). Then, time at which the threshold potential is reached
selecting reasonable values of α, say αk ∈ (0, 1), and a spike is fired, the reset dynamics within the
k = 1, 2, . . . , we look for a corresponding sequence LIAF model reads
of values βk such that
lim V (t) = Vth
(4)
k
Ith,WT
= Ith (PWT , αk , βk ) = Ith,N
(1)
t→t−
sp
lim V (t) = Vreset < Vth

for any k ∈ N. Once the matching with the wildtype is done, we have the conductances of averaged
channel and SCN1A subunit. These do not change
if the mutations are present instead of the wildtype. Then, we can estimate the threshold of the
variants, X ∈ {H, G}, for any k ∈ N, namely

t→t+
sp

(5)

An absolute refractory period can be modelled by
assuming that V (t) = Vreset holds for any time instant t ∈ (tsp , tsp + Trefr ], where Trefr is the refractory period duration.
k
Current I may consist of several contributions,
Ith,X = Ith (PX , αk , βk )
(2)
e.g. synaptic current Isyn , applied current Istim and
k
k
We expect to find Ith,X
< Ith,WT
, X ∈ {H, G} and non-specific background noise Ib . Focusing on a
for any k ∈ N, because of the higher excitability of specific neuron in a network of n neurons, synaptic
epileptic brains.
current Isyn depends on internal connections and is
2

and the firing rate is f = T −1 . Given previously
estimated current threshold, it is possible to fit parameters τ , ∆ and R of LIAF model to f-I curve
obtained by using Neuron. Results of this fitting
are shown in Fig. 4.

modeled as a sum of post-synaptic currents from
all of the other neurons in the network which have
connections targeting the given neuron (Tsodyks
et al., 2000), namely
Isyn (t) =

n
X

Aj yj (t)

(6)

2.5

j=1

LIAF model and neural network

where Aj is a parameter describing the maximum
strength of the connection with the j-th (presynaptic) neuron. The effective synaptic strength
is determined by the state y, which is the fraction
of synaptic resources in the active state. For each
neuron, state y evolves according to the system of
kinetic equations:

Let us consider a network of n neurons, connected
with probability p = 0.1 (Tsodyks et al., 2000).
Each neuron is described by its membrane potential
and synaptic resources. Within this work, a simplified version of the model in Tsodyks et al. (2000)
is adopted. Here we consider the i-th neuron to
be uniquely characterized by Vi , xi , yi , zi and ui ,
z
dx
whose dynamics are described by (3)–(10). Each
=
− uxδ(t − tsp )
(7)
neuron may have different parameters. Network
dt
τrec
topology and connections strength can be stored in
dy
y
= − + uxδ(t − tsp )
(8) an adjacency matrix A ∈ Rn×n . From (6), synaptic
dt
τI
current to the i-th neuron is
dz
y
z
=
−
(9)
n
dt
τI
τrec
X
Isyn,i (t) =
Aij yj (t)
(13)
where states x and z are the fractions of synapj=1
tic resources in the recovered and inactive states,
respectively (Tsodyks et al., 2000). Parameter τI Entry A of matrix A represents the connection
ij
is the decay constant of PSCs and τrec is the re- strength from j-th to i-th neuron; its value is poscovery time from synaptic depression. Notice that itive, A , (negative, A ) if the j-th neuron is
exc
inh
0 ≤ x, y, z ≤ 1 and dx/dt + dy/dt + dz/dt = 0 excitatory (inhibitory). The continuous-time memat any time instant. Finally, state u describes the brane potential evolution of the i-th neuron is deeffective use of synaptic resources of the synapses. scribed by
In facilitating synapses, it is increased with each
pre-synaptic spike and returns to the baseline value
dVi
+ Vi = Ei + i + Ri (Isyn,i + Istim,i ) (14)
τi
with a time constant of τfacil . The equation that
dt
characterize the evolution of u is
2
) is a background
where i = RIb,i ∼ N (0, σV,i
u
du
=−
+ U (1 − u)δ(t − tsp )
(10) time-varying voltage zero-mean i.i.d. Gaussian
dt
τfacil
2
noise with σV,i
variance.
where the parameter U determines the increase in
the value of ui with each spike (Tsodyks et al.,
2.6 Network excitability and bursti2000).
ness
In order to be used, parameters of the LIAF
model, such as τ , R and Vreset , have to be esti- Network activity a is computed as the relative nummated. To this end, we used the f-I curves obtained ber of neurons that fire an action potential durfrom Neuron. Because of its simplicity, within the ing consecutive time bins of duration ∆t (Tsodyks
LIAF model it is possible to derive analytically the et al., 2000). Also, the Fano factor F is adopted as
f-I curve. For a constant applied current I, we can a measure of burstiness. It is defined as the ratio
integrate (3) between two consecutive spikes. Tak- between variance σ 2 and mean value µ of a signal.
ing into account the refractory period Trefr and de- In this work, we have considered the Fano factor of
noting T the period between two consecutive spikes, the network activity a, namely F [a] = σ 2 [a]/µ[a].
the following condition is obtained
Network activity and burstiness have been evalVth = E + RI + [Vreset − E − RI]e−(T −Trefr )/τ (11) uated for a wide range of excitatory strength Aexc
and background voltage noise standard deviation
Also constraints Vth > E, Vth > Vreset , τ > 0 and σ ; inhibitory strength A
V
inh was assumed and set
R > 0 must hold. Notice that Vth = E + RIth , equal to zero (no inhibitory neurons), because forby setting dV /dt = 0 at V = Vth . Introducing mer results are valid only for excitatory neurons.
∆ = Vth − Vreset and rearranging (11), for I > Ith , For any couple (σ , A ), values of a and F [a] have
V
exc
the inter-spike interval T is given by
been estimated based on nsims simulations with ran

domly generated topologies and ±1% i.i.d. Gaus∆
(12) sian noise on parameters.
T = Trefr + τ ln 1 +
R(I − Ith )
3

3

Results
30

Parameters fitting between models is shown by
comparing steady-state activation and inactivation
curves and current of recovery after inactivation
predicted by the two models with the corresponding parameters. In Fig. 2 the results are shown for
a Monte Carlo simulation with noise on reference
parameters, that were constrained to be between
80% and 120% the values of the averaged model in
Mäki-Marttunen et al. (2015). Using Neuron with
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Figure 3: f-I curves of N, WT, G and H; for α = 0.9 and
β = 8 × 10−6 .
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Figure 2: Monte Carlo analysis: fitting for WT, ±5% i.i.d.
Gaussian noise.
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Figure 4: f-I curve fitting in frequency domain

the averaged model, we found the current threshold for N (0.328-0.329 nA) and matched the value
of conductance to obtain the same current threshold for the mixed model with WT, obtaining e.g.
β = 8 × 10−6 for α = 0.9. In the following we will
refer only to this couple of values. Using previous
fitting results, the current threshold has been estimated for G and H, respectively 0.218-0.219 nA
and 0.051-0.052 nA.
Now that the current thresholds have been obtained for WT and the variants, we can proceed to
see how is the behavior of the dynamics. In Fig.3
the results shows that the current threshold for the
G and H variant are both lower than the current
threshold for the WT. In the case of the G variant,
its curve overlap with the WT, so they are comparable in behavior. It is expected higher firing rate
from the H and the G variant than the WT variant, making them more excitable. In Fig. 4 results
shows how the LIAF model fit the values obtained
using Neuron making it reasonable for utilization
as descriptor of spikes times in a neuron. For the
network simulator, we use n = 100 neurons and
nsims = 40 simulations. For the network activity it
was adopted ∆t = Trefr , where the refractory time
was set Trefr = 2 ms. As a result, variants G and
H show significant network activity at lower noise
level than WT, Fig. 5 (not depicted for H). Furthermore, it can be seen from Fig. 6 that network
burstiness, measured by the Fano factor F , behaves

qualitatively the same for WT, G and H, but moved
to lower noise levels for the mutations.

4

Conclusions

At the neuron level, variants show lower current
threshold for spiking and higher firing rate w.r.t.
the wild-type. This means that both H and G are
more excitable than WT (Ith,WT ≈ 0.328 nA). In
particular, H (Ith,H ≈ 0.051 nA) is much more excitable than G (Ith,G ≈ 0.218 nA). Also, at the
network level, variants H and G are more susceptible, i.e. given Aexc they start spiking at a lower
noise level. However, the behavior is qualitatively
unchanged for a wide range of excitatory strength
and background noise.
Future works may include the direct use in
Neuron of model presented in Volkers et al. (2011)
and inhibitory neurons should also be addressed
and implemented. Within the neural network simulator, more sophisticated models accounting for
adaptability and non-linear interactions could be
analyzed and adopted. Moreover, a more robust
measure of burstiness should be defined for a wider
range of network activity.
4
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Figure 5: Network activity a plotted against voltage noise
standard deviation σV and excitatory strength Aexc , with
Ainh = 0.

Figure 6: Network burstiness: Fano factor F [a] plotted
against voltage noise standard deviation σV and excitatory
strength Aexc , with Ainh = 0.
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