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Applications of non-invasive neuroelectronic interfacing in the fields of whole-cell biosensing, bio-
logical computation and neural prosthetic devices depend critically on an efficient decoding and
processing of information retrieved from a neuron–electrode junction. This necessitates develop-
ment of mathematical models of the neuron–electrode interface that realistically represent the extra-
cellular signals recorded at the neuroelectronic junction without being computationally expensive.
Extracellular signals recorded using planar microelectrode or field effect transistor arrays have, until
now, primarily been represented using linear equivalent circuit models that fail to reproduce the
correct amplitude and shape of the signals recorded at the neuron–microelectrode interface. In this
paper, to explore viable alternatives for a computationally inexpensive and efficient modeling of the
neuron–electrode junction, input–output data from the neuron–electrode junction is modeled using
a parametric Wiener model and a Nonlinear Auto-Regressive network with eXogenous input trained
using a dynamic Neural Network model (NARX-NN model). Results corresponding to a validation
dataset from these models are then employed to compare and contrast the computational complex-
ity and efficiency of the aforementioned modeling techniques with the Lee-Schetzen technique of
cross-correlation for estimating a nonlinear dynamic model of the neuroelectronic junction.

Keywords: Microelectrode Array, Wiener Model, NARX Model, Neural Network, Neuroelectronic
Interface, Neuron-Electrode Junction.

1. INTRODUCTION

Development of technology for non-invasive interfacing of
live neurons to electronic devices has important applica-
tions in the fields of prosthetic devices, biological compu-
tation and whole cell-biosensors for high-throughput drug
screening and toxin detection.1–6 All these applications, in
turn, depend critically on an efficient decoding and pro-
cessing of the information exchanged between the neuron
and the electronic sensor device. However, non-invasive
extracellular recordings from neurons interfaced to micro-
electrode and field effect transistor arrays also suffer from
problems of low signal to noise ratio, signal attenuation

∗Authors to whom correspondence should be addressed.
†These authors have equal contribution.

due to counter-ion diffusion from the bulk extracellular
medium into the ∼ 20–110 nm wide neuron–electrode cleft
and a modification of the shape of the neuron-generated
potentials. Therefore, it is important to develop or estimate
computational models of the neuron–electrode interface
that can efficiently simulate or model the neuron–electrode
junction and predict its output despite these problems.
Primarily, to date, linear point or area contact equivalent

circuit models have been employed for modeling the
neuron–electrode interface. Equivalent circuit models,
however, fail to reproduce the correct amplitude and shape
of the extracellular signals recorded using planar micro-
electrode or field effect transistor arrays.7�8 Therefore,
researchers have recently started to explore the devel-
opment of models that incorporate the physics of elec-
trodiffusion of ions at the neuron–electrode interface7–9
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with the aim of developing and implementing strate-
gies for engineering the neuron-sensor interface using
surface chemical modification of the electrode surface,
microelectrode design or novel electrode materials.10–15

The physics of electrodiffusion of ions is governed by
the Poisson–Nernst–Planck system of equations that are
time-dependent coupled nonlinear partial differential equa-
tions. However, this system of equations does not lend
itself to computationally inexpensive simulation or analytic
solutions for representing the dynamics of the neuron–
electrode interface. Although important for advancing an
understanding of the mechanism of signal transduction at
the neuron–electrode interface and to engineer it for a
better signal to noise ratio, such an approach cannot be
adapted for a real time modeling of the neuron–electrode
junction for applications in whole-cell biosensing, biolog-
ical computation or neural prosthetic devices. Therefore,
it becomes imperative to develop computationally effi-
cient alternate models for representing signals recorded at
the neuron–electrode interface. Nonlinear dynamic models
of the neuron–electrode interface estimated using system
identification techniques through a use of the experimen-
tal input–output data recorded from the neuron–electrode
junctions are, we believe, particularly well poised to pro-
vide such an alternative.
In this regard, it is notable that an experimental stimu-

lation of the neuron–electrode junction with band-limited
white noise was recently employed to estimate a non-
parametric ‘data-true’ Volterra-Wiener (V-W) model of
the neuroelectronic interface.16 using Lee-Schetzen cross-
correlation technique.17 The estimated V-W model rep-
resented the complete nonlinear dynamics (up to second
order) of the interface that accounted for all possible lin-
ear and nonlinear physicochemical processes, including
electrodiffusion of ions and dielectric relaxation of the
interfacial medium, occurring at the interface in response
to the neuron generated electric signals. Furthermore,
the estimated first and second order V-W kernels, rep-
resenting the linear and nonlinear impulse response of
the neuron–electrode junction, yielded an excellent pre-
diction of the extracellular output recorded on the pla-
nar microelectrode corresponding to an intracellular action
potential.16 However, the computational complexity for an
estimation of the V-W kernels using cross-correlation of
the input band-limited white noise with its correspond-
ing extracellular output recorded at the planar microelec-
trode scales up as O�Np� for a system characterized by
memory length N and order of nonlinearity p. Besides, it
also requires very long data records (up to 100 seconds at
a sampling rate of ∼ 10 kHz) from the neuron–electrode
junction to achieve a reasonable convergence of the V-W
kernels. As a consequence, the use of the Lee-Schetzen
cross-correlation technique to model the neuron–electrode
junction proves to be computationally very expensive and
inefficient. This paper follows up on the work reported by

Thakore et al.16 to explore a viable alternative of a com-
putationally inexpensive and efficient system identifica-
tion technique by representing input–output data from the
neuron–electrode junction using (i) a parametric Wiener
model, and (ii) a Nonlinear Auto-Regressive network with
eXogenous input trained using a dynamic Neural Network
(NARX-NN model). We then compare and contrast the
computational complexity and efficiency of employing
parametric Wiener and NARX-NN modeling with the Lee-
Schetzen technique of cross-correlation for estimating a
nonlinear dynamic model of the neuroelectronic junction.
The remainder of this paper is organized as follows.

Section 2 focuses on materials and methods, and covers
cell-culture and electrophysiological protocols, theoretical
background on Wiener and NARX-NN modeling tech-
niques and numerical methods employed to estimate these
models. In Section 3, results from Wiener and NARX-NN
modeling of the neuron–electrode junction are presented
while Section 4 discusses and compares these results with
those obtained from a V-W model.16 using Lee-Schetzen
cross-correlation. The conclusions from the results pre-
sented in this paper are then summarized in Section 5.

2. MATERIALS AND METHODS

2.1. Cell-Culture and Electrophysiological Protocols

Briefly, NG108-15 neurons were cultured on top of sub-
strate embedded microelectrode arrays and electrophysio-
logical recordings were performed on them in voltage and
current clamp modes. The neuronal differentiation of the
NG108-15 cells was confirmed by recording sodium and
potassium currents in the voltage clamp mode and by mea-
suring action potentials in the current clamp mode using
a 200 ms depolarization stimulus. Experiments employing
white noise stimulation of the neuron–electrode junction
were performed if the access resistance for the neuron
was less than 15 M� and the action potential evoked a
detectable signal on the extracellular electrode. For obtain-
ing the input output data records, neurons were stim-
ulated through the intracellular patch pipette in voltage
clamp mode with band limited (0–500 Hz) Gaussian white
noise sampled at a rate of 9.8 kHz for 100 seconds. The
white noise signal was generated in MATLAB (The Math-
Works, Natick, MA) and imported to pClamp as a stimulus
file. Whole cell capacitance and resistance were compen-
sated but no series-resistance compensation was used. The
holding membrane potential was −10 mV and the white
noise stimulus spanning an amplitude range of ± 50 mV
was superposed on this signal. The extracellular signal
was high and low pass filtered at 1 Hz (using a sec-
ond order Bessel filter) and 1 kHz (using a fourth order
Bessel filter) respectively. For more details on cell-culture
and electrophysiology protocols the reader is referred to
Refs. [3, 16, 18].

2 J. Comput. Theor. Nanosci. 10, 1–8, 2013
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2.2. Mathematical Models

2.2.1. Wiener Model

The Wiener model consists of two parametric blocks,
a dynamic linear subsystem followed by a static non-linear
element (Fig. 1), which assumes no a priori underlying
structure for the system. The estimation of the parameters
of the Wiener model was carried out by a minimization
of the error between predicted and actual output. Thus,
employing a prediction error model, the dynamic linear
subsystem can be represented in discrete time as

y�t�A�q�= B�q�u�t−nk�+ e�t� (1)

where t is the discrete time, q is the time delay opera-
tor, y�t� is the output of the linear subsystem, e�t� is the
process disturbance or noise in the system, A and B are
the functions of the delay operator and nk is the number
of input samples that occur before the input affects the
output, also called the ‘dead time’ in the system. The cor-
responding transfer function H�q�, can then be written as

H�q�= B�q�

A�q�
= b1+b2q

−1+· · ·+bnbq
−nb+1

1+a1q
−1+· · ·+ana

q−na
(2)

where na and nb denote the number of poles and zeros of
the linear subsystem. The nonlinear gain at the output in
the Wiener model is approximated by a pth order polyno-
mial in y�t� given by

��t�= �1y�t�+�2y
2�t�+· · ·+�py

p�t� (3)

2.2.2. NARX-NN Model

Neural networks can be classified broadly into static and
dynamic networks. Dynamic networks employ feedback to
model systems in which the output is influenced by both
the preceding input and output states of the system while
static networks are used to model systems that do not have
any feedback affecting their output states. At the neuron–
microelectrode junction, the magnitude of the ionic cur-
rents flowing across the neuronal membrane through ion
channels is governed by the potential difference across
the membrane. The electrodiffusing ions influence the
ionic concentrations in the interfacial medium that fills the
narrow cleft (∼ 20–110 nm in width) between the neu-
ronal membrane and the microelectrode. Since the electric
potential depends on the associated charge density distri-
bution, the changing ionic concentrations in the nanoscale

Dynamic Linear Static Nonlinear

h(τ) Γ(.)u(t) y(t) w(t)

Fig. 1. Wiener model structure.

neuron–electrode cleft form a feedback mechanism that in
turn regulates the potential across the membrane. There-
fore, for modeling the time series data experimentally
recorded at the microelectrode from the neuron–electrode
junction, a dynamic neural network employing feedback
was trained using nonlinear autoregression with the intra-
cellular bandlimited white noise input to the junction serv-
ing as an exogenous input.
Multiple steps were employed for estimating a NARX-

NN model of the mesoscopic neuron–electrode junction.
The estimated model was trained using a series parallel
model for the nonlinear autoregressive neural network with
an exogenous input. A schematic of the NARX neural
network with an exogenous input employing tap-delayed
values of the true output is shown in Figure 2(a). In the
prediction phase, a parallel configuration was utilized as
shown in Figure 2(b).19 For realizing the neural network
structure, an additional input was added to the simple feed-
forward neural network besides the data signal at the input
layer. The nonlinear dynamic process for such a network
can then be represented as

ŷ�t�= f �x�t�� (4)

where ŷ�t� is the predicted output and the regression vec-
tor x�t� is given as,

x�t�= �u�t������u�t−k+1��y�t−1������y�t−n�	 (5)

2.3. Numerical Methods

The estimation of the parametric Weiner and NARX-NN
models of the neuron–microelectrode junction was car-
ried out using in-built functions available in MATLAB’s
System Identification and Neural Network toolboxes. For
both the models, experimental input–output data from the
band-limited white noise stimulation of the neuroelectronic
interface was used for an estimation of the model parame-
ters. After an estimation of the parameters, the Weiner and
NARX-NN models were validated by a prediction of the
experimental extracellular output recorded on the micro-
electrode corresponding to a neuron generated intracellular
action potential (AP).

2.3.1. Wiener Model

For estimating the parameters of the Wiener model for
the neuron–microelectrode junction, a two step approach
was employed. The first step involved a determination of
the number of zeros and poles of the transfer function for
the dynamic linear subsystem using regression. For this
purpose, the struc function was used to generate all possi-
ble model order configurations in a na×nb matrix for na

and nb values of the number of poles and zeros, ranging

J. Comput. Theor. Nanosci. 10, 1–8, 2013 3
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Fig. 2. (a) NARX neural network series parallel model used for training phase. (b) NARX neural network parallel model used for prediction phase.

from 1 to 10, respectively. This na ×nb matrix was then
employed as an input to arxstruc for an estimation of the
ARX model of the linear subsystem through a determina-
tion of the coefficients ai and bi in the denominator and the
numerator of the transfer function in Eq. (2) correspond-
ing to each model configuration of zeros and poles. This
facilitated a comparison of the predicted output for the dif-
ferent pole-zero configurations with the actual output from
the experimental bandlimited white noise stimulation of
the neuroelectronic junction. Through a calculation of the
prediction errors for the estimated ARX models, this com-
parison then allowed the choice of an optimal pole-zero
configuration for the linear subsystem.
The Wiener model for the neuron–microelectrode junc-

tion was then constructed using the system-identification
toolbox function nlhw(data, [zb na nk], InputNL, Out-
putNL) that creates and estimates a Hammerstein-Wiener
model by specifying an input nonlinearity InputNL and
output nonlinearity OutputNL, as a nonlinearity estima-
tor object or string representing the nonlinearity estimator
type. Employing this function to estimate a Wiener
model required specification of InputNL as a first order
1-dimensional linear polynomial while OutputNL was
specified as a 1-dimensional second order polynomial. The
order of the linear subsystem was specified using the vari-
ables zb and na that, respectively, represented the number
of zeros nb plus 1 and the number of poles from the opti-
mal pole-zero configuration estimated in the previous step.

2.3.2. NARX-NN

The implementation of a neural network requires defini-
tion of the training functions along with a structure of

the network. For this purpose, a sigmoid characterized
by its nonlinear behavior was employed as an activa-
tion function. Its asymmetry about the origin allowed the
inputs to be normalized resulting in an average value
close to zero. For the training of the NARX neural net-
work, a batch-learning process was utilized that allowed an
update on the weights following each batch process lead-
ing to an improved rate of convergence. The availability
of the experimental extracellular output at the microelec-
trode corresponding to the intracellular bandlimited white
noise input facilitated the use of back-propagation using
Bayesian regularization.20 Essentially, Bayesian regulariza-
tion also uses the Levenberg-Marquadt algorithm.21 for
optimizing the weights and biases but helps in generaliz-
ing the network better when compared to the latter. Both
Bayesian regularization (trainbr) and Levenberg-Marquadt
(trainlm) algorithms were employed to compare the perfor-
mance of the evolved network. The NARX neural network
was implemented in MATLAB using an in-built func-
tion narxnet (inputDelays, feedbackDelays, hiddenLayer-
Size) of the neural network toolbox. The input and feedback
delays ranged from 1–2 while the hidden-layer size was
systematically optimized. The outputs of the hidden layer
were mapped using mapminmax function to conform to the
range of the sigmoid function output node. A delayed ver-
sion of the input time series data was prepared using the
function preparets that automatically shifted the input and
target time series as many steps as were needed to fill the
initial input and layer delay states. These input and layer
states were then employed as inputs to the MATLAB’s in-
built neural network training function train (net, inputs,
targets, inputStates, layerStates).

4 J. Comput. Theor. Nanosci. 10, 1–8, 2013
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2.3.3. Comparison of Parametric Wiener and
NARX-NN Models with the
Volterra-Wiener Model

The performance of the three modeling approaches was
analyzed based on the speed of convergence of the algo-
rithm used for model estimation and the mean square error
�mse� of the predicted extracellular output with respect
to the experimental extracellular output recorded on the
planar microelectrode corresponding to an intracellular
action potential. The algorithms employed for representing
the neuron–microelectrode junction were benchmarked for
convergence speed on a workstation with two 2.66 GHz
Intel quad core processors and 8 GB RAM.

3. RESULTS

3.1. Wiener Model

The dynamics of the neuron–microelectrode interface were
represented by a linear transfer function and the associ-
ated nonlinearities were evaluated using static nonlinear
functions placed at the input and the output of the linear
system. For an estimation of the linear transfer function
for the Wiener model of the neuron–electrode junction,
various pole-zero configurations were explored using the
function arxstruc. Table I shows the loss function and the
fitness percentage for the various pole-zero and dead-time
[na nb nk] configurations of the linear dynamic subsystem
of the Wiener model. The optimal pole-zero and dead-
time configuration was chosen after an examination of
the fitness percentages from both training and validation
datasets. It can be seen from Table I that comparable fit-
ness values were obtained for the [na nb nk] configurations
in each of [4 4 0], [4 4 1], [4 4 2], [4 5 1] and [5 5 0]
on the training dataset; however, the fitness percentages on
the validation dataset showed that the optimal [na nb nk]

Table I. Loss function and fitness percentage of the Wiener model using
different configurations of the linear transfer function with 1st order input
and 2nd order output nonlinearities.

Performance

Training dataset Validation dataset
[na nb nk] Loss function Fitness (%) fitness (%)

[4 3 0] 2�047×10−5 36.89 −116�5
[4 3 1] 2�475×10−5 36.89 −116�5
[3 4 0] 2�045×10−5 36.92 −115�6
[3 4 1] 2�045×10−5 36.92 −115�6
[4 4 0] 1�962×10−5 38.25 42�91
[4 4 1] 1�959×10−5 38.26 42�71
[4 4 2] 1�951×10−5 38.27 42�54
[4 5 0] 2�058×10−5 36.92 −115�7
[4 5 1] 1�958×10−5 38.28 42�21
[4 5 2] 2�046×10−5 36.91 −116�7
[5 5 0] 1�958×10−5 38.28 42�15
[5 5 1] 2�046×10−5 36.91 −116�3

configuration was [4 4 0]. The loss function, presented in
Table I, is defined as the determinant of the covariance
matrix of the prediction error given by det�E′E	/N , where
E is the residual error matrix and N is the total number
of time samples, while the fitness of the model output was
calculated using 100× �1−�y− ŷ�/�y− ȳ�� where y is the
target output, ŷ is the predicted output and ȳ is the mean
of the target output.
Then using the function nlhw, a linear transfer function

H�q� as given in Eq. (2) for the Weiner model was esti-
mated as

H�q�

= −8�919e−006+3�309e−005q−1−4�219e−005q−2+1�802e−005q−3

1−3�492q−1+4�586q−2−2�693q−3+0�599q−4

(6)

After an evaluation of the coefficients for the linear sub-
system, different combinations of the higher order poly-
nomials for the nonlinear blocks were further tested using
the function nlhw. Static nonlinear blocks of order higher
than quadratic, when used to model the input–output cor-
responding to the bandlimited white noise stimulation of
the junction, increased the level of misfit. For example,
with a pole-zero configuration of na = 4, nb = 4 and a
dead time of nk = 0, using a cubic polynomial for out-
put nonlinearity reduced the fitness to 39.34% while a
change of the input nonlinearity to a quadratic polynomial
decreased the fitness metric to 33.34%. The performance
of the Wiener model was also evaluated by incorporating a
wavelet network for modeling the output nonlinearity (data
not presented here) however no significant difference was
observed in the fitness percentage even after an increase
in the number of training epochs to 100. Thus, follow-
ing an evaluation of the model configurations for the best
fit, the input and output nonlinearities were modeled using
one-dimensional polynomial estimators of first and second
degree given by

InputNL = 0�9323u+0�4098 (7)

OutputNL =−9�6925×10−9y2−4�4521×10−5y

+1�3259×10−4 (8)

respectively. The model was then validated on the intracel-
lular action potential dataset provided by Thakore et al.16

A good fit of the predicted extracellular output from the
Wiener model for a validation dataset corresponding to
an intracellular action potential was obtained as shown in
Figure 3.

3.2. NARX-NN Model

The implementation of the NARX neural network struc-
ture for modeling the neuroelectronic interface required a
two phase process of training and testing of the trained

J. Comput. Theor. Nanosci. 10, 1–8, 2013 5
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Fig. 3. Experimental extracellular output recorded on the planar micro-
electrode (solid line) and the linear (dot-dash line) and total predicted
(dotted line) outputs from the Wiener model.

neural network. The training phase involved tuning the val-
ues of the weights and biases of the network to optimize
network performance as defined by the network perfor-
mance function. The performance function employed for
optimization of the networks was the mean square error
�mse� between the network output and the target output.
In the training phase, there are two recurring steps in each
epoch known as forward pass and backward pass.22 Dur-
ing the forward pass, the training dataset is applied and
the outputs are calculated. Then, these outputs are com-
pared with the actual target outputs and the corresponding
error is calculated. During the backward pass, this output
error is then propagated back through the layers to alter
the weights and biases of the network nodes for minimiz-
ing the output error. With each epoch, for every input–
output data pair, the procedure involving a forward pass
followed by a backward pass is repeated until the error
is low enough to satisfy the specified error tolerance. At
each input of the input layer, two tapped delays were also
employed.
Next, the performance of the evolved networks was

compared to find the one that best minimized the error
with respect to the training dataset. In our case, Bayesian
regularization in conjunction with early stopping23 was
employed to avoid over-training of the network for esti-
mating a NARX-NN model of the neuron–electrode

Table II. Mean square error for different numbers of hidden nodes and
training epochs in a NARX-NN model.

Performance on the
training dataset �mse�

Number of hidden nodes 10 epochs 20 epochs

5 11�5×10−6 7�06×10−6

10 7�38×10−6 7�19×10−6

15 7�18×10−6 7�06×10−6

Table III. Mean squared error for a network realized using fifteen hid-
den nodes and trained with various numbers of epochs in a NARX-NN
model for the validation dataset.

Performance on the
Number of epochs validation dataset �mse�

10 5�913×10−4

13 1�567×10−4

14 1�567×10−4

15 7�160×10−5

16 4�544×10−4

17 4�544×10−4

20 2�653×10−4

30 6�232×10−4

junction. Also, compared to Levenberg-Marquadt algo-
rithm, it was observed that for an identical network size
and number of epochs, Bayesian regularization gave a bet-
ter fit to the predicted output. The results for a hidden layer
with different sizes showed that while NARX-NN mod-
els, estimated with higher number of nodes and epochs
(Table II), provided a low mean square error on the input–
output dataset used for training (corresponding to the ban-
dlimited white noise stimulation of the neuron–electrode
junction), they also led to a problem of over-fitting which
negatively affected the prediction of the validation data
set. Hence, for a better generalized model of the neuron–
microelectrode junction, we avoided the over-fit using
early stopping in the training phase.
For the testing phase, the output of each of the trained

networks was tested and compared against the validation
dataset. It was observed that results on the validation
dataset for a network trained using 30 epochs and com-
prising the optimal number of fifteen hidden nodes gave an
mse of 6�232× 10−4 while for the same network, trained
with fifteen epochs, the mse on the validation dataset was
observed to be 7.160× 10−5 thereby justifying an early
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Fig. 4. Comparison of the experimentally obtained extracellular output
(solid line) from the neuron–electrode junction with the predicted output
obtained from the NARX-NN model (dotted line) of the junction.
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stopping at the 15th epoch in the training phase (Table III).
Further, it was observed that the best fitting results were
obtained for an optimized network comprising fifteen hid-
den nodes which was trained using fifteen epochs (Fig. 4).

4. COMPARISON AND DISCUSSION

4.1. Comparison of Parametric Wiener and
NARX-NN Models with the
Volterra-Wiener Model

A comparison of the V-W model estimated using Lee-
Schetzen cross-correlation technique with the Wiener
model showed that although the mean square error was
lower for the V-W model and it offered a better predic-
tion of the system output, the complexity of computing
Volterra-Wiener kernels was quite high with an increase in
the order of nonlinearity. The results for the comparative
performance of the sse on the validation data are shown
in Table IV which indicate that the best performance was
obtained using V-W model while the mean square error
was highest for the NARX-NN model.
Estimation of the Wiener model required just eleven

coefficients including four coefficients each for the poles
and zeros, one for the first degree polynomial describing
the input nonlinearity InputNL and two for the second
order output nonlinearity OutputNL. For the training
dataset, the simulations took fewer than 10 minutes for the
computations to provide us with a supervised model for
the Wiener system. In the case of the neural network-based
model, it is well known that the computational complexity
increases with an increase in the number of hidden
nodes.24 The computational complexity of the neural net-
work is further linked to the type of back-propagation
algorithm which is used for minimizing the error on the
training dataset. The description of the estimated NARX-
NN model for the neuron–electrode junction required a
total of ninety-one coefficients that included thirty weights
each for the tap-delayed autoregressive and exogenous
inputs, fifteen bias weights for each hidden layer node and
fifteen weights for each hidden layer node in the output
layer along with a bias weight. Using the same quad-core
machine, which was employed for Wiener model estima-
tion, it took approximately 2 hours to obtain the trained

Table IV. Comparison of parametric Wiener and NARX-NN techniques
of estimating a model of the neuron–electrode junction with the non-
parametric Volterra-Wiener model estimated using Lee-Schetzen cross-
correlation technique.

Non-linear model Performance (mse� Model complexity

Wiener model 6�15×10−5 11 coefficients
NARX-NN model 7�16×10−5 75 weights and

16 bias constants
V-W model16 4�10×10−5 ∼ 3.6×104 kernel elements

(up to 2nd order)
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Fig. 5. Comparison of experimentally measured extracellular output
(solid line) recorded on the planar microelectrode with the predicted out-
puts obtained using estimated Wiener (dashed line), NARX-NN (dotted
line) and V-W models (dot-dash line) of the neuron–electrode junction.

neural network. In the case of Volterra-Wiener model esti-
mated using Lee-Schetzen cross-correlation technique,16

although the predicted output of the estimated model
showed efficient mapping on the validation data, the
Volterra-Wiener series representation required a very large
number of coefficients (∼ 3.6×104� computed in about 2–
3 days to characterize the neuron–electrode junction. Gen-
erally, a Volterra system with memory length N and order
p has O�NP� coefficients25 resulting in slower convergence
rates and longer computation times compared to the time
required for estimating Wiener or NARX-NN models.

4.2. Discussion

For the comparison of the system under discussion, two
criteria can be employed to measure their performance.
From the point of computational complexity, a compari-
son of the models with regard to their convergence speed
to obtain the best fit was made. It was observed that
among all three techniques, the Wiener model utilized the
fewest number of coefficients and accordingly presented
the fastest convergence for the given dataset. A compari-
son of the performance with regard to obtaining the lowest
mean square error on the validation dataset showed that
the best value was obtained from the V-W model estimated
using the Lee-Schetzen technique of cross-correlation.16

The NARX-NN model presented moderate computational
complexity but its convergence was inferior to the Weiner
model which was also nearly an order of magnitude lower
in computational complexity. Thus, a choice can be made
between the Weiner model and the V-W model depend-
ing on the specifications on convergence and complex-
ity. The advantage of using a V-W model is that it is
non-parametric and it does not rely on the distribution
of the intracellular action potential. On the other hand,
using a parametric Wiener model, a reliable estimate is
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obtained but the linear model is parameterized according
to the experimentally obtained data for intracellular action
potential.

5. CONCLUSIONS

In this paper, we first estimated two parametric non-
linear dynamic models of the neuron–electrode junction
using the computationally efficient data-true techniques of
Wiener and NARX-NN modeling. Further, these models
were employed to predict the extracellular output recorded
from the neuron–electrode junction corresponding to an
intracellular action potential. The predicted outputs thus
obtained from these models were then compared and con-
trasted with the outputs from the V-W model estimated
using Lee-Schetzen cross-correlation technique. Analy-
sis of computational complexity, that directly impacts
the computation time required for estimating a model,
showed that Wiener model outperformed both the NARX-
NN model and the V-W model estimated using Lee-
Schetzen cross-correlation. Mean square error analysis, on
the other hand, showed that V-W model performed the
best in prediction of the extracellular output recorded at
the neuron–electrode junction which was closely followed
by the Wiener model. The computational efficiency of the
NARX-NN technique lay closer to the Wiener model but
it did not offer any significant advantage over either the
Wiener model or the V-W model in terms of obtaining
a better mean square error for the predicted extracellular
output.
Non-invasive techniques of interfacing live neurons to

electronic devices are important because they offer promis-
ing applications in the development of high-throughput
drug screening and toxin detection platforms, devices
exploiting biological computation and neural prosthetic
devices. The efficacy and performance of each of these
applications, in turn, depends critically on the speed with
which the information obtained through a neuroelectronic
interface can be exchanged, decoded and processed. It is
in this context that the use of computationally efficient
parametric ‘data-true’ Wiener modeling for estimating a
nonlinear dynamic model of the neuron–electrode junction
provides a promising and powerful new alternative to the
use of equivalent circuit models and modeling approaches
based on the physics of electrodiffusion for representing
signals recorded through the neuroelectronic interface.

Acknowledgments: Authors gratefully acknowledge
funding and support from the NIH grants R01NS050452,
R01EB005459 and 1R15NS062402, and, NSF-IIS grants
0649736 and 0712869.

References

1. W. L. C. Rutten, J. P. A. Smit, T. A. Frieswijk, J. A. Bielen,
A. L. H. Brouwer, J. R. Buitenweg, and C. Heida, IEEE Engineering
in Medicine and Biology Magazine 18, 47 (1999).

2. K. Varghese, P. Molnar, M. Das, N. Bhargava, S. Lambert, M. S.
Kindy, and J. J. Hickman, Plos One 5, e8643 (2010).

3. D. K. Mohan, P. Molnar, and J. J. Hickman, Biosens. Bioelectron.
21, 1804 (2006).

4. A. Natarajan, P. Molnar, K. Sieverdes, A. Jamshidi, and
J. J. Hickman, Toxicology In Vitro 20, 375 (2006).

5. L. Bousse, Sens. Actuators B-Chemical 34, 270 (1996).
6. M. P. Bonomini, J. M. Ferrandez, and E. Fernandez, Neurocomputing

72, 806 (2009).
7. M. Brittinger and P. Fromherz, Applied Physics A-Materials Science

and Processing 81, 439 (2005).
8. G. Wrobel, R. Seifert, S. Ingebrandt, J. Enderlein, H. Ecken,

A. Baumann, U. B. Kaupp, and A. Offenhausser, Biophys. J. 89,
3628 (2005).

9. M. Pabst, G. Wrobel, S. Ingebrandt, F. Sommerhage, and
A. Offenhausser, European Physical Journal E 24, 1 (2007).

10. M. J. Ignatius, N. Sawhney, A. Gupta, B. M. Thibadeau, O. R.
Monteiro, and I. G. Brown, Journal of Biomedical Materials
Research 40, 264 (1998).

11. D. R. Jung, D. S. Cuttino, J. J. Pancrazio, P. Manos, T. Cluster,
R. S. Sathanoori, L. E. Aloi, M. G. Coulombe, M. A. Czamaski,
D. A. Borkholder, G. T. A. Kovacs, P. Bey, D. A. Stenger, and
J. J. Hickman, J. Vac. Sci. Technol. A-Vac. Surf. Films 16, 1183
(1998).

12. M. Stelzle, R. Wagner, W. Nisch, W. Jagermann, R. Frohlich, and
M. Schaldach, Biosens. Bioelectron. 12, 853 (1997).

13. N. A. Kotov, J. O. Winter, I. P. Clements, E. Jan, B. P. Timko,
S. Campidelli, S. Pathak, A. Mazzatenta, C. M. Lieber, M. Prato,
R. V. Bellamkonda, G. A. Silva, N. W. S. Kam, F. Patolsky, and
L. Ballerini, Adv. Mater. 21, 3970 (2009).

14. A. Mazzatenta, M. Giugliano, S. Campidelli, L. Gambazzi,
L. Businaro, H. Markram, M. Prato, and L. Ballerini, J. Neurosci.
27, 6931 (2007).

15. M. Thein, F. Asphahani, A. Cheng, R. Buckmaster, M. Q. Zhang,
and J. Xu, Biosens. Bioelectron. 25, 1963 (2010).

16. V. Thakore, A. Behal, P. Molnar, D. C. Leistritz, and J. J. Hickman,
Journal of Computational and Theoretical Nanoscience 5, 2164
(2008).

17. Y. W. Lee and M. Schetzen, International Journal of Control 2, 237
(1965).

18. H. Higashida, R. A. Streaty, W. Klee, and M. Nirenberg, Proceedings
of the National Academy of Sciences of the United States of America
83, 942 (1986).

19. J. M. P. Menezes, Jr, and G. A. Barreto, Proceedings of the Ninth
Brazilian Symposium on Neural Networks (IEEE) Citeseer (2006).

20. F. Dan Foresee and M. T. Hagan, IEEE International Conference on
Neural Networks 3, 1930 (1997).

21. M. T. Hagan and M. B. Menhaj, IEEE Transactions on Neural Net-
works 5, 989 (1997).

22. R. Hecht-Nielsen, IEEE International Joint Conference on Neural
Networks 593 (1988).

23. R. Caruana, S. Lawrence, and L. Giles, Advances in Neural Infor-
mation Processing Systems 13, 402 (2001).

24. B. G. Horne and D. R. Hush, Neural Networks 9, 243 (1996).
25. A. Patrikar and J. Provence, Mathematical and Computer Modelling

23, 159 (1996).

Received: 4 January 2012. Accepted: 26 January 2012.

8 J. Comput. Theor. Nanosci. 10, 1–8, 2013


