
A

a
p
a
p
o
n
c
i
©

K

1

c
c
v
n
c
i
f
t
t
t
a
o
2
a
t
2
s

0
d

Journal of Neuroscience Methods 157 (2006) 364–373
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bstract

This paper presents a new technique for analyzing the recorded information from tetrodes in freely behaving rats, based on independent component
nalysis (ICA). The ion-specific pumps and channels allow fast transfer of charges such as Na+, K+, Cl− and eventually Ca2+ during each action
otential (AP). These groups of charges under an electrical field have distinct spatial trajectories. Therefore, the generated signals within a tetrode
re considered to be composed mainly by statistically independent signal sources that can be obtained by performing ICA. In order to compute the
osition of independent sources during AP generation, the triangulation method uses an iterative Newton-Raphson algorithm. The representation

f the independent signal sources in three-dimensional tetrode space is then obtained. Since the charge movements are extensively spread on the
euron’s surface, the representation in tetrode space reveals electrical spatial patterns of activation during each AP. The analysis of several spikes
oming from the same neuron reveals small changes from spike to spike in the 3D shape. Since information within spikes is highly transferred by
onic fluxes these electrical patterns of activation reflect neuronal computation occurring during each AP.

2006 Elsevier B.V. All rights reserved.
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. Introduction

The study of neuronal structure and the relationship to its
omputational mechanisms and function is one of the greatest
hallenges in neuroscience. In neurophysiology, recordings in
itro have explored the detailed electrical properties of single
eurons while in vivo extracellular recordings have attempted to
ombine this with behavior. However, single-electrode record-
ng methods have substantial difficulty in separating recordings
rom multiple neurons. The problem occurs because the elec-
rode tip is surrounded by many neurons and the electrode detects
he electrical events generated by all the neurons and dendrites in
he area. Multichannel electrodes such as tetrodes can effectively
ddress this issue of signal source resolution. Innovative meth-
ds in recording hardware and software with tetrodes (Buzsáki,
004; Hulata et al., 2002; Jog et al., 1999, 2002; Takahashi et
l., 2003; Wilson and McNaughton, 1993) or multi-channel elec-
rode arrays (Bierer and Anderson, 1999; Oweiss and Anderson,

002) have been introduced in an attempt to improve signal
ource separation.
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Tetrode recordings provide a four-dimensional view of every
ncoming signal. These signals arise successively from many
eurons that surround the tetrode tips. Numerous methods have
een developed to manually or automatically classify (clus-
er) these signal sources into putative individual neurons. These

ethods use the significant difference in amplitudes or power
f the action potentials across the four channels of the tetrode,
ermed “stereo effect” (Gray et al., 1995; Jog et al., 2002; Rebrik
t al., 1999) in order to accomplish signal separation.

The role of the dendritic tree was minimized by early work of
amón y Cajal that assumed that AP travels only along axons.
or example, the role of fast prepotentials was still unclear until

he simultaneous application of optical techniques and direct
endritic measurements (Kasuga et al., 2003; Oesch et al., 2005).
ctivity-dependent attenuations in extracellular spike amplitude

ppear during behavior and are dependent on back-propagation
f the action potentials into the dendritic arbor (Quirk et al.,
001). The active back-propagation of somatic action potentials
nto dendrites is highly regulated and mediated by voltage-gated
a+ and/or Ca2+ channels (Häusser et al., 2000; Kerr and Plenz,
002). Dendrites and soma are equipped with several voltage-

ated ion channels that greatly enrich the observed charge flow.
everal studies have pointed out that gated ion channels inter-
ct with plastic changes in the synaptic strength to influence
ehavior (Nolan et al., 2004).

mailto:daur2@uwo.ca
dx.doi.org/10.1016/j.jneumeth.2006.05.003
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Variation in spike directivity can be estimated by using charge
ovement model (CMM) and computing singular value decom-

osition of the estimated 3D trajectory data (Aur et al., 2005).
sing this method we have been able to show that spike direc-

ivity is correlated with behavior. Additionally, by performing
imulation of Hodgkin-Huxley model we proved that informa-
ion transfer takes place within ionic fluxes in each spike (Aur et
l., 2006). Our analysis revealed the fact that mutual information
MI) between input signal and sodium flux is about two times
hat between input signal and output spikes during each spike
ithin a millisecond-level time domain.
Since electrical “communication is computation” (Cover and

homas, 1991) we expect to find in each spike a strong connec-
ion between information, computation and physical appearance
f electrical patterns. Therefore, these patterns generated by
patial distribution of charges seen previously in the form of
ctivity-dependent attenuations (Quirk et al., 2001) or back-
ropagation phenomena (Häusser et al., 2000; Kerr and Plenz,
002) reflect the physics of neuronal computation expressed by
onic flow.

Since CMM gives only a linear approximation of charge flow
n order to understand the physics of computation it is impor-
ant to implement a method able to reveal details of electrical
atterns.

This paper extends CMM further by presenting a novel
ethod in which independent component analysis is used to

etermine details in electrical spatial pattern of activation dur-
ng each AP.

The use of ICA algorithms is not accidental, specifically ICA
echniques are well known for their ability in demixing noisy
ignal sources (Amari et al., 1997; Bell and Sejnowski, 1995;
yvärinen et al., 2001; Lee et al., 2000).
Spatial and temporal patterns measured in extracellular space

eveal “much about the location and timing of currents in the
ell” (Holt and Koch, 1999). Therefore, this information regard-
ng electrical flow can be extracted from extracellular mea-
urements using computational techniques. This paper presents
new method that is able to show spatial patterns of charge

ow from each spike. The charge movement model allows the
escription of the trajectory and main directivity of a spike. By
sing the ICA method this paper advances the CMM method
ubstantially to reveal complex patterns during each action
otential.

A brief overview of the ionic mechanisms of transmission
ithin an action potential is also provided. This is followed by a
ethods section on data collection and analysis techniques that

ave been developed. A results section demonstrates the out-
ome from the methods discussed in the paper. The importance
f this method in addressing neuronal spatial pattern of activa-
ion in an in vivo recording paradigm is then provided. However,
his important method is of general use in the study of electrical
atterns of neuronal activation in vivo and in vitro.
. Ionic mechanisms

Each signal source or action potential (AP) in the neu-
on can be thought of as being generated by charge flow that

u
s
n
2
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ncludes sodium, potassium, chloride and calcium. The signifi-
ant increase in the ionic conductance during the action potential
s generated by an abrupt change in the permeability charac-
eristics of the membrane that for short term becomes more
ermeable to Na+ ions than to K+ ions. The generation of an
ction potential is then the result of an increase in the ionic con-
uctance of the membrane and the activation of voltage sensitive
onic channels.

The propagation of excitation along the dendrites and the
xon of a neuron can be described by a partial differential equa-
ion (Scott, 2002; Toth and Crunelli, 1999):

m
∂V (r, t)

∂t
= α(r)

∂2V (r, t)

∂r2 + β(r)
∂V (r, t)

∂r
− Iionic + Iin(r, t)

(1)

here Cm is the membrane capacitance, and Iin(r,t) represents
he injected current density along the neuron’s membrane. The
oefficients α and β depend on the dendrite’s shape and account
or eccentricity in the dendrite cross-section (Toth and Crunelli,
999). Iionic is the sum of all ionic current densities including
leak in the following equation:

ionic = INa + IK + Ileak (2)

here the currents INa, IK are determined by the ionic flux of
a+ and K+, respectively. After membrane depolarization, Na+

ermeability increases even more therefore an avalanche of Na+

s produced and consequently Na+ ions invade the cell. However,
he process is transient and is accompanied by an increase in the
lready high K+ permeability and by Na+ current inactivation.
mmediately following an action potential there is a time interval
uring which no stimulus can generate a second action potential
nd this time interval is called the refractory period.

Groups of several ionic charges are therefore responsible for
his AP mechanism. A detailed analysis of individual action
otentials recorded from a neuron on the basis of charge move-
ent model could provide valuable insights regarding electrical
ow of information within each neuron, and across chains or cir-
uits of neurons. This can also be achieved in vitro using slice
ecordings and high-resolution techniques using an ultra small
rray of electrodes to observe the electrical activity of neurons
ontrolling the synaptic input of individual neurons (Spencer et
l., 2004). In vivo techniques such as two-photon microscopy
Helmchen et al., 1999), surface imaging and directional anal-
sis in tetrode recordings (Takahashi et al., 2003) have tried to
apture electrical flow during action potential. However, such
ystems cannot determine any impact of behavior on the elec-
rical flow in the neurons. An analysis of electrical flow in an in
ivo system that utilizes behaving animals would therefore be
xtremely useful in order to understand pattern changes within
Ps during behavior.
This paper proposes a novel approach to obtain a repre-

entation for electrical flow of charges during each AP, based

pon an independent component analysis technique. Having
eparated the multiple signal sources into putative individual
eurons using established spike sorting techniques (Jog et al.,
002), our method advances the understanding of the properties
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ig. 1. An example of waveforms measured by the four channels of a tetrode.
isible attenuation called “stereo effect” is present by the difference in ampli-

udes seen across channels.

f individual action potentials assigned to one putative neuron.
he method uses the four-dimensional views (Fig. 1) of every
ction potential generated by tetrode recordings and provides
etails regarding electrical pattern of activation within each
pike.

. Data collection materials and methods

.1. Implantable electrophysiology hardware

The headstage, carrying the tetrodes, is an autoclavable and
eusable lightweight device (ca. 7 g for rat), MRI compatible,
articularly useful for neurophysiological recordings made in
he awake, behaving rodent. The headstage body holds 12 identi-
al microdrives, each microdrive holding a single tetrode (Jog et
l., 2002). The tetrode, which is made of four twisted microwires,
s an extracellular recording microelectrode with four closely
paced recording tips. Tetrodes are independently moved (low-
red or raised) many times over the course of an experiment (Jog
t al., 1999, 2002). However, in a given experiment, the location
f the tetrodes is kept constant.

.2. Surgery

The animals were maintained on feeding restriction not less
han 80% of baseline weight. The animals were anesthetized,
burr hole was drilled for the purposes of tetrode penetration

for Striatum: AP 9.2 mm, DV 5.9 mm, L 3.5 mm) and dura was
emoved. The headstage drive was lowered such that the can-
ula holding the tetrodes just touched the surface of the brain

Jog et al., 1999, 2002). Upon the rat awakening postopera-
ively, the tetrodes were lowered out of the cannula. Tetrodes
ere advanced partially on each day so as to allow the brain to

ettle. The brain targets were reached by day 3 or 4 operatively.
ecordings commenced after this was achieved.

E
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o
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.3. Experimental setup

During experiments, the tetrodes were connected, through
igh impedance fixed gain (100×) preamplifiers to the multi-
hannel interface (Neuralynx© 48) of an acquisition com-
uter. The input signal, taken from the headstage preampli-
er (1–2 mV) was amplified up to 10 V, bandpass filtered
0.3–9 kHz), sampled at 25 kHz per channel and converted to
igital samples (12 bits/sample). Twelve tetrodes (48 channels)
ere used for neural activity recording. The cross-section of the
ottom tip which is not insulated is 10 �m and these tips were
old plated to have impedance between 0.2 and 0.8 M�. Data
ere analyzed offline on a PC computer (Pentium 4, 2.8 GHz,
12 MB RAM) with Matlab-MathWorks, Inc. All the routines
ere custom developed or are freely available on the world-
ide-web.

. Computational methods

.1. Beyond line approximation—three charge model

The approach performed in (Aur et al., 2005) gives the best
inear approximation of charge flow in a selected spike. This
inear approximation is obtained by considering the largest sin-
ular vector and the corresponding “right” singular vector that
epresents direction cosines of the best linear approximation.
he energy contents of the matrix P ∈ �nx3 that contains tra-

ectory coordinates (x(k),y(k),z(k)) is equal to the sum of the
quared singular values. About 20% of the spike energy in real
pikes does not obey this directivity and is included in two addi-
ional directivities represented within SVD. In this view the
pike is completely represented by a three charge model (TCM)
ith their three directivities. This representation of the spike in

etrode space gives more insight of spatial phenomenon than
linear approximation of charge flow. An example that shows

pike trajectory and three directivities is represented in Fig. 2
or a selected spike (Fig. 1).

However the number of charges within each AP is far greater
han three and even TCM is a rough approximation of spa-
ial charge flow. Any group of ionic charges q1, q2, . . ., qN in

ovement that have close enough adjacent trajectories could be
onsidered equivalent to a single charge Q =∑N

i=1qi in move-
ent. Reciprocally the movement of a single ionic charge can

e decomposed in the movement of a group of several charges
hat have adjacent trajectories as a direct consequence of the
uperposition principle effect (Griffiths, 1999).

.2. Why independent component analysis

To reveal the link between spatial trajectory of charges and
tatistical independence of generated signals within an electrode,
simple theoretical experiment is proposed.

Consider three charges q1, q2, q3 in a weak electric field

� = 0.28 V/m. The force acting on each charge is �Fi = qi

�E
i = 1, 3) that can be written �Fi = mi�ai where mi is the mass
f charge and �ai is the acceleration. Given the initial spatial
osition, �r1

0, �r2
0, �r3

0 and initial velocities �v1
0, �v2

0, �v3
0 between 1 and
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Fig. 2. Three charge model representation of spike. The spike trajectory is in
black and the computed directivities of the corresponding three charges (red, blue
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nd magenta arrows) represent the three right singular vectors. Each division is
pproximately 20 �m (for interpretation of the references to color in this figure
egend, the reader is referred to the web version of the article).

m/s, the equations of motion can be integrated numerically:

i = �vi
0 + qi

�E
m

dt (3)

i = �ri
0 + �v dt (4)

nd the trajectories can be plotted (Fig. 3A and B).
For a realistic simulation Gaussian noise is added to the com-

uted output �r. Due to different initial velocities and electrical
eld, charge trajectories describe a parabola in 2D space and
fter 3 ms their position is highly different. The current s1(t)
enerated in a tip of tetrode by drop of potential in a length �l

f the conductor by charge q1 is (Aur et al., 2005):

1

4πε

q1

ra
1(t)

− 1

4πε

q1

rb
1(t)

= s1(t)�l

σA
(5)

m
i
d
r

ig. 3. Simulation of charge trajectories in a weak field �E = 0.28 V/m that generates a
ith initial velocities between 1 and 5 m/s. The three charges q1, q2, q3 and their corres

or nine different charges with initial velocities between 1 and 5 m/s. An increase in in
s less than 10% (for interpretation of the references to color in this figure legend, the
ce Methods 157 (2006) 364–373 367

here ε is medium permittivity, A the area, σ the conductivity
f the conductor and ra

1(t), rb
1(t) are distances from charge to

lectrode ends. For charge q2:

1

4πε

q2

ra
2(t)

− 1

4πε

q2

rb
2(t)

= s2(t)�l

σA
(6)

nd charge q3:

1

4πε

q3

ra
3(t)

− 1

4πε

q3

rb
3(t)

= s3(t)�l

σA
(7)

imilar equations can be written. Here, s1(t), s2(t) and s3(t) rep-
esent the currents corresponding to the three charges q1, q2 and
3 that describe the trajectories magenta, blue and red in Fig. 3A.

The total drop of potential in a length �l of the conductor
an be seen as a linear mixture of these currents:

(t) = a1s1(t) + a2s2(t) + a3s3(t) (8)

here a1, a2, a3 are constants.
However, the medium is complex and this might result in

nisotropic signal propagation. To surmount this issue, for each
iscrete measurement k (k ∈ N) the measured potential V(k) can
e written to depend on currents generated at moment k, and
heir previous history at k − 1, k − 2, . . .:

(k) = a1s1(k) + a2s2(k) + a3s3(k) + a4s1(k − 1)

+ a5s2(k − 1) + a6s3(k − 1) + · · · (9)

Statistical analysis performed over generated currents s1(t),
2(t) and s3(t) is able to reveal the fact that the statistical inde-
endence of these signals is increased if their spatial trajectories
re farther apart. Since almost each ICA algorithm is designed to

aximize information, this statement can be verified by comput-

ng mutual information (MI) values between generated currents
uring the movement of each of the three charges. The details
egarding MI estimation are given in (Aur et al., 2006).

current in an electrode length of �l = 0.6 �m. (A) Simulation for three charges
ponding trajectories represented in magenta, blue and red color. (B) Simulation
itial velocity within each colored clustered trajectories (magenta, red and blue)
reader is referred to the web version of the article).
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For example, the average mutual information I13 between
1(t) and s3(t) is about two-fold higher than the average mutual
nformation I12 between signal s1(t) and signal s2(t). If trajec-
ories are close enough (Fig. 3B) average mutual information
etween signals within each colored clustered trajectories varies
ess than 5%. Both results were obtained under condition that
he signal noise ratio is SNR < 20 dB where “the signal” was
onsidered to be the value �r = �v dt.

A relative comparison of mutual information values reveals
he fact that signals s1(t) and s3(t) are less statistically dependent
nd this type of independence is closely related to spatial sep-
ration between trajectories of charges. During every AP each
harge or more accurately several group of charges that move
ndependently in space (Fig. 3) could be treated as satisfying
certain degree of statistical independence. Therefore, an ICA

lgorithm would perform a transformation of the recorded sig-
als to obtain its components as independent as possible. In this
xample we considered an unfavorable case when charges veloc-
ties and electric field have low values. One may find these values
n active dendrites, during action potential propagation (Saraga
t al., 2003). If velocities and differences between velocities are
igher, then the trajectories are far apart and MI analysis reveals
igher differences between generated signals.

Since the cable equation (Eq. (1)) is a non-linear electro-
tatic diffusion phenomenon (Scott, 2002), the neuron during
ach spike can be described by several signal sources (charges
n movement) distributed in space. The description from Eqs.
5)–(7) that can be generalized for N charges in movement
eveals spatial ionic flow. This electrical phenomenon can be
irectly linked with the drop in potential that occurs in the elec-
rode as described in Eq. (8).

We had some doubts initially regarding ICA performance.
herefore, before using ICA in this experiment, we performed
everal tests in case of several mixed speech sources with back-
round noise, using fewer microphones than sources of signal.
he ICA outcome can easily be interpreted in this case. Before

he test, none could figure out what speakers were talking about.
fter performing ICA, each channel that was “statistically inde-
endent” proved to be a speaker.

In this application, instead of speakers there are charges or
roup of charges that have statistically distinct “voices” if their
rajectories are far apart. Instead of microphones, recordings are

ade by tetrode tips where charges generate potential differ-
nces during their movements.

Therefore the main role of ICA in tetrode experiment is to
btain the signals generated by charges or group of charges in
ovement during AP. Charges that have far apart trajectories
ill generate “statistical independent” signals in electrode.

.3. Spike representation—N charge model

The charge movement model is considered to be the basis of
sing independent component analysis for the recorded action

otential. Measurements of inter-tip distances from tetrodes
how that the average spacing between tips is approximately
0 �m with a measurement error of approximately 3 �m for
ach tip. (Jog et al., 2002). We assumed this inter-tip distance of

c
i
c
s
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0 �m in computations. Since the computations are performed
or spikes within the same frame of reference, a relative change
n electrical patterns between spikes can be perceived and there-
ore the relative position tetrode-neuron is not required. This
ype of analysis was performed and explained in detail in our
revious paper (Aur et al., 2005).

Several phases of data processing are required to obtain a
D image of the neuronal spike. The first phase involves stan-
ard signal filtering and positively triggered data capture during
cquisition. Since this phase is a standard electrophysiological
echnique, it will not be discussed further. The second phase,
nown as spike sorting, uses template matching and K-means
lustering analysis in order to find the prototype spikes PK, k ∈ N
discussed in detail in Jog et al., 2002). As the closest neurons to
etrode tips generate the strongest signal, the third phase consists
n sorting the prototypes PK in decreasing order of their ampli-
ude. The next phase performs computations for localization of
he estimated independent signal sources in the “tetrode space”
Aur et al., 2005) for the prototypes PK that defines the neuron
losest to tetrode tips.

Once the data has been separated into putative individual neu-
ons or clusters, each spike from the neuron is analyzed in detail.
ach spike within every cluster has four waveforms associated
ith it, one from every channel of the tetrode labeled (t1,t2,t3,t4)

Fig. 1). Eq. (10) can be then rewritten for each spike data:

= Ms + v (10)

here x ∈ Rm is data obtained from tetrode tip, M ∈ Rm×n mix-
ng matrix, s ∈ Rn signal matrix and v ∈ Rm noise signal vector.
he two most commonly used techniques that can provide an

nternal model of the data include principal components analy-
is (PCA) and independent component analysis (ICA). If the
oise signal vector is null, ideally we would like to find a
ransformation:

= As (11)

here AAT = I that estimates the source signal s from the cor-
esponding linear combination matrix. A weaker form of inde-
endence is “uncorrelatedness” for which PCA is a statistical
ethod that determines the optimal linear transformation. In the
CA case, the rows of the matrix A are the eigenvectors of the
ovariance matrix

∑
xx of the data matrix. In our case, columns

f A, aj (j = 1, 2, . . ., n) could be a basis set for a subspace
⊂ Rm×n and its dimension Dim(�), is equal to r, the number

f vectors in the basis set. If noise is assumed to be purely ran-
om, the directions where the data variation is maximal could
e used for an internal model. Then, the coordinate y in the new
asis is given by

= (ZTZ)
−1

ZTx (12)

ere, Z is the estimate of M from Eq. (11) and if M is a square
atrix the inverse could be computed directly. In the general
ase when M is a nonsquare matrix the Moore-Penrose general-
zed inverse of Z is a unique matrix which satisfies the Penrose
onditions (Tian, 2004). It is interesting to note that PCA repre-
ents a special case of ICA under the constraints that matrix A
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s restricted to rotations, A−1 = AT and the signal has a Gaussian
istribution. However, it is known that PCA does not always
roduce the best result in the sense of recovering sources from
he mixed signals and that higher-order methods are necessary
o find more meaningful transformations. In this sense ICA, as

higher-order generalization of principal components analy-
is, separates statistically independent components in the inputs.
ince independence implies uncorrelatedness, many ICA meth-
ds constrain the estimation procedure so that it always gives
ncorrelated estimates of the independent components.

Developing ICA involves three distinct phases: the prepro-
essing of the data, the computation of a non-gaussianity mea-
ure and optimization of an objective function (Sanchez, 2002).
he preprocessing phase commonly utilizes data centering and
ata whitening. Measures of non-gaussianity are kurtosis, dif-
erential entropy, negentropy and mutual information. Using
easures of non-gaussianity the ICA algorithms are able to

eparate statistically independent components in the inputs: a
igher-order generalization of PCA (Amari et al., 1997; Bell
nd Sejnowski, 1995; Lee et al., 2000). The aim of ICA is to
nd the estimate of signal sources s and the corresponding linear
ombination matrix A. Similar to the PCA case, an independent
omponent basis set could be computed.

The identifiability of the model from Eq. (12) can be assured
f the number of observed linear mixtures is at least as large as
he number of independent components. However, it was proved
y Cardoso (1991) that even in the case where m < n, the mixing
atrix is identifiable. Writing y for the estimate of s, and Z for

he estimate of M from Eq. (11) is equivalent to

= Z−1x − Z−1ν (13)

In the general case the noise effect can be reduced by a soft
hreshold.

To obtain independent component estimation we used exten-
ively the FastICA algorithm (Hyvärinen et al., 2001). Almost
ach ICA algorithm designed to maximize information is able
o provide a 3D image representation of spikes in tetrode space.

e have extensively tested several ICA algorithms; however a
etailed analysis of ICA algorithms is beyond our purpose in
his paper and will be discussed further elsewhere.

Since the collected data are recorded at low frequency
25 KHz) for each spike less than 32 points can be represented
n 3D tetrode space. The best way to increase the number of
epresented points is to use a higher frequency for recording the
ata. If the sampling frequency is 10 times higher there will be
bout 320 values recorded for each spike and therefore a bet-
er resolution for each 3D spike image. However, since many
ecordings are performed at this low frequency, in order to have
better resolution of the physical phenomenon, a cubic spline

nterpolation may be performed in advance. Interpolation has
wo major effects on recorded data x. First, it acts like a filter.
hen, by increasing the number of points in the data, interpo-
ation sensibly improves the resolution. However, as presented
elow this increasing in the number of points in noisy data has to
e kept at reasonable values to maintain the error of interpolation
nder a certain limit.

a
t

Fig. 4. Flow chart for spike representation algorithm.

Since the charge flow during AP is generated along den-
rites and neuron’s axon one can establish the position of several
harge sources in the three-dimensional space using the follow-
ng algorithm:

(a) Determine the transformation Z0 = arg min
z

||yi −
(ZT

i Zi)
−1

ZT
i xi||, i = 1, 2, 3, 4;

b) Construct T1 = (ZT
0 Z0)

−1
ZT

0
(c) Calculate yi = T1xi i = 1, 2, 3, 4 for every channel
d) Construct the transformation T2, as the law of cosines

ui = T2(yi) (Aur et al., 2005; Griffiths, 1999).
(e) Construct the non-linear function F that relates ui to geo-

metrical tips position as presented below (Jog et al., 2002).
(f) Compute the position pk of electrical sources in the “tetrode

space”.

Practically speaking, one may extend the triangulation prin-
iple of determining the spike position for independent compo-
ents obtained after ICA algorithm is performed (Fig. 4). In this
ase using the values of ui from each of the four tips, indepen-
ent signal source positions can be found at the intersections of
our spheres (Jog et al., 2002). The non-linear system can be
ritten in the form:

ui0

ui1
= (x − x1)2 + (y − y1)2 + (z − z1)2

x2 + y2 + z2 (14)

ui0

ui2
= (x − x2)2 + (y − y2)2 + (z − z2)2

x2 + y2 + z2 (15)

ui0

ui3
= (x − x3)2 + (y − y3)2 + (z − z3)2

x2 + y2 + z2 (16)

here xj, yj, zj, j = 1, 2, 3, 4 are the coordinates of the four channel
ips. For each channel ui = T2(yi), i = 1, 2, . . ., 4 one may write
he Eqs. (15)–(17) as a non-linear system fj(x,y,z) = 0, j = 1, 2,
where F = (f1,f2,f3). The iterative Newton-Raphson scheme is

sed to find a solution for the non-linear system:

k+1 = pk − J−1F (pk), k ∈ N (17)

here the Jacobian J of function F is

=

⎛
⎜⎜⎜⎜⎜⎜⎝

∂f1

∂x

∂f1

∂y

∂f1

∂z

∂f2

∂x

∂f2

∂y

∂f2

∂z

⎞
⎟⎟⎟⎟⎟⎟⎠

(18)
∂f3

∂x

∂f3

∂y

∂f3

∂z

nd pk are the positions of independent sources projections in
he tetrode space. Clearly, the position of independent sources
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s determined when there is a solution pk+1 for the non-linear
ystem (Brenan et al., 1989). Each spike is more or less a super-
osition of several sources of signal. Since generated signals in
lectrode correspond to charge movements the APs from distant
eurons are highly attenuated as results from the analysis of Eq.
5) and therefore are filtered out by ICA and Newton-Raphson
lgorithms.

. Results

We analyzed recordings from more than 20 tetrodes. Spike
orting produced an average of five clusters per tetrode. Each
etrode provided one or two neurons that had large enough
mplitudes that could be used for this analysis. These neurons
orresponded to those that were closest to the tetrode and had
he best signal profiles. After a cubic spline interpolation, the
our-dimensional data for each spike was used to estimate the
orresponding independent components. The final result was to
nd the positions of several groups of charges in the tetrode
pace during each spike that reveals electrical patterns of acti-
ation during each AP.

Our algorithm was tested for an artificially generated spike.
he method to obtain artificial spikes is to move a single or
roup of charges in the proximity of tetrode tips. Such an exper-
ment can be easily performed by using computer simulations
nd has been presented in detail (Aur et al., 2005). Dependence
f mean absolute percentage error for cubic spline interpolation

De Boor, 1978) over the noise level is displayed in Fig. 5. If
he number of points is increased less than five times, the mean
bsolute percentage error is maintained under 3% for a signal
oise ratio greater than 25 dB (SNR > 25 dB).

ig. 5. The dependence of percentage error over SNR for a cubic spline
nterpolation. The number of points was increased by four in a charge move-

ent model simulation. Mean absolute percentage error is computed MAPE =
/N
∑

i=1,N
|yi − yint r

i /yi| × 100 where yi are data obtained from simulation

nd yint r
i are data obtained from spline interpolation. Red circles are the com-

uted MAPE values obtained from several simulations with decreasing SNR
hile the blue curve represents the optimal non-linear approximation (for inter-
retation of the references to color in this figure legend, the reader is referred to
he web version of the article).
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hile simulated charge movement was linear (for interpretation of the refer-
nces to color in this figure legend, the reader is referred to the web version of
he article).

The representation of the estimated independent components
or a single charge in movement is shown in Fig. 6. Gaus-
ian noise was added to simulate recorded signals from real
etrode measurements. Even though the movement of the simu-
ated charge is linear the computed charge trajectory in “tetrode
pace” is bent. Next, the trajectory “image” is obtained from
CA components by the described computational process. The
on-linearity introduced by the computational equations has this
mirror effect” on the representation in the tetrode space. Since
his “charge in motion” describes, in real space, a linear tra-
ectory, it could very well define an electric cable or any other
onducting device where charges are moving. In the case of
etrode data, such a trajectory computation as demonstrated by
ur methods can be viewed as representing an actual cable level
mage of the spiking neuron. This image however will appear
ransformed, specifically bent as we have shown.

Imagine seeing the real environment in a parabolic mirror.
bjects appear deformed and sometimes would be hard to fig-
re out as to what they do represent. Therefore, an attempt to
econstruct “the real physical space” would be more useful to
isualize the results in the same way we are used to.

A bent representation of the estimated independent compo-
ents from a real recorded action potential is shown in Fig. 7,
hile another view for the same AP is shown in Fig. 8. In these
lots the tips of the tetrode are represented by colored diamonds
tarting with red for the first channel, green, blue and yellow
or the second, third and fourth channel of tetrode, respectively.
ach dot represents an estimated independent component which
an be visualized potentially as group of electrical charges in
ovement.
The spatial shapes for several successive AP from the same
euron are slightly different. Differences in the amplitude and
idth of AP are highly visible even in single-electrode record-

ngs but coherent explanations about the causes of this phe-
omenon have not been advanced. Now, viewed by tetrodes as
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Fig. 7. Bent representation in tetrode space of electrical pattern of activation
based on ionic flux. Each division on the axes is approximately 20 �M.
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ig. 8. 3D-view of electrical pattern of activation during an action potential.
his representation tries to “de-bend” the directivity. Each division on the axes

s approximately 20 �m.

flux of charges, spikes are clearly not the same. More impor-
ant in this story is that 3D spike representation may show an
ctivation mechanism that controls electrical flow in each spike
esponsible for neuronal computation. This phenomenon of elec-
rical flow control in spikes may be well associated to synaptic

odulation and learning phenomena.

. Discussion

Neurons function to transduce information via electrochemi-
al mechanisms during behavioral tasks, acting as units perform-
ng several transformations on incoming signals. Since many
esults cannot be extrapolated from an in vitro scenario to the
orld of behaving animals, a method that can examine the

etailed properties of neuronal activity in vivo would therefore
e extremely valuable. Application of the methods suggested in
his paper to extracellular recordings sheds a light on electrical
rocesses within neurons during each spike, in vivo. Intracel-

c
e
fl
t

ce Methods 157 (2006) 364–373 371

ular recordings in behaving animals could also provide similar
nformation (Fee, 2000). However, this technique is extremely
ifficult to apply, uses only one electrode and therefore can be
ery limited in perceiving spatiality of electrical phenomenon.

The method proposed in this paper uses established, tetrode-
ased multichannel extracellular recordings in order to provide
lectrical spatial patterns of activation during each spike in freely
ehaving animals. This data analysis technique can be used by
ny system that can capture a neuronal spike signal simultane-
usly in four views, i.e., in a system where the four tips of the
ecording device are close together. The 3D image representa-
ion of the spike is possible because virtually each phase in our
lgorithm filters the recorded data. Starting from real hardware
ltering in the preprocessing phase, ICA and finally the projec-

ion in the tetrode space by Newton-Raphson algorithm could
ll be considered filtering stages.

Besides 3D spike representation, the value of this technique is
hat it creates a potentially useful method to study the phenomena
f learning and information flow in a neuronal network. For
xample, different dendritic activation patterns observed during
ach spike shows a spatial coding phenomenon that reflects in
act the physics of neuronal computation expressed within ionic
ow.

From a mathematical perspective, computation is processing
f information based on a finite set of operations or rules. Com-
utation is mathematically defined by inputs, set of rules and
utputs. In a simple computation, such is an arithmetic opera-
ion a + b = c, the inputs consist in values ‘a’ and ‘b’, the rule is
+ ’ and the output is ‘c’. However, to obtain the output value ‘c’
n a computer each quantity ‘a’, ‘b’ and ‘c’ need to have a phys-
cal correspondence. (e.g. current, voltage, etc.). We know that
lectron fluxes are responsible for fluctuations in voltage or cur-
ents. Therefore, the physical essence of classical computation
s based on electron movement that obeys the laws of physics.
uch an approach in this field began in the 1960s with Landauer

heory regarding information principles and was continued with
eynman lectures in computation.

In similitude, in each spike a physical correspondence for
nputs, set of rules and output can be revealed. We understood
his issue after we performed several simulations on Hodgkin-
uxley (HH) model computing mutual information. Our anal-
sis shows that mutual information between input signal and
odium flux is about two times that between input signal and
utput spikes during each spike (Aur et al., 2006). Since mutual
nformation between input stimuli and sodium fluxes has these
igh values, then the incoming sodium fluxes can be considered
uring each spike to be the inputs. The set of rules in each AP are
escribed by physical laws of motion that govern the movement
f charges. Finally, the outputs can be considered to be in the
orm of outward K+ fluxes.

For simplicity, in the above discussion we only considered
he fluxes of sodium and potassium. However, in each spike
everal charges of Na+, K+, Cl− and eventually Ca2+ perform

omplex computation obeying physical laws. The APs are gen-
rated by the opening and closing of channels that allow the
ow of several charges. Channels are stochastic in nature and

heir conductances can also be reflected as a probability of their
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pening. Since information-processing is based on ionic fluxes
he “code” within each spike can be extremely complex and our
pproach is a step forward in understanding this computational
echanism.
Therefore, the main application of this method consists in

ssociating computations with spatial electrical patterns in each
pike. Since levels of electron movements have been already
xploited in classical computing, here, the bio-physics of spike
omputation is reflected in spatial distribution of ions evidenced
y the “image” of spatial patterns during each AP. The power
f spike computation is given by high values of information
ransferred from stimulus to ionic fluxes. This analysis is a step
orward in rethinking neuronal computation beyond the spike
iming paradigm.

The complexity of the relationship between computation,
nformation transfer and biological properties of neurons can
ndeed be seen to occur at various scales. At the most funda-

ental level, the computation and information transfer occurs
n the basis of the dynamics and distribution of different ionic
uxes during the AP (Aur et al., 2006).

The second level at the cell scale involves spike coding usu-
lly viewed in the time domain. Known examples are well
tudied involving rate coding or spike coding (Gerstner and
istler, 2002; Maass, 1997) that have been the premise of the

trong development of artificial neural networks and artificial
ntelligence. This level of transfer can occur at the ensemble
evel where groups of neurons can be seen to encode for com-
lex behavior (Barnes et al., 2005; Jog et al., 1999; Wilson and
cNaughton, 1993).
A moderate analysis has been developed for the third level

r “wave coding” as the final achievement of group of neu-
ons in human fMRI studies (Cerf-Ducastel and Murphy, 2003;
oellinger et al., 2001).

There is a strong relationship between all these three observ-
ble levels of communication methods that confer strong infor-
ation handling capabilities for neuronal networks. However

his important and significant informational and computational
ower comes from the dynamics of different ionic fluxes during
he APs.

Since multichannel data provides information from many
eurons simultaneously, the properties of several neurons and
he patterns of information processing within them can be stud-
ed over a time period, and potentially correlated to the behav-
oral paradigm. Investigation of learning may relate this vari-
bility of electric flow in neurons with behavior during freely
ehaving experiments in animals. Starting from this point of
iew, the analysis of electrical events in neurons during AP in
ivo has potentially great significance and offers a new oppor-
unity for improving our understanding of brain functions.
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Abstract Natural systems can provide excellent solutions

to build artificial intelligent systems. The brain represents

the best model of computation that leads to general intel-

ligent action. However, current mainstream models reflect

a weak understanding of computations performed in the

brain that is translated in a failure of building powerful

thinking machines. Specifically, temporal reductionist

neural models elude the complexity of information pro-

cessing since spike timing models reinforce the idea of

neurons that compress temporal information and that

computation can be reduced to a communication of infor-

mation between neurons. The active brain dynamics and

neuronal data analyses reveal multiple computational lev-

els where information is intracellularly processed in neu-

rons. New experimental findings and theoretical approach

of neuroelectrodynamics challenge current models as they

now stand and advocate for a change in paradigm for bio-

inspired computing machines.

Keywords Artificial general intelligence � Brain

computations � Machine learning � Neuroelectrodynamics �
Neural correlates of consciousness

Introduction

At this moment, several scientists agree that an exponential

increase in computer power or stored information does not

automatically generate intelligent systems. Current artifi-

cial systems are far from matching human skills and

intelligence. There are many questions regarding the link

between neurophysiological processes, behavioral or cog-

nitive aspects, and artificial intelligent systems. How is the

world perceived in the brain, how do we store new mem-

ories? Can a current computer acquire a full range of

mental capabilities? Is there a set of computational rules

which can formalize human understanding? Are there

truths only recognizable by the human mind? Can a direct

equivalence between algorithm building and artificial

intelligence be found? Can an intelligent system be built

via detailed brain simulations? What is intelligence? Are

there specific principles of AI that can be universal (gen-

eral)? Is there a relationship between how computation is

performed and intelligence? Finally, does computational

capability or the models of computation count?

Many issues in understanding how computations are

performed in the brain are generated by current reductionist

models that mislead regarding computational power of

neurons. This paper highlights a different paradigm, a

different model of computation that shapes information

processing in the brain.

Computation by Physical Interaction

Interactions can be often perceived in any natural system.

From weak gravitational forces that keep the planets in

their orbits to strong fundamental forces that bound the

quarks together in protons, all these interactions model the

world that we know today. The entire universe has been

assimilated with a computing machine, a quantum com-

puter [1], or a digital computer [2] that follows simple

Turing machine rules [3]. Early theoretical ideas that

computing is interaction came from Richard Feynman and

Robin Milner [4–6] and have been further developed by

Wegner and Goldin [7, 8]. However, these models have
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received little attention from scientific community com-

pared to Turing models. Since natural interactions lead to

changes in physical fields, then alterations in electrical or

gravitational field can be interpreted as states of an

evolving computing machine (Fig. 1). All these natural

models of computing by interaction allow stronger com-

putability power than classical models [6, 9].

However, the mainstream of computational neurosci-

ence and neural computational modeling focuses on spike

timing dogma (STD) with well-known temporal features,

firing rate [10] interspike interval (ISI) [11, 12] or spike

timing-dependent plasticity (STDP) [13] where informa-

tion is compressed in the temporal domain. The neurons

simulated in networks as temporal computing machines

represent strong reductionist models of developed compu-

tations in the brain.

The Failure of STD and Temporal Computing Machine

Regarded as a universal truth, STD does not need to be

disputed or doubted in neuroscience. Extensive brain

recordings and mathematical models are just needed to

reinforce the temporal behavior of computing machine.

However, the relationship between temporal patterns and

information storage is missing (see the dilemma of syn-

apses [14]). The neuron model becomes an information

bottleneck that compresses any received information

(Fig. 2a) [15]. Additionally, the integrate-and-fire model is

‘‘good enough’’ and even performs better in simulations

than the Hodgkin Huxley model [16]. This incomplete

knowledge from neuroscience misleads regarding several

levels of computation that exist in neurons.

In a reductionist manner, all neural computational models

compress temporal information. However, within biological

cells, intracellular processes are always directly involved in

information processing. The roots of intelligent action lie

deep in information processing performed by single cells

[17]. A classic example is Paramecium; it can swim around,

avoid obstacles, and find food without any synaptic con-

nections or spiking [18]. Without delivering spikes within a

millisecond range, simple organisms show decision-making

abilities [19]. Since electrophysiological recordings focus on

temporal patterns, most analyses elude any subtle changes,

electrical patterns that occur in neuronal spikes [20, 21].

However, these changes can be evidenced within sub-mil-

liseconds during each generation of action potential [22].

While the role of computation in cognition is important [23],

the failure of current neural models to provide an under-

standing of mind in computational terms is clear [24]. Con-

trary to the mainstream analysis of temporal patterns, recent

models reveal complex electrical behavior of neurons at a

subcellular scale directly involved in information processing

[25–29]. This view is reinforced by experimental results [20–

22, 30] and recent progress in understanding computations in

the brain using a different paradigm [14]. The action

potential (AP) is not so all-or-none event. The neuron

‘‘speaks’’ during a very short time, in less than a millisecond

during AP generation. Therefore, in order to understand the

neuron’s language (meaning, semantics), one needs to

carefully listen the ‘‘words’’ with adequate techniques. Spike

directivity (SD) is a computational tool that provides infor-

mation regarding spatial distribution of electrical processes

developed in the neuron during a generated action potential

[20, 21].The variability of recorded AP shapes is transformed

into the variability of vectors that quantify changes in tran-

sient charge density during AP propagation [21]. Therefore,

during a spike, the spike directivity vector reveals the elec-

trical outcome determined by complex microscopic inter-

actions inside the cell and therefore SD reflects changes in

intracellular computations.

While temporal features carry little information about

object categories, behavior, or semantics, the transient

charge density within spikes and resulting spike directivity

patterns (Fig. 4a) reveal hidden information and provide

better results in discriminating behavioral changes during a

procedural T-maze tasks [14, 22, 31] or categories of visual

object recognition [30]. Since generated spikes from a

single recorded cell can carry different information

regarding behavioral semantics or presented objects spikes

cannot be added, averaged (e.g., mean firing rate) without

loosing meaningful information.

Fig. 1 The brain and the

universe share similar physical

laws where physical interaction

defines a form of computation
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Neuroelectrodynamics: Brain Computing is Interaction

The brain is a computing machine that uses electrical

charges and their interaction to read, write, and process

information. Since information can be stored in a distri-

bution of electric charges, throughout the neuron within

soma, dendrites, and axonal branches, most macromolec-

ular structures (e.g., proteins) embed information [32].

The process of computation by interaction can be

modeled on a digital computer using so-called computa-

tional cube (Fig. 3a) [14]. The dynamics of electric charges

and their interaction are described by difference equations,

and particle swarm algorithms required to perform opti-

mization and discriminate between several presented ima-

ges. This model of developed interaction shows that more

information can be embedded in a spatial distribution of

electric charges rather than in the temporal behavior of

spikes. Therefore, the effect of changes in molecular

structure, molecular interactions has to be reconsidered and

incorporated as integral parts of ‘‘neural computations’’ in

addition to extracellular fields. The electrostatic properties

of biological molecules are important and are determined

by their charge-density distribution. The electrostatic

effects are ‘‘felt’’ by surrounding biomolecules, ions, and

other macromolecular formations [27, 33]. While protein

dipole moments can be obtained experimentally for small

proteins, the calculation of dipole moments can be theo-

retically achieved knowing the three-dimensional position

of all atoms [34, 35]. Therefore, during transitory events,

information regarding the distribution of atoms/charges can

be seen to be embedded in a vector representation of the

dipole moment (Fig. 4b). Additionally, protein character-

istics are sensitive to changes in the electric field generated

in the surrounding environment, which can alter protein

conformational characteristics, formation of complex pro-

tein aggregates, and intrinsic interactions with other mol-

ecules and bonding.

Neuroelectrodynamics describe computation as an

ongoing process shaped by the dynamics and interactions

of electric charges in the brain. The process of interaction

can be evidenced during action potentials and synaptic

spikes since transient electrical patterns occur in each

generated spike. Intrinsic information processing is related

to physical machinery able to alter the dynamics of electric

charges and their spatial distribution at molecular level.

The dynamic rearrangement of electric charges in space, in

macromolecular formations can be seen as the ‘‘coding

phase’’ where information is written in the structure. At

molecular level, the spatial rearrangement of charges is

regulated by changes in gene expression, protein folding,

alterations in electric field, polarizations or the effect of

hormones, and neurotransmitters. This new model of

interactive computation developed intracellularly within

every spike is fundamentally a non-Turing phenomenon.

The occurrence of electrical patterns in spikes [20] is a

result of different regulatory mechanisms from gene

selection/expression, DNA computations to membrane

properties involved in computation. Therefore, information

processing in the neuron requires a combination of differ-

ent forms of computation where electrical interactions have

an integrative role bringing several mechanisms of infor-

mation processing together.

There is a close relationship between coding and

decoding information. Since a certain spatial distribution of

electric charges alters the local electric field then, local

dynamics of electric charges are influenced by these

changes (Fig. 2b). A reciprocal relationship between cod-

ing (writing information) and decoding in terms of ‘‘read-

ing’’ information does exist and is reinforced in

neuroelectrodynamics. Therefore, the ‘‘decoding phase’’

can be revealed by a preferential spatial occurrence of

electrical patterns and transient charge-density dynamics of

neuronal or synaptic spikes. These transient changes occur

selectively in neurons involved in information processing

0.44

a b

Fig. 2 Any computational system has to access the memory to write

(code) and read (decode) information. a The spike timing neuron

compresses temporal information. b The processing and exchange of

information are intracellularly hidden; neurons do not compress

information in temporal domain. Schematic representation of com-

puting by interaction, the protein structure in the cell, and electric

interactions provide ‘‘direct’’ access to stored memory. Information

can be quickly read and written during electric interactions
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and provide significant evidence regarding changes in

behavior or object recognition [14, 29].

Neuroelectrodynamics, Semantics, and Consciousness

The transient charge density that occurs during a milli-

second time of AP generation is a result of local interac-

tions within neuron and provides more information

regarding behavioral semantics than temporal patterns [29,

30]. In this case, the resulting semantics are an outcome of

computation by interaction. On the other hand, con-

sciousness characterized as a ‘‘major puzzle confronting

the neural view of the mind’’ [36] has received a lot of

attention over the past years. Using fMRI signals, He and

Raichle [37] hypothesized that slow cortical potentials

(SCP) with frequency bandwidths below 1 Hz are deter-

minant characteristic to the ‘‘emergence of consciousness’’.

This view opposed to an earlier hypothesis advanced by

Crick and Koch [36] where only frequencies close to 40 Hz

are critical to awareness and consciousness. A later

hypothesis [38] points to a different direction where ‘‘the

exact timing’’ of spikes influences ‘‘the competition’’ and

relates to neural correlates of consciousness.

Indeed, the phenomenon of consciousness requires a

scientific explanation. However, the above explanation

does not seem to come from spike timing models with

millisecond precision, it involves an understanding of

subtle significant changes of electrical interactions and

charge dynamics in specific brain regions. In this case, the

fundamental level of computation seems to be carried by

the dynamics and interaction of electric charges and can be

revealed using simultaneous recordings of action potentials

and local field potentials from human patients or animal

models of epilepsy [39].

The process of interaction between incoming informa-

tion carried by electrical field, ionic fluxes in spikes, and

preexisting polarizations within macromolecular structures
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Fig. 3 The representation of

computational cube and

generated electrical patterns in

space and in time adapted from

[14]. a The transitory dynamics

that occurs during a spike can be

approximated with a vector and

is a result of interaction between

moving electrical charges

(e.g., ions Na?, K?) and the

distribution of charges within

intracellular space

(macromolecules, proteins).

b The temporal spike-like

behavior within a computational

cube embeds little information

regarding presented images
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Fig. 4 Electrical patterns occur at different scales. In action poten-

tials, electrical patterns are not random but they reflect intracellular

information processing and are related to behavioral or cognitive

events [22, 30]. a Schematic representation of a scaled neuron

included in a unit sphere. Spike directivity vector in red color is a

reflection of transient density distribution of electric charges during

AP propagation. b Schematic representation of a protein and the

generated dipole moment p~ in red arrow (Color figure online)
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(where memories are stored) is strongly regulated. At dif-

ferent levels, the spiking activity is controlled and the

fundamental frequency is locally continuously maintained.

However, during or even before the seizure, in specific

epileptogenic regions, reaction diffusion phenomena [40]

and nonlinear electric interactions can lead to local internal

resonances and chaos generation in the brain. Similar

phenomena shape the planetary dynamics and can be

expressed by using similar mathematical models [41]. The

model of interaction in the brain can be simply described

using the Hamiltonian formalism of electric charges

motion [42]:

dq

dt
¼ oH

op
and

dp

dt
¼ � oH

oq
ð1Þ

where p ¼ _q and can be rewritten in the form of action

angle variable:

H ¼
X

I¼1;N

H0ðIiÞ þ eVðI1; I2; . . .IN ; h1; h2; . . .hNÞ ð2Þ

N represents the degree of freedom and H0 is the

unperturbed dynamics (non-interacting charges) [43]. The

presence of perturbation leads to the following condition

for internal nonlinear resonances [43, 44]:

n1x1ðI10Þ þ � � � þ nNxNðIN0Þ ¼ 0 ð3Þ

where n1,…, nN are natural numbers. If the perturbation

energy is higher than the energy difference between the

two closest unperturbed resonant orbits [45]:

DHi [ Eiþ1 � Ei ð4Þ

chaotic dynamics develops. Indeed, chaos can naturally

develop in Hamiltonian systems with many degrees of

freedom that describe the motion of charged particles in

electric field (Arnold diffusion, resonance overlap) and is

locally maintained in the brain if neurons do not fire or

have a very low firing rate [42].

Significant local changes in the dynamics of electric

field precede and last after each seizure. Since significant

changes in neuronal activity determine alterations in elec-

tric field that can be revealed using complexity measures,

this phenomenon provides a scientific explanation for

neural correlates of consciousness that may involve subtle

quantum aspects [25, 46]. Close to random processes,

longer periods of chaotic dynamics impair information

processing and transmission during preictal and postictal

states (Fig. 5a). The analysis of complexity measure shows

that consciousness is a result of complex interactions that

provide ‘‘integrated information’’ [47, 48]. If these inter-

actions are too weak (the cells do not fire), information

cannot be intracellularly ‘‘read’’ or ‘‘written’’ and therefore

cannot be integrated. Excessive strong interactions deter-

mined by aberrant simultaneous firing during the epileptic

seizures can generate excessive order that impairs infor-

mation processing and integration. Altered states of con-

sciousness can occur during the seizure when ‘‘excessive

order’’ is generated by extended electrical resonances.

Therefore, rhythmic neuronal firing that constrains the

frequency range of oscillations is required to maintain the

conscious state (Fig. 5b).

An increase in the amplitude of low-frequency band-

widths (\1 Hz) reflects local chaotic diffusion while higher

frequencies characterize synchronous neuronal activity or

abnormal extended electrical resonant regimes ([150 Hz).

Therefore, maintaining and regulating a fundamental

bandwidth of frequencies is critical (Fig. 5b). The occur-

rence of high-energy spectrum in different atypical

rhythms, very slow cortical waves, or very strong high-

frequency harmonics ([150 Hz) represents markers of

dysfunction.

Toward Bio-Inspired Computers

The entire biophysical model of the brain is built to

maintain continuous interactions in the system to integrate

different sources of information. A simple analysis of

biological neural networks identifies two different types of

interactions. During spike activity, ‘‘strong’’ interactions

intracellularly occur within dendrites, soma, axon while

‘‘weak’’ forms of interaction between neurons can be

described by synaptic and non-synaptic interactions (e.g.,

electric field). These interactions that intracellularly occur

can be related to the mechanism of neurotransmitters action

or different activities in astrocytic glial cells. The general

framework of temporal coding approximates only a small

part of weak interactions and ignores strong interactions

that occur within cells. In general, temporal patterns pro-

vide an approximation of ‘‘weak’’ interactions. In addition,

not all interactions can be described by weight type con-

nections [49]. Therefore, following the spike timing

dogma, intracellular interactions were simplified to rein-

force the temporal coding hypothesis. From a computa-

tional perspective, strong interactions have to be

reconsidered. These intracellular interactions are built

using at least three major regulatory loops that are strongly

interconnected. The fundamental loop of electric interac-

tions is modulated by neurotransmitter systems and genetic

regulatory mechanisms of protein synthesis (Fig. 6) [12].

The process of gene regulation (transcription) involved in

protein synthesis can be mathematically modeled by sys-

tems of differential equations:

_x ¼ NvðxÞ ð5Þ

where x are the concentration variables, v the reaction

rates, and N is the stoichiometry matrix [50, 51]. The

changes in gene regulation are essential to individual
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neuron function, include enzymatic reactions and may

determine protein synthesis and degradation. Slow vari-

ables are typically total protein concentrations, while fast

variables describe metabolites and biochemical complexes.

The Eq. 5 can be rewritten to include slow variables xs, Ns,

vs, and fast variables xf, Nf, vf [51]. In general, important

effects generated by fast and slow changes in electric field

were neglected; however, experimental work has shown

that gene expression and protein synthesis depend on

electromagnetic interactions [52–54]. These results show

that information encoded in DNA/RNA might have been

selected and ‘‘written’’ in the molecular structure by

changes in electromagnetic field.

Many neurotransmitters modulate neuronal activity and

are involved in information processing by changing the

nature of molecular interactions. Fast-acting neurotrans-

mitters have effects via ionotropic receptors, which occur

in milliseconds. Other neurotransmitters may determine

slower, longer-lasting effects operating in minutes or even

longer [55]. Similar systems of differential equations as in

Eq. 5 can be written to include neurotransmitter regulation

with their fast and slow dynamics. However, since the new

synthesised proteins can be directly involved in the regu-

lation of neurotransmitter release [56, 57], this system of

differential equations that describes the neurotransmitter

regulation has to be interconnected with the upper loop of

protein synthesis (Fig. 6). In addition, the alterations of

electrical and chemical gradients can modulate the neuro-

transmitter transporters [58]. Importantly, the entire system

needs to include the regulation of endogenous electric field,

the dynamics of electric charges. The electrical regulation

can be modeled using the Hamiltonian formalism presented

above. However, all these different interconnected levels

provide just a basic model of complex regulatory mecha-

nisms required to maintain the process of computing by

interaction in biological neurons. Indeed, the ability to

simulate these interactions using algorithmic models and

Turing framework is limited. However, the recent progress

in synthetic genomics [59, 60] could open the possibility to

build bio-inspired computers that follow the architecture

presented in Fig. 6. Small molecular computing machines

can be built use genetic codes, synthetic proteins [60], and

then interconnected together in a general framework as

presented in NED. We already have shown that informa-

tion can be ‘‘read’’ using simple techniques [20, 21]. The

biological substrate can act within a biological context to

store endogenously information in the molecular structure

and can be interfaced with digital computers that may

use different types of interactions to ‘‘read’’ or ‘‘write’’
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Fig. 5 The seizure generation becomes a window to understand

consciousness in computational terms. a The power of high-frequency

oscillations is represented in blue color (adapted from [42]). Changes

in complexity are scaled and represented in red color. Chaotic

diffusion is maintained before the epileptic seizure and is character-

ized by high values of complexity. The strongest peak (in blue color)

occurs during the ictal state and represents ‘‘extreme’’ order detected

in electric field with very low complexity values. b The conscious

state is maintained as long as the dynamics of electric charges are

regulated by rhythmic neuronal activity. The arrow points toward

increased order. Very low frequencies are specific for chaotic

dynamics (bottom), while high-frequency oscillations characterize

excessive order in the dynamics of electric charges (top). Altered

states of consciousness are related to ‘‘excessive’’ order during ictal

phase or chaotic diffusion in the preictal or postictal phase (see

changes in complexity measure a) (Color figure online)

Molecular Computations
DNA, genes, proteins

Neurotransmitters

Charge dynamics,
Endogenous Electric Field

Fig. 6 The fundamental model of computation by interaction is

maintained by at least three regulatory interconnected systems
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information from or within molecular structures. Outside of

the biological context, the synthetic biological substrate is

physically realizable and could be used for purposes to

build hybrid computers. Therefore, the future of computing

structures may not necessarily rely solely on current silicon

technology [61].

Discussion

There is a huge difference between human mind capabilities

and the power of current computers that attempt to mimic

human performance. The reductionist view of STD has lead

to a failure in understanding intelligent computations in the

brain. Neuroscience and neural computation have perpetu-

ated the gimmick of spike timing and reductionist models

that have lead nowhere in understanding the neural code.

Indeed, using traditional optimization principles, artificial

systems can adapt to environment requirements; however,

they do not describe essential characteristics of computa-

tions performed in the brain. In order to perform intelligent

action, many traditional approaches use reactive models,

machine learning techniques, statistics combined with huge

databases. Recent technical achievement at IBM, the arti-

ficial intelligent program developed and called Watson

shows how difficult is to incorporate semantics in current

computing machines even though the Jeopardy game pro-

vides an ideal environment to build interactions and acquire

semantics [62]. However, Watson would need to be com-

pletely retrained to achieve different tasks in different

environments. Moved in a real ‘‘environment,’’ Watson

would not be able to race former human competitors. The

attempt to change what Watson is doing will increase the

cost of design and probably the carried ‘‘memory’’.

Therefore, Watson offers a clear view of current limitations

in building AI systems. Indeed, Watson reflects the inge-

nuity of many engineers from IBM to embed algorithmi-

cally all sorts of interactions. In fact, this model shows our

limits to understand and replicate bio-intelligent computa-

tions developed in the brain.

Neuroelectrodynamics brings a new, different path to

build intelligent computations and points to a specific

model of information by interaction developed in the brain

[14]. These intrinsic computations intracellularly devel-

oped in the brain have no direct algorithmic solutions.

Since computing by interaction is intrinsically a non-Tur-

ing model of computation, these computations can be

hardly replicated on current computers. This model of

computation has been previously hinted in computer sci-

ence by few without pointing explicitly to brain processes

since spike timing models did not allow such a link to be

made. NED points to change in paradigm regarding com-

putational systems required to understand cognitive events

and build strong intelligent systems. Computing by inter-

action is necessary to embed semantics at the smallest level

in order to perform intelligent action. Therefore, one can

predict that understanding the brain language and biologi-

cal substrate [60] ‘‘can change computing forever, even if

most computer scientists don’t know it yet’’.

Conclusion

Neurons do not seem to compress temporal information,

they process, store, and exchange information. Information

processing and exchange of information in neurons are

hidden during a millisecond time frame of action potential

propagation. The transitory electrical patterns in spikes are

built upon the existing order in molecular structure [27,

32]. Indeed, information processing within neurons is

continuous; however, every neuron ‘‘speaks’’ in less than a

millisecond during AP generation and the action potentials

are its ‘‘words’’. Therefore, the process of computation

cannot be reduced to a synaptic communication of infor-

mation between neurons. During computation, information

can be simultaneously ‘‘read,’’ ‘‘written,’’ and integrated by

electric interactions. Specific forms of computation by

interaction define an intrinsic non-Turing (non-halting)

model of information processing in the brain [8, 25, 27].

Indirectly, the measure of complexity provides the answer

to the most intriguing question. Why do neurons always

spike? Paraphrasing Schrödinger [63], neuronal firing is

required to create order in the brain (disordered environ-

ment) against the second law of thermodynamics. The new

model (NED) highlights brain computations, brain lan-

guage instead of neural coding or neural computing [14].

NED points to a change in paradigm required to build more

efficient bio-inspired computing machines by directly

using the biological substrate. Once such computing

models is built, and they can help us to better understand

how perception is transformed into recognition almost

instantaneously, how word-forms are transformed into

meaning in computational terms. In these intelligent sys-

tems, understanding semantics and implementing aware-

ness and consciousness may be vital to perform ‘‘general

intelligent action’’. Understanding the new model of

computation developed in the brain can be an important

step to develop reliable artificial intelligent systems with

general purpose.

References

1. Lloyd S. Programming the Universe: a quantum computer sci-

entist takes on the cosmos. 1st ed. New York: Knopf; 2006.

Cogn Comput

123



2. Zuse K. Elektronische Datenverarbeitung. 1967; 8:336–44.

3. Schmidhuber J. Alle berechenbaren Universen, Spektrum der

Wissenschaft (German edition of Scientific American), Spezial

3/07; 2007. pp. 75–9.

4. Feynman RP. Feynman lectures on computation. Perseus Books

Group. ISBN 0738202967; 2000.

5. Hey Tony. Richard Feynman and computation. Contemp Phys.

1999;40(4):257–65.

6. Milner R. Computing is interaction. In Proc. IFIP Congress (1);

1994. p. 232–3.

7. Wegner P. Why interaction is more powerful than algorithms.

Commun ACM. 1997;40(5):80–91.

8. Goldin D, Wegner P. The interactive nature of computing: refuting

the strong church-Turing thesis. Minds Mach. 2008;18(1):17–38.

9. Siegelmann HT. The simple dynamics of super Turing theories.

Comput Sci. 1996;168:461–72.

10. McClelland JL, Rumelhart DE. Exploration in parallel distribut-

ing processing. Cambridge: Brandford Books, MIT Press; 1988.

11. Gerstner W, Kistler WM. Spiking neuron models single neurons,

populations, plasticity. Cambridge, UK: Cambridge University

Press; 2002.

12. Izhikevich EM. Resonate-and-fire neurons. Neural Netw. 2001;

14:883–94.

13. Caporale N, Dan Y. Spike timing-dependent plasticity: a Hebbian

learning rule. Annu Rev Neurosci. 2008;31:25–46.

14. Aur D, Jog M. Neuroelectrodynamics—understanding the brain

language. Amsterdam, Netherland: IOS Press; 2010.

15. Buesing L, Maass W. A spiking neuron as information bottle-

neck. Neural Comput. 2010;22(8):1961–92.

16. Lazar AA. Population encoding with Hodgkin-Huxley neurons.

IEEE Trans Inf Theory. 2010;56:821–37.

17. Ford BJ. The secret power of the single cell. The New Scientist

2010;206(2757):26–7.

18. Kung C. The physiological basis of taxes in paramecium. Ann

Rev Physiol. 1982;44:519–34.

19. Ford BJ. On Intelligence in Cells: the case for whole cell biology.

Interdisc Sci Rev. 2009;34(4):350–65.

20. Aur D, Jog MS. Building spike representation in tetrodes.

J Neurosci Methods. 2006;157(2):364–73.

21. Aur D, Connolly CI, Jog MS. Computing spike directivity with

tetrodes. J Neurosci Methods. 2005;149(1):57–63.

22. Aur D, Jog MS. Neuronal spatial learning. Neural Process Lett.

2007;25(1):31–47.

23. Chalmers DJ. A computational foundation for the study of cog-

nition (unpublished manuscript); 1997.

24. Horst S. Symbols, computation and intentionality: a critique of

the computational theory of mind. Berkeley and Los Angeles:

University of California Press; 1996.

25. Hameroff S, Nip A, Porter M, Tuszynski J. Conduction pathways

in microtubules, biological quantum computation, and con-

sciousness. Biosystems. 2002;64:149–68.

26. Pidaparti RM, Primeaux D, Saunders B. Modeling and simulation

of biological self-assembly structures from nanoscale entities.

J Nanosci Nanotechnol. 2007;7(12):4248–53.

27. Woolf NJ, Priel A, Tuszynski JA. Nanoscience: structural and

functional roles of the neuronal cytoskeleton in health and dis-

ease. Heidelberg: Springer; 2009.

28. Poznanski RR. Towards an integrative theory of cognition. J In-

tegr Neurosci. 2002;1:145–56.

29. Craddock TJA, Tuszynski JA, Priel A, Freedman H. Microtubule

ionic conduction and its implications for higher cognitive func-

tions. J Integr Neurosci. 2010;9(2):103–22.

30. Aur D. Where is the ‘Jennifer Aniston neuron’? available from

Nature Precedings. http://dx.doi.org/10.1038/npre.2010.5345.2

(2010).

31. Aur D, Jog M. Reading the neural code: what do spikes mean for

behavior?. Available from Nature Precedings http://dx.doi.org/

10.1038/npre.2007.61.1 (2007).

32. Levitt M, Chothia C. Structural patterns in globular proteins.

Nature. 1976;261:552–8.

33. Tuszynski JA, Luchko T, Carpenter EJ, Crawford E. Results of

molecular dynamics computations of the structural and electro-

static properties of tubulin and their consequences for microtu-

bules. J Comput Theor Nanosci. 2004;1(4):392–7.

34. Antosiewicz J. Computation of the dipole moments of proteins.

Biophys J. 1995;69(4):1344–54.

35. Takashima S. Measurement and computation of the dipole

moment of globular proteins III: chymotrypsin. Biophys Chem.

1996;58(1–2):13–20.

36. Crick F, Koch C. Towards a neurobiological theory of con-

sciousness. Seminars Neurosci. 1990;2:263–75.

37. He BJ, Raichle ME. The fMRI signal, slow cortical potential and

consciousness. Trends Cogn Sci. 2009;13(7):302–9.

38. Crick F, Koch C. A framework for consciousness. Nat Neurosci.

2003;6(2):119–26.

39. Aur D. Understanding the physical mechanism of transition to epi-

leptic seizures. J Neurosci Methods. 2011; doi:10.1016/j.jneumeth.

2011.05.028.

40. Conrad M, Kampfner RR, Kirby KG, Rizki EN, Schleis G, Smalz

R, Trenary R, Hastings HM. Towards an artificial brain. Bio-

Systems. 1989;23(2–3):175–218.

41. Voyatzis G. Chaos, order, and periodic orbits in 3:1 resonant

planetary dynamics. Astrophys J. 2008;675(1):802–16.

42. Aur D. The physical mechanism in epilepsy—understanding the

transition to seizure submitted, available also from Nature

Precedings. http://hdl.handle.net/10101/npre.2010.5398.1 (2010).

43. Chirikov BV. A universal instability of many-dimensional

oscillator systems. Phys Rep. 1979;52(5):263–379.

44. Reichl LE. The transition to chaos: conservative classical systems

and quantum manifestations. New York: Springer Verlag; 2004.

45. Luo ACJ. Singularity and dynamics on discontinuous vector

fields, monograph book series in nonlinear science and com-

plexity (physics). Amsterdam: Elsevier; 2006.

46. Pereira Alfredo Jr. Astrocyte-trapped calcium ions: the hypoth-

esis of a quantum-like conscious protectorate. Quantum Biosyst.

2007;2:80–92.

47. Balduzzi D, Tononi G. Integrated information in discrete

dynamical systems: Motivation and theoretical framework. PLoS

Comput Biol. 2008;4(6):e1000091.

48. Tononi G. An information integration theory of consciousness.

BMC Neurosci. 2004;5:42.

49. McClelland JL, Rumelhart DE. Explorations in parallel distrib-

uted processing: A handbook of models, programs, and exercises.

Cambridge: MIT Press; 1988.

50. Heinrich R, Schuster S. The regulation of cellular systems. New

York: Chapman & Hall; 1996.

51. Berthoumieux S, Brilli M, de Jong H, Kahn D, Cinquemani E.

Identification of metabolic network models from incomplete

high-throughput datasets. Bioinformatics. 2011;27(13):i186–95.

art. no. btr225.

52. Rao S, Henderson AS. Regulation of c-fos is affected by elec-

tromagnetic fields. J Cell Biochem. 1996;63(3):358–65.

53. Hirai T, Yoneda Y. Transcriptional regulation of neuronal genes

and its effect on neural functions: gene expression in response to

static magnetism in cultured rat hippocampal neurons. J Pharma-

col Sci. 2005;98(3):219–24.

54. Goodman R, Blank M. Insights into electromagnetic interaction

mechanisms. J Cell Physiol. 2002;192(1):16–22.

55. Kandel E, Schwartz J, Jessell T. Principles of neural science. 4th

ed. McGraw-Hill Medical; 2000. ISBN: 0838577016.

Cogn Comput

123

http://dx.doi.org/10.1038/npre.2010.5345.2
http://dx.doi.org/10.1038/npre.2007.61.1
http://dx.doi.org/10.1038/npre.2007.61.1
http://dx.doi.org/10.1016/j.jneumeth.2011.05.028
http://dx.doi.org/10.1016/j.jneumeth.2011.05.028
http://hdl.handle.net/10101/npre.2010.5398.1


56. Cheetham JJ, Murray J, Ruhkalova M, Cuccia L, McAloney R,

Ingold KU, Johnston LJ. Interaction of synapsin I with mem-

branes. Biochem Biophys Res Commun. 2003;309(4):823–9.

57. Haase J, Killian A-M, Magnani F, Williams C. Regulation of the

serotonin transporter by interacting proteins. Biochem Soc Trans.

2001;29(6):722–8.

58. Mortensen OV, Amara SG. Dynamic regulation of the dopamine

transporter. Eur J Pharmacol. 2003;479(1–3):159–70.

59. Wooley JC, Lin HS. Catalyzing inquiry at the interface of com-

puting and biology, report of the National Research Council of

the National Academies. Washington: National Academy Press;

2005.

60. Gibson DG, Glass JI, Lartigue C, Noskov VN, Chuang R-Y,

Algire MA, Benders GA, et al. Creation of a bacterial cell con-

trolled by a chemically synthesized genome. Science. 2010;

329(5987):52–6.

61. Parker AC, Joshi J, Hsu C–C, Singh NAD. A carbon nanotube,

implementation of temporal and spatial dendritic computations.

In: Proceedings of the 51st IEEE midwest symposium on circuits

and systems. 2008; pp. 818–21, 10–13.

62. Frenkel KA. Schooling the Jeopardy! champ: far from elemen-

tary. Science. 2011;331(6020):999.

63. Schrödinger E. What is life? The physical aspect of the living

cell. New York: Macmillan; 1945.

Cogn Comput

123



Journal of Neuroscience Methods 149 (2005) 57–63

Computing spike directivity with tetrodes

Dorian Aura,∗, Christoper I. Connollyb, Mandar S. Joga

a Department of Clinical Neurological Sciences, Movement Disorders Program, London Health Sciences Centre,
339 Windermere Rd., London, Ont., Canada N6A 5A5

b SRI International, Menlo Park, CA, USA

Received 6 January 2005; received in revised form 4 May 2005; accepted 5 May 2005

Abstract

The ability of neurons to generate electrical signals is strongly dependent on the evolution of ion-specific pumps and channels that allow the
transfer of charges under the influence of electric fields and concentration gradients. This paper presents a novel method by which flow of these
charge fluxes may be computed to provide directivity of charge movement. Simulations of charge flow as well as actual electrophysiological
data recorded by tetrodes are used to demonstrate the method. The propagation of charge fluxes in space in data from simulation and actual
recordings during action potential can be analyzed using signals recorded by tetrodes. Variation in spike directivity can be estimated by
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computing singular value decomposition of the estimated 3D trajectory data. The analysis of the spike model can be accom
performing simulations of presumed equivalent moving charges recorded by the tetrode tips. For in vivo spike recordings, the v
spike directivity could be obtained using several spikes of selected neurons considering the charge movement model (CMM). The
between computer simulation results and tetrode data recordings is examined. The paper concludes by showing that the method fo
directivity in actual spike recordings is robust. The method allows for improved filtering of data and more importantly may shed
furthering the study of spatio-temporal encoding in neurons.
© 2005 Elsevier B.V. All rights reserved.

Keywords: Tetrode; Spike modelling; Singular value decomposition; Newton–Raphson

1. Introduction

The brain is composed of a large number of electrically
active cells that communicate with each other. Starting from
the early work ofHebb (1949), understanding of brain func-
tion was directed toward the coding properties of groups of
neurons named “cell assemblies”. Few studies focused on the
spatial properties of the action potential (AP). In this context
plasticity changes have been related to overall connection
strength between the pre- and postsynaptic neurons.

The origins of the problems regarding view of cell func-
tioning at an electrophysiological level currently and in the
past may arise from the limited ability of single cell record-
ings that primarily analyze mainly stereotyped waveforms. In
addition, most research that has studied large populations of

∗ Corresponding author. Tel.: +1 519 685 8300x32758.
E-mail address: daur2@uwo.ca (D. Aur).

neurons (Zhang et al., 1998) hoping to find pattern of activ
ities, has largely ignored the study of spatial distributio
electrical events from single spikes as a method of in
mation coding. Current thinking holds that, since the spi
considered to be a reasonably stereotyped waveform for
vidual cells, information flow from cell to cell is suppos
to be carried by the occurrence of the AP at particular t
or rates. In this respect, the spike is felt to be a passive
that does not itself code for anything. Indeed physiolo
often reduce the spike to a discrete scalar event in time
analyze behavior in this context alone.

It is therefore possible that the flow of information w
spike events may be communicated within the milieu o
extracellular space and such information to the surroun
neurons is intrinsic and important in determining the fl
of information outside of what is communicated through
spike event alone. However, spatial features of spike
an essential part of the surrounding milieu of a biolog
cell. Processing of information received from neighbo

0165-0270/$ – see front matter © 2005 Elsevier B.V. All rights reserved.
doi:10.1016/j.jneumeth.2005.05.006
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neurons involve activities in several synapses, ionic channels,
changes in membrane potential that usually have a spatial
distribution.

In order to study the spatial properties of individual neu-
rons and how they affect the spatio-temporal spread of infor-
mation requires the collection of multi-dimensional data for
every spike. Tetrode recordings that utilize four tips allow
such a 4D view of the spike. The goal of much tetrode-
based research is to study these interactions by assigning
spikes to different neurons. Several spike-detection and sort-
ing methods have been proposed in the literature (Gray
et al., 1995; Jog et al., 1999, 2002; Sahani et al., 1998). The
method developed byTakahashi et al. (2003)combines an
independent component analysis andk-means clustering to
solve the spike-overlapping problem within tetrode record-
ings. RecentlyEmondi et al. (2004)developed a reliable pro-
cedure for tracking neurons across files for non-overlapping
data sets.

Based on four measured signals from tetrode our paper
provides a computational approach for determining variabil-
ity of spikes’ spatial directivity. This paper is not another
spike sorting method, nor is it a technique for tracking neu-
rons over days, from tetrode recordings (Chelaru and Jog,
2005; Emondi et al., 2004). The paper presents a method
of computing the directivity of charge flow during action
potentials and its variability in successive spikes within extra-
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Fig. 1. Example of distributed discrete charges in space and their distances
from the point A where the electrostatic potential is computed.

extracellular space. Ion-specific pumps allow the transfer of
charges up and down gradients over a finite volume. Several
ions like K+, Na+, Cl−, Ca2+ carry electric charges and their
movement is influenced not only by concentration gradients
but also by electrical fields. Therefore, ionic fluxJ under the
influence of an electric field and concentration gradient can
be written using the Nernst–Planck equation:

J = −µzC
∂V

∂x
− D

∂C

∂x
(1)

whereV is the electric potential,µ the mobility,z the valence
of the ion,C the concentration andD is the diffusion coeffi-
cient (Schwartz, 1971).

A model of collective ionic motion is proposed for anal-
ysis (Fig. 1). The movement of charged particles during AP
will generate an electrostatic field�E. For analysis, a simpli-
fied spike model includes a single charge in movement that
generates potential variation in the four tips that simulate a
tetrode. The electrostatic potentialVA(x,y, z) in point A due to
charge distribution is a 3D scalar field that can be computed:

VA(r) = 1

4πε

n∑
i=1

qi

ri
(2)

whereε is the medium permittivity,qi andri the charges and
their distances to point A.
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ellular space. This charge flow directivity may have a
tantial impact on the milieu within which a neuron is ac
nd therefore should not be ignored. This interesting

mportant approach of the dynamics of the spikes ge
ted by neurons, its impact on the extracellular milieu

heir possible intricate relationship, does not yet exist in
iterature.

In the first step of the algorithm, a simplified spike mo
ased on charges in movement is constructed. For the “c
ovement model”, the trajectory of charge is computed u
Newton–Raphson algorithm followed by a singular v

ecomposition algorithm that is performed to determine
irectivity of the artificially generated spike. The traject
ives the overall direction of AP propagation from star
nish. However, since the spike trajectory is a curve, it is
o easy to compare trajectories of several spikes. A l
pproximation of the trajectory is needed for easier sp
ariability investigation for which singular value decom
ition (SVD) is performed. The computed components
he largest singular value and its corresponding right si
ar vector represents, in fact, the main directivity tende
or the spike in the computational space.

. Charge movement model

Neurons are enclosed by plasma membranes whos
ary function is to control the passage of ions and molec
iffusion of ions from high to low concentration is t
ffect of concentration differences between intracellular
The electrostatic field is a quantity that varies in sp
nd is determined by the configuration of source cha
he lines of the electrostatic field,�E point in the direction o
aximum increase of electrostatic potential�E = −∇V or:

� (�r) = 1

4πε

n∑
i=1

qi

r3
i

�ri (3)

If these charges are moving in space and if a conduc
n the field the drop of potential in a length�l of conducto
an be computed by:

b(t) − Va(t) = I(t)�l

σA
(4)
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Fig. 2. The electrostatic field�E generated by charges in movement in a
conductor with length�l.

whereA is the area,σ the conductivity and�l the length of
the conductor and�E could be considered constant (Fig. 2).

Since conductivityσ, areaA and the length�l are the
same for every tetrode tip equation(3) can be written:

V i
b(t) − V i

a(t) = Ii(t)�l

σA
, i = 1, 2, 3, 4 (5)

whereIi is the current generated in the tipi of tetrode by drop
of potential in a length�l of the conductor.

Substituting Eq.(2) into Eq.(5) one can write:

1

4πε

n∑
i=1

qi

ra
ij(t)

− 1

4πε

n∑
i=1

qi

rb
ij(t)

= Ii(t)�l

σA
, j = 1, 2, 3, 4

(6)

This is equivalent to a point charge
∑n

i=1qi at distance
Ra

j =∑n
i=1

1
ra
ij

andRb
j =∑n

i=1
1
rb
ij

. Therefore, Eq.(6) can be

written:

1

4πε

(
q

Ra
j

− q

Rb
j

)
= kIj(t), j = 1, 2, 3, 4 (7)

wherek = �l
σA

.
The left side of Eq.(7) is the potential of a physical electric
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nonlinear system of equations:

s0(k)

s1(k)
= (x(k) − x1)2 + (y(k) − y1)2 + (z(k) − z1)2

x(k)2 + y(k)2 + z(k)2
,

s0(k)

s2(k)
= (x(k) − x2)2 + (y(k) − y2)2 + (z(k) − z2)2

x(k)2 + y(k)2 + z(k)2
,

s0(k)

s3(k)
= (x(k) − x3)2 + (y(k) − y3)2 + (z(k) − z3)2

x(k)2 + y(k)2 + z(k)2
(9)

wherexi, yi, zi (i = 1, 4) are the positions in the space of
the tetrode. The same equations could be obtained from the
hypothesis that the position of sourceq is at intersection of
four spheres (Jog et al., 2002). The equations in(9) can be
written as a nonlinear systemfj(x, y, z) = 0, j = 1, . . ., 3 where
F = (f1, f2, f3). An iterative Newton–Raphson scheme is used
to find solution for the nonlinear system:

dn+1 = dn − J−1F(dn), n ∈ N (10)

where the JacobianJ of functionF is:

J =




∂f1

∂x

∂f1

∂y

∂f1

∂z

∂f2

∂x

∂f2

∂y

∂f2

∂z

∂f3 ∂f3 ∂f3




(11)
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ipole that consists of two equal and opposite chargesq. From
he law of cosines in the dipole case (Griffiths, 1999) Eq.(7)
an be written:

1

4πε

(
qdj cosθj

R2
j

)
= kIj(t), j = 1, 2, 3, 4 (8)

heredj is the distance between charges andθj is the angle
etweenRj and the dipole direction. That is equivalent t
ingle charge at distanceRj. Therefore, the trajectory of th
hargeq can be obtained using the following approach.

. Computing the trajectory

Let us considers0(k), s1(k), s2(k) and s3(k), k ∈ N to be
he signals recorded from the four tips of the tetrode. S
he termdj(t) cosθj(t) can be considered to be approxima
he same for each tetrode tip one may write the follow
∂x ∂y ∂z

Therefore, at each discrete momentk, from recorded sig
als,s1(k), s2(k), s3(k), s4(k) the spatial trajectory (x(k), y(k),
(k)) is determined when there is a solutiondn+1 for the non-
inear system (Brenan et al., 1989). Having the trajector
ata, the next step is to determine the spike directivity.

. Computing spike directivity

In order to obtain spike directivity one has to write
atrix P ∈ �nx3 composed by trajectory coordinates (x(k),

(k), z(k)):

=




x(1) y(1) z(1)

· · · · · · · · ·
x(n) y(n) z(n)


 (12)

herek = 1, 2, . . ., n. For each spike one may compute
entroid of the dataµ = E(PT) forming the matrixPtr of trans-

ated pointsPtr = pi − µi, i = 1,2,. . ., n.
Writing singular value decomposition (Stewart, 1993):

tr nx3 = UnxnSnx3VT
3x3 (13)

here

S =




s1

s2

s3

... ... ...


 ; U = (u1, u2, . . . , un);

V = (v1, v2, v3); (14)
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it is possible to find the largest singular value forS and extract
fromV the corresponding right singular vector that represents
direction cosines of the best linear approximation.

An important consideration in such computations is the
stability of the angle of moving charge. In order to measure
the deviation of computed trajectories when the angle of the
moving charge is changed, a separate computation specific
to this alteration in the angle of the charge, is performed. The
angle between two computed directions can be determined
using the right singular vector:

�θ = arccos

( 〈v, v′〉
|v||v′|

)
(15)

Even in the simplified case of a single moving charge, the
overall computation becomes essentially manually unsolv-
able. For this reason a series of simulations have been per-
formed on a PC computer (Pentium 4, 1.6 GHz, 512 MB
RAM) with Matlab Version 6.0—MathWorks, Inc. All the
routines were custom developed or are freely available on
the world-wide-web.

In the section below we describe the applications of the
methods discussed above. Simulation of charges moving
across tetrode tips induces voltage in tetrode tips. Com-
putations for calculating the trajectory and the subsequent
directivity are then performed. The impact variables such as
tetrode tip geometry and system noise on the directivity com-
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Fig. 3. The changes in the linear trajectory of charge (bold, red, magenta,
black lines) and computed trajectory modifications (red, magenta, black tra-
jectories) are shown. Each division is approximately 20�m. For display
purposes approximately 60�m of charge movement is shown. The “mirror”
effect is visible for computed trajectories. (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the web version
of the article.)

currents by the described computational process. In the simu-
lated experiment the charge is the object moving in 3D space
with initial conditions (initial position, speed, etc.) provided
by the software user, while the computed trajectory is equiv-
alent to “image” from the mirror. Thus, the trajectory and
indeed the relative position computed will be a transformed
version of the “real” trajectory or image.

In the computations described above, the knowledge of
absolute tetrode tip geometry and distances appears to be
important. However, in relative terms, as long as the tip geom-
etry does not change between recorded spikes, the compu-
tations of relative directivity-change between spikes remain
unaffected. In order to compute a trajectory in real space (Eq.
(9)) one would need to know the actual position of tetrode
tips in 3D Cartesian space. Measurements of inter-tip dis-
tances from tetrodes show that the average spacing between
tips is approximately 20�m with a measurement error of
approximately 3�m for each tip (Chelaru and Jog, 2005; Jog
et al., 2002). Charges are then launched simultaneously or
in successive trials. The speed of movement of the charge as
well as the distance from the midpoint of the tetrode tips to
the charge (approximately 30�m) is held relatively constant.
However, this distance varied slightly as the input angles is
changed (Fig. 3). For an easier analysis charge trajectories are
constrained to describe lines in 3D space. In the simulation,
the charge movement is about 260�m, and successive trials
a n of
t three
s vi-
a enta
a

dia-
m blue
utations is discussed. Finally the method is applied to
ecorded neuronal spikes and directivity of charge flow in
ata is demonstrated.

. Simulations and analysis

Since directivity and trajectory calculations are perform
or spikes within the same frame of reference, a rela
hange in these parameters can be computed using th
em described above. It is assumed that tetrodes do not c
heir tip configurations during the recordings. As discus
bove, when a charge is moved across the tetrode tips, a
ge is induced in the four channels. The act of measure
sing the tetrode transforms the actual “real” direction.

s clearly presented inFig. 3 where the actual trajectori
re straight while the computed trajectories are curvilin
herefore, when analyzing recorded signal from tetrodes
ot possible to provide directivity in real space, only in

ransformed so-called “tetrode” space. However, since
nalysis of all recorded data is performed in this space
omputations of the relative spatial directivity remain va

The difference in the relative positions in space of
harge linear trajectory and the directivity can be expla
s follows. Imagine a concave or convex mirror and a s
all moving near the mirror that follows a linear trajector
D space. In the mirror one may see a bent image of the

rajectory during the movement. In our case instead of
eflection that provides the image trajectory of the ball on
irror, a charge trajectory “image” is obtained from indu
re performed. In the figure however, only a small portio
he actual charge movement distance is displayed. For
uccessive trials (Fig. 3) the linear charge trajectory is de
ted by 10◦ and this deviation is represented by red, mag
nd black bold lines.

Coordinates of tetrode tips are represented by colored
onds starting with red for the first channel, green,
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Fig. 4. An example of linear trajectory of a single charge (bold, red line)
and the computed trajectory (black curve) and estimated directivity (blue
line) are shown. Each division is approximately 20�m. For display pur-
poses approximately 60�m of charge movement is shown. The positions
are clearly different (see text). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of the article.)

and yellow for the second, third and fourth channel of the
tetrode respectively. Computed trajectories are curves in red,
magenta and black. Each division on the axes is approxi-
mately 20�m. One such trajectory is then used to further
display computed directivity of the charge flow using the
method presented above (Fig. 4). The computed charge direc-
tivity is shown by a blue bold line. Although the computed
directivity does not map the actual charge directivity, it is
clear that the proposed method provides a robust way to
analyze variations of directivity in spike recordings between
neuronal spikes. Importantly, one can observe that this com-
puting approach can be performed without the full knowledge
of actual tip positions.

Additionally, despite modern, high performance acquisi-
tion systems and filtering methods, all physiological record-
ings are susceptible to noise that occurs from various sources
such as distant neurons, external electrical noise and animal
behavioral artifacts.

In order to better understand the impact of this additional
noise on the method for computing directivity, we added such
noise to the data. In our simulations these sources of noise are
modeled by Gaussian noise added to the “induced” signals in
tetrode tips by the moving charges. Dependence of computed
deviation in directivity and noise level is displayed inFig. 5.
For a signal noise ratio greater than 25 dB (SNR > 25 dB)
the errors in computing deviations are usually less than 3◦
( ting
d very
n tiv-
i the
c .
a from
t as an

Fig. 5. The graph shows an estimation of dependence between signal to
noise ratio and the error in computing deviation angle. Red circles are data
obtained from several simulations with decreasing SNR while the blue curve
represents the optimal nonlinear approximation. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of the article.)

additional filtering mechanism to eliminate spikes that would
randomly contaminate the data.

For real recorded spikes directivity is obtained in two main
steps (Fig. 6). The trajectory is computed from recorded
data in the first step with the Newton–Raphson algorithm.
Then in the second step a linear approximation of the tra-
jectory is performed by a singular value decomposition that
gives the overall direction of AP propagation in “tetrode
space”.

We started our simulations with movements of simple
charges that describe linear trajectories in 3D space to show
how the method works. The reader may see that by apply-
ing this method, simple but curved trajectories are obtained
from the computation. These curves (Figs. 3 and 4) that show
trajectories of single charges in movement are far less com-
plex than usual trajectories obtained from processing real
spikes. The reader may have a false impression regarding
the application of the presented method for real recorded
data. The propagation of ionic fluxes within biological spikes
implies simultaneous movement of several charges during
the occurrence of an action potential. Therefore, we pro-
vide an example where several charges that are moving in
space could generate similar trajectories to computed trajec-
tories from real recorded spikes. We show an example where

F patial
t go-
r and
s

Fig. 5). In case of higher noise levels, errors in compu
eviation angle may increase. However, spikes that are
oisy should be eliminated from computing spike direc

ty. One way to perform this spike filtering is to analyze
omputed trajectory from nonlinear equation system (Eq(9))
nd eliminate spikes that have trajectory points far away

etrode tips coordinates. Thus our method can be used
ig. 6. This shows a quick reference diagram for the method. The s
rajectoryx(k), y(k), z(k) is firstly determined with Newton–Raphson al
ithm. Spike directivity is then computed using trajectory coordinates
ingular value decomposition.
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Fig. 7. Linear simultaneous movements of three charges (red, magenta, blue
lines), computed trajectory (black curve) and computed directivity (bold blue
line). Each division is approximately 20�m. For display purposes approx-
imately 60�m of charge movement is shown. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of the article.)

three identical charges with different angles of movement are
represented in three different colors (Fig. 7). The simultane-
ous movement of charges (red, magenta and blue lines) is
simulated in the presence of Gaussian noise (SNR = 25 dB).
The overall computed trajectory (black curve) and computed
directivity (bold blue line) are represented.

Finally, Fig. 8 shows the application of the method to a
real recorded spike. Note the similarity of the computed tra-
jectory from the recorded spike to the simulated multi-charge
flow trajectory fromFig. 7. The black curve represents the
trajectory while and computed directivity is the bold blue
line.

F uted
d
p ferred
t

6. Conclusion

Neuronal spikes recorded in extracellular space by elec-
trodes represent propagation of several electric charges. The
alterations caused in the electric field within the extracel-
lular space are recorded by the electrodes. Tetrodes have the
ability to observe this phenomenon in four dimensions. How-
ever, a further analysis of the spike profile itself can be used
to understand whether the process of action potential trans-
mission along a conductor can itself be seen as a directed flow
of charge that alters the extracellular milieu in a specific way.

This paper uses simulated charge movement in space and
the induced voltages on a conductor as a model to understand
whether it is possible to obtain information regarding direc-
tivity of such flow of charges. Simulated tetrodes perceive the
charge movement as voltage that mimics the action potentials
in spiking neurons. A process for computing the directivity
of this charge flow is then proposed within the paper. This
process of the induction of AP is then applied to the actual
data obtained from tetrode recordings and a profile of spike
directivity from these recordings is presented.

The weakness of the present method is that it relies on the
quality of the electrical recordings. Factors common to all
electrode recordings techniques which consist of noise level
and number of days that a tetrode can be kept in the brain to
record data contribute to this data recording quality. A dis-
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ig. 8. An example of real spike trajectory (black curve) and comp
irectivity (bold blue line). Each division is approximately 20�m. (For inter-
retation of the references to color in this figure legend, the reader is re

o the web version of the article.)
ussion related to noise analysis was presented in the
imulations. Since new modern, high performance acq
ion systems for in vivo recordings provide increased va
f signal to noise ratio, the errors in computing deviations
sually small and the method works well in practice.

In addition, it is possible that the changes in directi
hat could be seen occurring by the application of our me
ould result simply due to tetrode drift and movement. Fir
he internal consistency of this method relies on the fact
he tetrodes are not actually physically moved during the
sis period. The hardware used to implant the drives has
eliable enough to also avoid inadvertent movement. A
ionally, we describe a method of demonstrating direct
hanges that are expected to occur in the tens or hun
f millisecond range. Natural tetrode movement around
rain would be at a much lower frequency.

There are various important applications of this w
irst, action potentials can now be seen and analyze
harge flow that may have directivity. This concept co
ave a direct impact on the understanding of the extrac

ar milieu within which electrical events such as the ac
otential are occurring. Second, the traditional method
lectrophysiology use only spike timing as a way of des

ng information coding by neurons. However, neurons
lso code information in a true “spatial” way by dynamic
ltering the propagation of charge direction over time.
ossible that both the reception of information and the
ut of neurons could exhibit directivity. Such changes,

ime may be behaviorally dependent. This may becom
owerful method for selecting sources of input and outpu
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neuronal ensembles, thereby possibly determining the state
of the space within which neural activity is occurring. Such
a phenomenon of change of directivity can be thought of as
a dynamical alteration of the spatial receptive field of neu-
ronal ensembles. Such receptive field modulation has been
observed often, without an adequate explanation of the mech-
anism (Mehta et al., 2004). The method proposed in our paper
and the implications of behaviorally dependent spatial direc-
tivity changes are therefore important.

Third, in the larger sense, computations of directivity can
be used a possible filtering technique where outlying spikes
that have trajectory points that are unreasonably distant, could
be eliminated from the data set.

The ability to compute trajectory and directivity of charge
flow by tetrode recordings use the spike as a reflection of
this flow and gives us a glimpse of the complexity of milieu
within which neurons function. Our results show that besides
improved spike sorting procedures, tetrodes can be used in
computing the trajectory of equivalent electrical charges that
model electrical events during AP. Based on obtained trajec-
tory, estimation of changes in spike directivity over an arbi-
trary reference system in real recordings could be achieved.
This is a new potentially powerful application of tetrode
recording methodology.

R

B lue
ter-

Chelaru MI, Jog MS. Spike source localization with tetrodes. J Neurosci
Meth 2005;142(2):305–15.

Emondi AA, Rebrik SP, Kurgansky AV, Miller KD. Tracking neu-
rons recorded from tetrodes across time. J Neurosci Meth
2004;135:95–105.

Gray C, Maldonado P, Wilson M, McNaughton B. Tetrodes markedly
improve the reliability and yield of multiple single-unit isolation
from multi-unit recordings in cat striate cortex. J Neurosci Meth
1995;63(1/2):43–54.

Griffiths DJ. Introduction to electrodynamics. Prentice-Hall; 1999.
Hebb DO. The organization of behavior. New York: John Wiley; 1949.
Jog MS, Kubota Y, Connolly CI, Hillegaart, Graybiel AM. Building neural

representations of habits. Science 1999;286:1745–9.
Jog MS, Connolly CI, Kubota Y, Iyengar DR, Garrido L, Harlan R,

Graybiel AM. Tetrode technology: advances in implantable hard-
ware, neuroimaging, and data analysis techniques. J Neurosci Meth
2002;117:141–52.

Mehta MR, Lee AK, Wilson MA. Response to Melamed et al.: coding
and learning of behavioral sequences—open questions and potential
solutions. Trends Neurosci 2004;27(1):14–5.

Sahani M, Pezaris JS, Andersen RA. On the separation of signals from
neighboring cells in tetrode recordings. In: Jordan I M, Kearns MJ,
Solla SA, editors. Advances in neural information processing systems
10. Cambridge, MA: MIT Press; 1998.

Schwartz TL. The thermodynamic foundations of membrane physiology.
In: Adelman Jr W, editor. Biophysics and physiology of excitable
membranes. New York: Van Nostrand Reinhold Company; 1971. p.
47–95.

Stewart GW. The early history of the SVD. SIAM Rev 1993;35:558–61.
Takahashi S, Sakurai Y, Tsukada M, Anzai Y. A new approach to spike

sorting for multi-neuronal activities recorded with a tetrode. Neurosci

Z ret-
me-
siol
eferences

renan KE, Campbell SL, Petzold LR. Numerical solution of initial-va
problem in differential-algebraic equations. North-Holland, Ams
dam: Elsevier; 1989.
Res 2003;46:265–72.
hang K, Ginzburg I, McNaughton BL, Sejnowski TJ. Interp

ing neuronal population activity by reconstruction: Unified fra
work with application to hippocampal place cells. J Neurophy
1998;79:1017–44.



U

D
D

a

A
R
R
A

K
E
S
K
S
N

1

o
r
a
e
t
w
(
h
d
e
i

r
D
c
o
2
T
t
b
(
b
l

0
d

Journal of Neuroscience Methods 200 (2011) 80– 85

Contents lists available at ScienceDirect

Journal  of  Neuroscience  Methods

j o ur nal homep age: www.elsev ier .com/ locate / jneumeth

nderstanding  the  physical  mechanism  of  transition  to  epileptic  seizures

orian  Aur
ept of Comparative Medicine, Stanford University, Palo Alto, CA, United States

 r  t  i  c  l  e  i n  f  o

rticle history:
eceived 10 January 2011
eceived in revised form 11 May 2011
ccepted 27 May  2011

eywords:

a  b  s  t  r  a  c  t

The  mechanisms  of  generating  epileptic  seizures  are  still  unknown.  To  identify  the  mechanisms  that
underlie  the  transition  to seizure  a combination  of  features  that  include  firing  rate,  power  spectrum
and  complexity  measures  were  simultaneously  analyzed.  Pre-ictal  periods  are  characterized  by  large
fluctuations  of  firing  rate  which  reflect  local  dysfunctional  regulation  of neuronal  activity.  This local
dysfunction  in  neuronal  activity  is translated  in  changes  of  endogenous  electric  field  within  clustered
pilepsy
eizure generation
AM theory
eizure prediction
euroelectrodynamics

regions  with  high  frequency  oscillations  (HFO)  that  act  at  fundamental  level  of  charge  dynamics  and
lead  to  chaotic  dynamics  followed  by electrical  resonances.  Right  before  the  onset  of  seizures  the  pres-
ence  of  chaotic  behavior  becomes  persistent  and  leads  all types  of  cells  to  fire  simultaneously  and
generate  the  transition  to ictal  state.  The  alteration  in  neuronal  regulation  and  the  nature  of  physi-
cal  phenomena  involved  in  this  transition  supports  some  models  of  seizure  generation  and  rules  out
others.
. Introduction

Epilepsy is a multifaceted neurological disorder where the
ccurrence of seizures leads to alterations in normal electric
hythms that can be recorded and analyzed. The hippocampus plays

 central role in the generation and propagation of seizures (Parent
t al., 1997; Buzsaı̌ki, 2006) in both human and rodent models of
emporal lobe epilepsy. Current models show that several factors
hich govern neuronal excitability and intrinsic neurochemistry

Farrant and Nusser, 2005) are involved in seizure generation,
owever little is yet known about how these factor operate and
etermine the seizure onset. Distinct electrophysiological phenom-
na originating from different epileptic brain regions precede the
ctal discharge.

The presence of interictal spikes is associated with an increased
isk for spontaneous seizure (Gotman, 1991; Staley et al., 2005).
uring interictal periods in epileptic focal regions quasi-localized
lusters of high-frequency oscillations (HFO) have been previ-
usly revealed based on EEG analysis (Bragin et al., 1999; Buzsáki,
002; Staba et al., 2002; Worrell et al., 2004; Bragin et al., 2010).
hese high frequency oscillations appear periodically in the epilep-
ic brain and they manifest on a scale of centimeters generated
y abnormal hyper-synchronization of large neuronal ensembles

Crépon et al., 2010). The formation of HFO clusters that become
roader after the application of GABAA receptor antagonist bicucu-

ine was firstly reported in (Bragin et al., 2002). The presence of HFO

E-mail address: DorianAur@gmail.com

165-0270/$ – see front matter ©  2011 Elsevier B.V. All rights reserved.
oi:10.1016/j.jneumeth.2011.05.028
© 2011 Elsevier B.V. All rights reserved.

in the seizure-generating structures is highly related to temporal
and spatial location of seizure onset (Crépon et al., 2010). On the
other hand few analyses have highlighted the presence of focal low
frequency oscillations that precede ictal discharge in EEG or MEG
data (Adeli et al., 2003; Csercsa et al., 2010). While alterations at
different levels can always facilitate abnormal neuronal activities,
the occurrence of seizures is a rare event with a very low probability
of occurrence.

From gene to gliogenesis (Bonni et al., 1997) and neurotrans-
mitter release (Cartmell and Schoepp, 2000) to neurogenesis (Zhao
et al., 2008) all mechanisms are highly regulated in the brain.
This regulation further extends to synaptic activity (Newman,
2003) and firing activity of neurons in different brain regions.
Therefore, changes in regulation at different levels can have
broad consequences and influence rhythmic patterns of neuronal
activity. The electric field generated by a population of neu-
rons that fire was termed endogenous electric field by Jefferys
(1995). Changes in endogenous electric field alter the dynamics
of electric charges, the diffusion of ions as well as the neuro-
transmitter release (Fröhlich and McCormick, 2010). All these
changes can significantly influence local neuronal activity. There-
fore, we hypothesize that dysfunctional regulation of neuronal
activity inside epileptogenic regions changes relevant characteris-
tics of endogenous electric field and leads to seizure generation. To
test this hypothesis recorded local field potentials from the den-
tate gyrus and unit data from putative granule cells in epileptic

pilocarpine-treated rats were analyzed before and during sponta-
neous seizures. A combination of features that include firing rate,
power spectrum and complexity measures were simultaneously
analyzed.

dx.doi.org/10.1016/j.jneumeth.2011.05.028
http://www.sciencedirect.com/science/journal/01650270
http://www.elsevier.com/locate/jneumeth
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Fig. 1. Strong fluctuations of firing rate in the HFO region precede the seizure onset and determine significant changes in power spectrum. (a) The evolution of changes in
firing  rate in granule cell layer 1 h prior to seizure represented in different colors. The high values of firing rate represented in red color are generated by interneurons (mean
firing  rate >5 Hz) while lower firing rates are generated by granule cells. (b) The average of firing rate of neurons represented in (a). (c) The corresponding trajectory in LFO,
HFO,  FO space during 60 min  before seizure. Most of the time the trajectory is bounded, rarely is highly perturbed (see min 20 and min 6). (d) The windowed t-test shows that
statistically significant changes in HFO (in red) that occur 20 min  before seizure followed by significant changes in LFO and in the main frequency band. The t-test outcome
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. Data collection materials and methods

All experiments were performed in accordance with the
ational Institutes of Health Guide for the Care and Use of Lab-
ratory Animals and were approved by the Stanford University
nstitutional Animal Care and Use Committee. Tetrode implants,
ata acquisition and histological verification of the tetrodes posi-
ion were previously performed by Bower and Buckmaster and the
etails of the protocol were published in Bower and Buckmaster
2008).

The seizure onset was identified electrographically from one of
he tetrodes based on changes in the spectral power following the
echniques presented in Bower and Buckmaster (2008).  Recorded
ocal field potentials from the dentate gyrus of four pilocarpine-
reated, epileptic rats were analyzed using FFT power spectrum 1 h
rior to spontaneous seizure onset. The power spectrum was  com-
uted for three different bandwidths: (high frequency oscillations
FO, 200 < f < 300 Hz, main frequency oscillations (FO) 2–100 Hz
nd low frequency oscillations (LFO) 0.1 < f < 2 Hz). The harmonic
omponents within these specific frequency bands where extracted
nd then averaged. Further the envelope is extracted from four dif-
erent electrodes by using principal component analysis (PCA) and a
ero phase-shift band pass digital filter is used to suppress the noise
nd improve the signal-to-noise ratio (Urbach and Pratt, 1986).
he envelope of the first principal component of HFO, LFO or FO
vents is statistically analyzed using a windowed t-test or one-way
NOVA for all seizures with window size of 5 min. The widowed

-test is used to detect the existence of rare events in activity com-

ared to a baseline period of the first 10 min. In each case the t-test

ndicates a rejection of the null hypothesis at the 5% significance
evel. For recorded local field potentials Kolmogorov complexity

easure is estimated using techniques described in Small (2005).
nces to color in this figure legend, the reader is referred to the web version of the

Tetrodes recording of unit data from putative granule cells dur-
ing 12 spontaneous seizures were selected from HFO epileptogenic
regions. An automated unsupervised classification of multidimen-
sional data in the tetrode setup was  used (KlustaKwik, Harris K.D.
et al., Rutgers University) followed by manual selection of final clus-
ters was performed (MClust-3.5, Redish A.D. et al., University of
Minnesota).

3. Results

A selected example presents changes that occur during 60 min
before the seizure (Fig. 1). Significant fluctuations of firing rate
in an ensemble of neurons display wide uprising trend 20 min
before the seizure onset (Fig. 1a and b). The high values of firing
rate represented in top red color are generated by interneurons
(mean firing rate > 5 Hz) while lower firing rates are generated
by granule cells (Fig. 1a). Changes of high frequency oscillations
(HFO, 200 < f < 300 Hz), main frequency oscillations (FO, 2–100 Hz)
and low frequency oscillations (LFO-0.01 < f < 2 Hz)  display a rele-
vant trajectory in LFO, HFO, FO space during 60 min before seizure
(Fig. 1b). Large amplitudes of HFO with local maxima (peaks) or
minima (valleys) can be observed in HFO envelope determined by
concomitant increase/decrease “kicks” in the firing rate of granule
cell units that precede the seizure onset (Fig. 1a–c). Most of the
time this trajectory in frequency domain remains bounded, only
rarely is highly perturbed (see min  20 and min  6). The analysis of
HFO data with a windowed t-test shows that a statistically signifi-

cant change in HFO (in red) occurs 20 min  before seizure followed
by significant changes in LFO (in black) and main frequency (in
blue color) band that correspond to strong firing rate fluctuations
(Fig. 1d).
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Fig. 2. One-way ANOVA analysis of changes in the amplitude of harmonics using a 5 min  window. For each column the lines of the box display the lower quartile, median
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o  color in this figure legend, the reader is referred to the web version of the article

The presence of HFO was detected in 12 selected seizures
ecorded from four pilocarpined treated rats. These data were sta-
istically analyzed and one–way ANOVA test was performed during
0 min  before seizure assuming independent estimates for groups
f 5 min  window. The estimated F-ratio and p-values summarize
he result of statistical analysis. Statistically, significant changes in
he amplitude of power spectrum harmonics precede the seizure
nset. The ANOVA analysis shows a statistically significant change
n HFO (p = 3.78e−7, F = 5.76) and LFO (p = 0.0091, F = 2.52). A post

oc pairwise comparison is performed in order to reveal where in
ime these differences are significant. On average the significant
hange in HFO and LFO harmonics occurs between 5 and 10 min
efore the seizure onset (Fig. 2a and b). However, there is no sig-

ig. 3. Statistically significant changes in HFO envelope occur 20 min  before seizure. (a) The
hanges in HFO occur first in GCL (black and red color for two  different tips of tetrodes im
eferences to color in this figure legend, the reader is referred to the web  version of the a
stical difference (c), for FO (F = 0.58, p = 0.821). (For interpretation of the references

nificant trend in the main frequency bandwidth (p = 0.821, F = 0.58,
Fig. 2c).

Indeed, averaging data from several seizures can show a certain
trend of HFO characteristics and firing rate (Bower and Buckmaster,
2008) however this type of analysis hides significant details regard-
ing nonlinear dynamics and transitory regimes that occur in every
seizure (Fig. 1a and b).

A representative example of HFO propagation between granule
cell layer (GCL), hilus and CA3 during 60 min  before the seizure

onset is shown in Fig. 3a. The statistically significant change in
HFO occurs first in GCL layer then expands to CA3 region and hilus
(Fig. 3b). The trajectory in frequency domain remains bounded and
starts to be perturbed only during the preictal period.

 propagation of HFO between (GCL), hilus and CA3 region. (b) Statistically significant
planted in GCL) and they expand to CA3 region and hilus. (For interpretation of the
rticle.)
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Fig. 4. Specific transitory behavior precedes the seizure onset and reveals a severe
dysfunction in local neuronal activity regulation. (a) The normalized change of fir-
ing  rate is represented in blue color and the measure of complexity is scaled and
represented in red color 1 h prior to seizure. The changes that occur in firing rate
correlate with alterations in the dynamics of electric charges. High values of com-
plexity correspond to increased chaotic dynamics (yellow marked regions). (b) The
detail of chaos persistence represents the rectangle from (a). Right before the seizure
onset high values of complexity in red color reveal an unusual longer period with
abnormal persistent chaotic dynamics that marks the transition to seizure. (c) The
presence of persistent chaotic dynamics represented 1 h before the seizure. Right
before the seizure onset unusual persistent chaotic dynamics is detected. Each bar
in  blue color represents the duration of persistent chaotic. The horizontal dashed
red  line marks the critical time (Tcr ∼= 0.5 min). The seizure is a rare event that
occurs only if chaotic dynamic lasts longer than Tcr . (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the web  version of the
article.)
D. Aur / Journal of Neurosc

The periods when chaotic dynamics become persistent show
ontinuous high values of complexity that can be easily detected.
he scaled measure of complexity, in red color and normalized
hanges of firing rate, in blue color, are both represented 1 h prior to
eizure (Fig. 4a). Marked in yellow color are regions that correspond
o low firing rate periods and exhibit persistent chaotic dynamics.
he occurrence of persistent chaotic dynamics is followed by an
ncrease of firing rate which correspond to peaks in HFO envelope
Fig. 1c). During inter-ictal period the duration of persistent chaotic
ynamics is short. Right before the seizure an unusual longer period
ith abnormal persistent chaotic dynamics precedes the seizure

Fig. 4b). In (Fig. 4c) the presence of periods with persistent chaotic
ynamics is displayed 1 h before the seizure.

The representation of regulatory system (Fig. 5a) schematically
hows the relation between neuronal activity, electric field and
ynamics of electric charges. The transitory regime represents a
eneral outcome after a perturbation. A comparison between a the-
retical model of response to impulse perturbation and changes
hat occur in HFO envelope and average firing rate before, during
nd after spontaneous seizures are displayed in (Fig. 5). Globally,
he impulse response of a regulatory system can be approximated
ith a sinc function and is represented in Fig. 5b. If the system is
onlinear this response and the resulting shape can become more
omplex. Remarkable, the shape of HFO envelope and average fir-
ng rate (Fig. 5c and d) follow this theoretical model where three

ain phases can be identified. The raising phase (preictal) shows
n increasing trend in the average firing rate and HFO amplitude.
he ictal phase is characterized by peak HFO and firing rate val-
es and the postictal period is characterized by a decrease in HFO
nd firing rate fluctuations. The transitory regime that precedes
eizure generation (preictal state) is characterized by brief periods
hen chaotic dynamics occur (Fig. 5c and d). These periods display

ncreased values of signal complexity. The period after the seizure
postictal phase) shows a longer transition with prolonged chaotic
iffusion regimes over 20 min  when high values of complexity char-
cterize the dynamics.

. Discussion

The power spectrum analyses show that the regulatory mech-
nism is present in the frequency domain. Most of the time there
re small fluctuations in frequency (Figs. 1c and 3a)  which reflect

 regulatory process that rarely is altered even in the epilepto-
enic regions. Dominant frequency oscillations of electric field
FO) are continuously maintained by neuronal activities. However,
0–20 min  before the seizure in the focal epileptogenic region the
roadband power spectrum occurs. Strong HFO and LFO harmonics
eflect significant changes in the dynamics of endogenous electric
eld, the presence of electrical resonances and chaotic dynamics.
pecifically, the increase in amplitude of LFO harmonics is related
o chaos generation and reflects a universal behavior of nonlinear
ystems (Cvitanovic, 1995; Pritchard and Duke, 1992). Chaotic dif-
usion can develop and its presence becomes evident during the
ecrease, or absence of firing and corresponds to periods when
igh values of complexity are estimated (Fig. 4a). Abrupt changes

n firing rate translate to significant changes in endogenous electric
elds that generate alterations in the dynamics and interactions of
lectric charges. Chaotic dynamics correspond to periods of lower
ring activity which are marked in yellow and magenta color. Large
eaks of the HFO envelope or firing rate characterize electrical res-
nant regimes with low values of complexity (Figs. 4a–c and 5c, d).
The severe dysfunctional regulation of local neuronal activity
epresents the biological substrate of transition to seizure. Right
efore the seizure the decrease in firing rate, the absence of firing
ecomes unusual longer and is translated in a prolonged period
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Fig. 5. A comparison between theoretical model of response to perturbation in a linear system and the transition to seizure represented by changes in HFO and average
firing  rate before, during and after spontaneous seizures. (a) Schematic representation of regulatory system where changes in neuronal activity, electric field and dynamics of
electric charges are strongly related. (b) The response of regulatory linear system to impulse is the sinc function. (c) Fluctuations of average firing rate 1 h before the seizure
represented in blue color show periods with lower neuronal activity characterized by increased chaotic dynamics revealed by high values of signal complexity plotted in
red  color. Chaotic dynamics develops during preictal periods (marked in yellow) and postictal periods (marked in magenta). (d) The changes in HFO  envelope 1 h before the
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marked in magenta color). The peaks in HFO amplitude define elevated neuronal fi
eferred  to the web  version of the article.)

f persistent chaotic diffusion (Fig. 4a–c). If chaotic dynamics lasts
ver 30 s the transition to ictal state is certain. Therefore, this pro-
onged persistent chaotic regime is a specific feature, characterizes
ysfunctional regulation and marks the transition to seizure. Once
he resonant regime occurs in the focal region it expands very fast
n larger areas and generates the seizure. Since only a severe alter-
tion of neuronal activity leads to seizure then the ictal state is a
are event.

The nature of regulation mechanisms and physical phenomena
nvolved in this transition supports some models of seizure genera-
ion and rules out others. Before the seizure onset different types of
eurons including granule cell units and interneurons display sim-

lar increasing fluctuations of firing rate (Fig. 1a). In the focal region
0–20 min  in advance the process of recruitment of different types
f neurons that perform similar dynamics is essential to generate
he seizure. Therefore, independent of their type all neurons have
imilar active role in seizure generation. Under extensive, persis-
ent chaotic diffusion relevant differences between different types
f neurons disappear and all types of cells start to fire together and
enerate the transition to ictal state.

Since different types of neurons do not seem to reveal distinct
ole in seizure generation, a more general model is required to
xplain the transition to seizure. Specifically, these analyses sug-
est that impaired regulation of local neuronal activity significantly
hanges the characteristics of endogenous electrical field in the
ocal region and is the fundamental source of seizure generation.
ince dysfunctional regulation does not always occur, then indeed
he ictal state is a rare event.

The increased fluctuations of firing rate during pre-ictal period
s equivalent to a response to a ‘perturbation’ that changes local
ndogenous electric field and the dynamics of electric charges in
he epileptogenic region. This approach offers a required frame-

ork to relate nonlinear dynamics of Kolmogorov Arnold Moser

heory (KAM) (Kolmogorov, 1954; Arnold, 1963; Moser, 1967) and
ts extensions to explain essential changes in the characteristics
f electric field and charge dynamics. In this case the KAM theory
rizes low HFO values. During postictal phase similar chaotic periods are developed
tes. (For interpretation of the references to color in this figure legend, the reader is

refers to Hamiltonian systems with many degrees of freedom that
describe the motion of charged particles in electric field. The the-
oretical aspects involved in a transition to chaotic behavior were
presented in Chirikov (1979),  Reichl (2004).  A perturbation with
higher energy determines diffusion across the resonances lines
(resonance interference) and a fast transition to chaotic dynamics.
The interaction between resonances in perturbed and unperturbed
orbits generates transitory regimes that lead to chaotic behavior
(Luo, 2006). The prolonged period of chaotic diffusion (postic-
tal phase) follows strong resonant regimes developed during the
seizure and is maintained if neurons have low firing rates (Fig. 5c).
Since in a nonlinear system, the resonance frequency depends on
action, then changes in action (perturbations) are reflected in alter-
ations of power spectrum harmonics. This phenomenon explains
significant changes in the amplitude of power spectrum harmonics
that precede the seizure onset (Fig. 2). In addition in systems with
many degrees of freedom (e.g. charges in electric field) diffusion can
occur along the resonance lines (Arnold diffusion) and determine a
gradual transition to chaotic behavior.

Many factors that include changes in morphological and molec-
ular basis can act together or separately and alter local regulation
of neuronal activity. Genetic mutations of ion channels (Claes et al.,
2001; Escayg and Goldin, 2010) failure of glutamate reuptake from
the extracellular space (Moritani et al., 2005), aberrant synaptic
connectivity(Jacobs et al., 1999), terminal sprouting (Tauck and
Nadler, 1985), potassium lateral diffusion (Park and Durand, 2006)
glial buffering on extracellular potassium are only few phenomena
that can lead to impaired regulation of local neuronal activity.

This result strongly suggests that the regulation of neuronal
activity (firing rate homeostasis) is required to avoid the persis-
tent chaotic dynamics in the focal epileptogenic region. Therefore,
maintaining a sustained neuronal activity in every brain region is

required to control chaotic dynamics. However ‘excessive order’
needs also to be also avoided. During the seizure (about 2 min,
Fig. 5b) loss of consciousness can occur followed by confusion
and lack of responsiveness (Fagan et al., 1990). Both phenomena
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uggests that information processing is altered either due to “exces-
ive” order during the ictal state or due increased periods with
bnormal low firing rate and persistent chaotic dynamics (dis-
rdered states) in the post-ictal phase. These results point to a
elationship between altered conscious experience and intrinsic
haracteristics of endogenous electric field and reveal a general
hysical model of computation previously presented in neuroelec-
rodynamics (Aur and Jog, 2010).

. Conclusion

The paper presents a combination of several methods applied
ogether to analyze data recordings that brings a cross-disciplinary
nderstanding of the mechanisms involved in seizure generation.
xperimental data analysis and analytical models show that the
rocess underlying seizure generation is a rare event, the effect
f a severe dysfunctional regulation of neuronal activity inside
pileptogenic region. This dysfunctional regulation of neuronal
ctivity in the epileptogenic region is translated in significant
hanges in endogenous electric field that determines the occur-
ence of electrical resonances and chaotic dynamics that lead to
eizure.

The result of this analysis rules out a precise long term seizure
orecasting. However, it clarifies the possibility of accurate short
ime seizure prediction and effective close loop neuromodulation
Aur et al., 2010). The regularity of the motion and transitory
egimes are specific characteristics of multi-dimensional physical
ystems. These results show that underlying physical principles are
niversal in nature, they can be observed and transferred between
ifferent fields and may  reveal the secrets of disturbing neurologi-
al condition.
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a  b  s  t  r  a  c  t

Spike  directivity,  a new  measure  that  quantifies  the  transient  charge  density  dynamics  within  action
potentials  provides  better  results  in discriminating  different  categories  of visual  object  recognition.
Specifically,  intracranial  recordings  from  medial  temporal  lobe  (MTL)  of epileptic  patients  have  been
analyzed  using  firing  rate, interspike  intervals  and  spike  directivity.  A  comparative  statistical  analysis
of  the  same  spikes  from  a local  ensemble  of four  selected  neurons  shows  that  electrical  patterns  in  these
neurons  display  higher  separability  to  input  images  compared  to spike  timing  features.  If  the  observa-
tion  vector  includes  data  from  all four neurons  then  the comparative  analysis  shows  a highly  significant
separation  between  categories  for spike  directivity  (p = 0.0023)  and  does  not  display  separability  for
eural code
anoneuroscience
euroelectrodynamics

interspike  interval  (p  =  0.3768)  and  firing  rate  (p = 0.5492).  Since  electrical  patterns  in  neuronal  spikes
provide  information  regarding  different  presented  objects  this  result  shows  that  related  information  is
intracellularly  processed  in  neurons  and  carried  out within  a millisecond-level  time  domain  of  action
potential  occurrence.  This  significant  statistical  outcome  obtained  from  a  local  ensemble  of  four  neurons
suggests  that  meaningful  information  can  be  electrically  inferred  at the network  level  to  generate  a  better
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. Introduction

One important function of the brain is to represent, trans-
orm and integrate information received from sensory inputs. Large
opulations of neurons are commonly involved in information pro-
essing in the nervous system. How is this information processed
y every cell in the network and how is information integrated in
he brain remained unexplained.

Traditional approaches to neural coding hypothesize that infor-
ation is represented in the spike rate of neurons (Shadlen and
ewsome, 1994) or precise timing or of individual spikes (Bialek
t al., 1991). More recently besides firing frequency data, inter-
pike interval (ISI) has been assumed to characterize stimuli inputs
nd provide an accurate representation of distributed neural code
Gerstner and Kistler, 2002). The classical coding model highlights
he importance of temporal patterns in large-scale brain networks
Shadlen and Newsome, 1994; Abbott et al., 1997; Honey et al.,
007; Felleman and Van Essen, 1991; Softky and Koch, 1993).
herefore, the main idea of recordings and current analyses in neu-
Please cite this article in press as: Aur D. A comparative analysis of integratin
(2012),  doi:10.1016/j.jneumeth.2012.03.008

oscience is to analyze and decode temporal patterns.
The neuronal activity in the temporal lobe is related to visual

ecognition of different objects (Liu et al., 2009). In particular these
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neurons can show selective, invariant, and explicit responses to a
set of images. We  know from Kreiman et al. (2000) that the same 

neurons are activated during vision and visual imagery and that fir- 

ing rate is able to separate between various categories. Quiroga et al. 

(2005) showed that single MTL  neurons fire selectively in response 

to a particular face, animal, object or scene since single neurons may  

encode features of particular objects. Almost always responses in 

single units outlast stimulus presentation and can be associated 

with conscious recognition (Quiroga et al., 2005). 

However, these analyses have raised many new questions. How 

are categories identified, classified and remembered in these neu- 

rons? Are specific neurons or network modules dedicated to face 

perception? What is the relationship between temporal patterns 

(firing rate, ISI) and memory formation? 

In this paper we try to provide some answers using ‘spike 

directivity’, a new measure that captures electrical features dur- 

ing action potential (AP) propagation. Contrary to common belief 

action potentials are not uniform (stereotyped) pulses of electric- 

ity. The digital-like uniformity of action potentials is not validated 

by experimental data (Quirk et al., 2001; Aur et al., 2005; Aur 

and Jog, 2006, 2007, 2010; Sasaki et al., 2011). Simple computa- 

tional techniques can be used to extract information from small 
g visual information in local neuronal ensembles. J Neurosci Methods

changes in APs waveforms (Aur et al., 2005; Aur and Jog, 2006). 63

For every recorded spike, a new measure spike directivity (SD) can 64

be computed using extracellular recordings. Multiple monopoles 65

can describe the current source density of a spike and provide 66
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nformation regarding spatial distribution of electrical processes
eveloped in the cell. If a reference in space is considered (e.g.
ne tip of tetrodes) then changes in transient charge density that
ccur intracellularly during action potential (AP) propagation can
e represented and monitored (Aur et al., 2005).

Indeed, various characteristics can be used to analyze neu-
onal activity however, here only three hypotheses are considered.
he first hypothesis assumes that firing rate characteristics can
rovide accurate measures of information processed by neurons
uring object presentation. The second hypothesis is that interspike

nterval distributions can provide accurate measures of informa-
ion processed by neurons during object presentation and the
hird hypothesis states that spike directivity characteristics provide
ccurate measures of information processed by neurons during
bject presentation. Therefore, the main idea is to test statistical
ignificance of these hypotheses in providing information regard-
ng object category. In order to test above hypotheses, the activity
f a relatively small subset of neurons from MTL  that responded
o series of presented images is analyzed. Only three categories of
mages are analyzed, images of faces, images of animals and images
f landscapes. Each category includes five presented images.

. Data collection materials and methods

The data was previously recorded from patients with pharmaco-
ogically intractable epilepsy that have been implanted as described
n Kreiman et al. (2000) with depth electrodes to detect the area
f seizure onset. The placement of the depth electrodes in the
TL  followed limited clinical requirements. Images of faces, ani-
als, and landscapes were presented for 1 s, with 1 s pause after
Please cite this article in press as: Aur D. A comparative analysis of integratin
(2012),  doi:10.1016/j.jneumeth.2012.03.008

ach presentation, in pseudo-random order on a laptop computer
n multiple recording sessions, six times each. During all sessions
atients were asked to indicate whether a human face was  pre-
ented. All patients were able to identify human faces with the error
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Fig. 1. The mean amplitudes of waveforms recorded from fo
 PRESS
ethods xxx (2012) xxx– xxx

rate less than 1%. Majority of these neurons responded to several 

presented images. Spike detection and sorting were performed and 

applied to recorded data using well established algorithms. Three 

main categories of presented images are considered for analysis. 

The firing rate characteristics, interspike interval distributions and 

spike directivity characteristics are computed. 

The raw cross-correlations of recorded data indicate the 

presence of similar APs recorded from at least four implanted elec- 

trodes. Therefore, the same APs were detected in at least four 

electrodes that can be considered to form a ‘tetrode’ framework. An 

automated unsupervised classification of multidimensional data in 

the tetrode setup was  used (KlustaKwik, Harris et al., Rutgers Uni- 

versity). The default values of KlustaKwik from Mclust along with 

energy features are used to cluster the recordings. Pre-clustered 

spikes with similar means were merged together and from 17 

clusters and only 9 clusters were further considered, about 2000 

spikes. The selection of neurons was  determined by the require-
ments to compute spike directivity from recorded AP shapes. Since
spike directivity analysis requires extracting information from the 

variability of AP shapes, action potentials (APs) from neurons that
generate smaller amplitudes are not included. Therefore, neurons 

that generate small AP amplitudes (max values <0.1 mV)  were not
considered and also one cluster with very high amplitudes was  not 

further included. Four neurons represent the maximum number of 

neurons that have amplitudes >0.1 mV  and can be well separated 

using the same group of electrodes. This procedure was followed 

by a manual selection of spikes. The final result shows four well 

separated clusters with signal amplitudes >0.1 mV  which provided 

four neurons (N1–N4) with their APs that were further analyzed 

(Fig. 1). For each category and for all four analyzed neurons the 
g visual information in local neuronal ensembles. J Neurosci Methods

peristimulus time histogram (PSTH) with equal bin size (20 ms) 129

shows the times at which the neurons fire APs. The response in 130

these neurons did not disappear with stimulus offset and continued 131

up to 2 s after stimulus offset. Therefore, the entire period between 132
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ur selected neurons (A) N1, (B) N2, (C) N3 and (D) N4.
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Table 1
The maximum values for the means of amplitudes for all 4 selected neurons.

Channel 1 [�V] Channel 2 [�V] Channel 3 [�V] Channel 4 [�V]

N1 130.2 125.0 177.7 161.3
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N2 161.6 122.8 

N3 154.2 140.7 

N4 126.4 143.7 

00 ms  and 2000 ms  after stimulus onset is considered in these
nalyses. The presence of a refractory period in single units has
een checked (less 1% spikes within <3-ms ISI). The maximum val-
es of the means of APs amplitudes provide the difference between
our channels in a tetrode configuration where about 550 spikes are
enerated by 4 neurons (Fig. 1 and Table 1). Without performing
omplex cell membrane recordings or intracellular recordings the
xtracellulary recorded potentials can be used to estimate changes
n charge density that occur inside neurons using the charge move-

ent model (Aur et al., 2005). Multiple monopoles can describe
he current source density of a spike (Aur and Jog, 2006, 2010;
old et al., 2006). The monopole technique was  experimentally

ested (Lee et al., 2011). For each clustered spike we  computed spike
irectivity using the algorithm presented in Aur et al. (2005).  To
aintain a correct search direction, a test for positive definiteness

f J matrix is required and corrections are introduced if necessary
Dennis and Schnabel, 1983) using plausible convergence criteria to
top the algorithm (Isaacson and Keller, 1994; Mittelhammer et al.,
000). Since the sample size is similar (n > 40) and the same spikes
re used, then statistical methods can well capture the difference
etween different methods of analysis.

.1. Image presentation and hypotheses

The set of images includes five faces with corresponding
eatures f FACES = {f Face1, f Face2, f Jennifer, f Ander, f Drew}, five ani-

als with features fANIM = {fMonkey, fHorse, fEleph, fSpider, fTiger} and
ve landscapes fLAND = {fOut10, fOut12, fOut20, fOut26, fOut28} where

FACES ∈ FFACES, fANIM ∈ FANIM and fOUT ∈ FOUT. The presentation of each
mage category generates neural activity which is the response
onsidered to be the ‘output space’ with corresponding char-
cteristics for faces hFACES = {hFace1, hFace2, hJennifer, hAnder, hDrew},
nimals hANIM = {hMonkey, hHorse, hEleph, hSpider, hTiger} and landscapes
LAND = {hOut10, hOut12, hOut20, hOut26, hOut28} where hFACES ∈ HFACES,
ANIM ∈ HANIM and hOUT ∈ HOUT. The set of features fi varies from
mage to image, however objects from a certain category have
o share specific features. This set of features that characterize
resented images contains relevant attributes which may  include
emantic aspects or other particular characteristics. The neural
esponse can be measured by estimating the firing rate. Given a set
f features fi ∈ F the neuron transforms (maps) the set of input fea-
ures in series of action potentials (APs) in such way that hfiringi

∈ HF

epresents the image feature fi:

TF−→HF (1)

here TF is the transformation from image feature to firing
haracteristics. Since images are repeatedly presented, then the
stimation of firing rate can be obtained if this value is averaged. The
ean firing rate response to a picture is computed as the median

umber of spikes across trials between 200 and 2000 ms  after stim-
lus onset. The probability density of ISI can be also considered a
easure of neural activity which embeds information. Therefore,
Please cite this article in press as: Aur D. A comparative analysis of integratin
(2012),  doi:10.1016/j.jneumeth.2012.03.008

iven the same set of features fi ∈ F the neuron transforms (maps)
his set of features in interspike interval characteristics hISIi ∈ HISI

TISI−→HISI (2)
149.1 161.3
116.1 147.7
148.4 121.5

where TISI is the transformation from image feature to ISI data. The 

probability density of ISI is obtained using a kernel density esti- 

mator that generates the characteristics hFACES
ISI for faces, hANIM

ISI for 

animals and hLAND
ISI for landscapes. 

The existence of patterns of activation (micro-maps) deter- 

mined by different spatial charge densities has been recently 

evidenced in APs (Aur et al., 2005; Aur and Jog, 2006). Since APs
are spatially modulated in a meaningful way  (Aur and Jog, 2010)
then it is expected that electrical patterns within spikes contain 

information from presented images. Therefore, given a set of fea-
tures fi the neuron transforms (maps) these features in electrical 

patterns and spike directivity characteristics fi ∈ F 

F
TSD−→HSD (3) 

where h(xi, yi, zi) represents the distribution of electrical charges 

in Cartesian coordinates (xi, yi, zi) and TSD is the transformation 

from object feature into a distribution of electric patterns within 

spikes. Since spike directivity characterizes the transient density of 

electrical charges, then the third hypothesis is that the relation- 

ship between object presentation and the presence of electrical 

patterns (micro-maps) is not random and can be captured by an 

analysis of spike directivity. Since every spike directivity vector 

points on a sphere surface (Fig. 2a) the corresponding output fea- 

tures hSDi
∈ HSD are determined by estimating spike directivity and 

corresponding representation as distinct points on the unit sphere 

(Fig. 2b): 

S2 = {r ∈ R3 : ||r|| = 1} (4) 

In order to analyze the resulting distribution of the head of 

arrows on the unit sphere all three-dimensional Cartesian coor- 

dinates (xi, yi, zi) are mapped into spherical coordinates �i and ϕi
where: 

�i = a tan
(

yi

xi

)
(5) 

and 

ϕi = a tan

(
zi√

x2
i

+ y2
i

)
(6) 

The density of mapped features (only �i angle is considered) can 

be estimated using a kernel density estimator:

�
h(�) = 1

ns

n∑
i=1

(
K(� − �i)

s

)
(7) 

where K is a Gaussian kernel and s is the smoothing parameter 

Terrell and Scott (1992).  These electric patterns represented on the 

unit sphere map  specific features of faces hFACES
SD , animals hANIM

SD or 

landscapes hLAND
SD . 

3. Results 
g visual information in local neuronal ensembles. J Neurosci Methods

All four analyzed neurons responded primarily to all different 226

images. Two  different spikes recorded from the same neuron can 227

display different spike directivities (Fig. 3). The electrical activ- 228

ity appears mirrored (Aur et al., 2005). Since the entire device is 229

dx.doi.org/10.1016/j.jneumeth.2012.03.008
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Fig. 2. (A) The representation of spike directivity as a vector in red color when electrical patterns occur simultaneously in two axonal branches (adapted from Aur and Jog
(2010)).  X and Y represent the coordinates in microns of 2D-view of recorded spike. (B) A schematic representation of scaled neuron in the unit sphere. The spike directivity
is  represented in red color. The arrow head points on the 2-sphere surface. In a spherical coordinate system the angles � and ϕ characterize the orientation of spike directivityQ3
vector (� values range from 0 to 2� while ϕ values range from 0 to �). (For interpretation of the references to color in figure legend, the reader is referred to the web version
of  the article.)

Fig. 3. Two  different spikes from the same neuron recorded by four electrodes represented in blue, red, green and yellow display two different spike directivities. The panels
C  and D are estimates from panels A and B. The differences of recorded voltages within these two  spikes represented in A and B are mapped into corresponding changes
o ius one (‖r‖ = 1). (A) Four recorded waveforms and their corresponding spike directivity
r orresponding spike directivity represented on the South hemisphere (D).
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Table 2
A comparative analysis one way ANOVA test.

Firing rate ISI SD

p F p F p F
f  spike directivity in C and D. The head of the arrow points on a sphere with rad
epresented on the north hemisphere (C). (B) Four recorded waveforms and their c

symmetric, the representation of spike directivity on the north
emisphere provides a better resolution and displays in an explicit
opographic manner the relationship with encoded categories (Fig.
). Assuming normality of data, one way ANOVA statistics can be
sed to determine if these characteristics of faces, animals and land-
capes are well separated. A similar analysis is performed for firing
ate and ISI probability densities and then compared.

The estimated F-ratio and p-values summarize the result of
Please cite this article in press as: Aur D. A comparative analysis of integrating visual information in local neuronal ensembles. J Neurosci Methods
(2012),  doi:10.1016/j.jneumeth.2012.03.008

omparative statistical analysis (see Table 2). Larger values of F-
atio show that the variation among group means do not occur by
hance. In the first two neurons one way ANOVA statistics of fir-
ng rate characteristics does not provide any separation between

N1 0.678 0.4 0.3196 1.15 0.028 3.62
N2 0.248 1.57 0.0008 7.3 0.0012 6.87
N3 0.09 2.95 9.9749e-007 14.48 0.065 2.75
N4 0.0261 5.01 0.1723 1.77 0.011 4.57

dx.doi.org/10.1016/j.jneumeth.2012.03.008
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Fig. 4. The representation of spike directivity features is mapped on the north hemisphere of four neurons. The corresponding probability density estimate of spike directivity
(�i angles) of faces in red color, animals in blue color and landscapes are represented in yellow color. (A) The representation of spike directivity head arrows on the unit
sphere; (B) The probability density estimates of spike directivity (�i angles) display clustering effects in all four neurons (faces in red color, animals in blue color, landscapes
in  blue color). (For interpretation of the references to color in figure legend, the reader is referred to the web  version of the article.)

dx.doi.org/10.1016/j.jneumeth.2012.03.008
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Table 3
Both tests ANOVA and Kruskal–Wallis show similar differences.

Firing rate ISI SD

p pKW pANOVA pKW pANOVA pKW

N1 0.678 0.5398 0.3196 0.2116 0.028 0.0439
N2 0.248 0.2350 0.0008 0.0347 0.0012 0.0068
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ategories (p-values >0.1) N1: p = 0.678, N2: p = 0.248). However,
he observed difference is significant (p < 0.05) in the neuron N4:

 = 0.0261 and marginally significant (p < 0.1) in the neuron N3:
 = 0.09. Similar analysis carried on using probability density of ISI
isplays highly significant category separability (p < 0.001) in two
eurons (N2: p = 0.0008; N3: p = 9.9749e-007) and does not pro-
ide any separation in the other two neurons (N1: p = 0.3196; N4:

 = 0.1723). Interestingly, the neuron where the firing rate shows
igh separability between ISI characteristics (N2: p = 0.0008) is
he one where firing rate does not provide any separation (N2:

 = 0.248). Additionally, for firing rate the difference is significant
n N4 (N4: p = 0.0261) and does not display separability if ISI is ana-
yzed in N4 (N4: p = 0.1723). However, one way ANOVA statistics
f probability density function of the � angle shows that electric
haracteristics generated during AP propagation in these neurons
ignificantly separate these categories with p-values: N1: p = 0.028,
2: p = 0.0012; N4: p = 0.011 and the difference is marginally signif-

cant in one neuron (N3: p = 0.065 < 0.1).
If the observation vector includes data from all 4 neurons,
Please cite this article in press as: Aur D. A comparative analysis of integratin
(2012),  doi:10.1016/j.jneumeth.2012.03.008

hen the comparative analysis shows a highly significant separa-
ion between categories for spike directivity (F = 6.09, p = 0.0023)
nd does not display separability for ISI (F = 0.98, p = 0.3768)
nd firing rate (F = 0.61, p = 0.5492). The normality of data is

ig. 5. The electrical activity of selected neuron (N1) displays a direct relationship to enc
stimate of arrowhead positions of spike directivities on the north hemisphere across � a

0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

Landsc apes

Animals

Faces

SD,  all   groups have mea ns s ignificantly

 diff erent from  Animals

0.34 0.35 0.36 0.37 0.38 0.39 0.4 0.41 0.42 0.43

Landsc apes

Animals

Faces

ISI,  no groups have means  significantly 

diff erent  from Animals

La

C 

A 

ig. 6. A post hoc pairwise comparison shows differences between SD, firing rate and 

ignificant difference occurs between animals and the other two  categories (faces and la
onsidered. (C) There is no significant difference between categories if ISI is considered.
N3 0.09 0.0743 9.9749 × 10−7 0.2099 0.065 4.692 × 10−9

N4 0.0261 0.0331 0.1723 0.2358 0.011 1.26 × 10−5

not an issue and does not change the significant difference 

between firing rate, ISI and spike directivity. The application 

of Kruskal–Wallis method shows similar significant differences 

between temporal coding (firing rate, ISI) and spike directivity
(Table 3). In addition, the Kruskal–Wallis method does not require 

the assumption of a normal distribution. If the observation vector 

includes data from all 4 neurons, the comparative analysis with
Kruskal–Wallis displays even a higher separation between cate- 

gories than ANOVA (pKW = 2.629 × 10−7). Also, in this small local 
g visual information in local neuronal ensembles. J Neurosci Methods

network, the Kruskal–Wallis test does not display separability for 274

ISI (pKW = 0.8904) or firing rate (pKW = 0.4888). A post hoc pairwise 275

comparison shows that the difference between animals and other 276

groups (faces and landscapes) is relevant. The firing rate and ISI 277

oded categories in a topographic manner. The two dimensional probability density
nd ϕ angles for (A) faces, (B) animals and (C) landscape.

6 6.5 7 7.5 8 8.5 9 9.5

ndscape s

Animals

Faces

Firing rate,  no gr oups have means significantly 

diff ere nt  from  Animals

B 

ISI analyses in four selected neurons (A) If spike directivity is considered then a
ndscapes). (B) There is no significant difference between categories if firing rate is

dx.doi.org/10.1016/j.jneumeth.2012.03.008
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nalysis do not provide a significant difference between the groups
Fig. 6).

. Discussion

In these four selected neurons spike directivity analysis outper-
orms firing rate and ISI outcome in relating neuronal activity with
ategory presentation. Statistical analysis shows that spatial dis-
ribution of electrical patterns is not random, it caries information
egarding presented images and their categories (Fig. 5). The change
n electrical patterns follows the anatomical model of the cell, the
eometry and topology of active regions involved in spike gener-
tion (Fig. 2). The comparative analysis of spike directivity data
rom all four neurons together provides a highly significant separa-
ion between categories in both tests (ANOVA: F = 6.09, p = 0.0023;
ruskal–Wallis, pKW = 2.629 × 10−7) while firing rate and interspike

nterval data recorded from the same group of neurons do not dis-
lay statistical significant separability. The occurrence of electrical
atterns and spatial modulation of action potential is determined
y presented objects and shaped by specific morphological charac-
eristics of neurons (Figs. 2 and 4). Since all four neurons respond
o analyzed categories and provide highly significant separation
etween categories in both tests, these results suggest that infor-
ation regarding presented images is intracellularly processed

n many neurons and electrically inferred during AP generation.
ithin a millisecond-level time domain of AP generation the tran-

ient charge density dynamics provides meaningful information
egarding object category representation. These neurons behave
s ‘weak learners’ that attend to preferred spatial directions in the
robably approximately correct sense (Aur and Jog, 2007).

Indeed, statistical analysis of electrical patterns in neuronal
nsemble can tell more about the image class than using a sepa-
ate analysis in single cells. A different spatial propagation of action
otentials can determine a change in synaptic connectivity which
ay  alter the communication of information in the network. There-

ore, a different spatial propagation will target different synapses,
hange proximity interactions and ephaptic coupling (Anastassiou
t al., 2011). A spatial modulation of AP propagation can alter the
ynaptic function via Ca2+ signaling that may  increase the release of
eurotransmitters with direct effects on ion channels in the post-
ynaptic neuron. The selection of neurons with APs (max values
0.1 mV)  is solely required to accurately estimate spike directivity
nd does not limit the generality of results.

This fundamental approach in perceiving information in electri-
al patterns within spikes connects changes in electrical patterns
ith molecular machinery (Wang et al., 1998; LaFerla, 2002; Woolf

t al., 2009; Guan et al., 2009; Aur, 2011; Aur et al., 2011) and
omplex electrochemical processes that spatially modulate AP
ropagation (Aur et al., 2011). If only few neurons are analyzed (e.g.
our), firing rate and ISI do not always display statistical significant
elationship with presented objects categories (Fig. 6). In addi-
ion, the analysis of temporal patterns (ISI, firing rate) shows that
he local ensemble does not seem to perform significantly better
han individual neurons (pKW = 0.8904, pKW = 0.4888). Therefore,
he fundamental aspects of information processing, communica-
ion and computation may  be hidden to temporal analysis (firing
ate, ISI).

Indeed, the roots of intelligent action seem to lie deep in infor-
ation processing performed by single cells (Ford, 2009, 2010).

hese simple cells have evolved to carry electric signals ‘became’
eurons in order to electrically integrate various information in the
Please cite this article in press as: Aur D. A comparative analysis of integratin
(2012),  doi:10.1016/j.jneumeth.2012.03.008

rain. Earlier theoretical models have revealed complex intracellu-
ar phenomena where molecular structures are directly involved in
nformation processing (Barlow, 1996; Hameroff et al., 2002, 2010;
idaparti et al., 2007; Woolf et al., 2009; Craddock et al., 2010). All
 PRESS
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of them have suggested the existence of sub-cellular platforms for 

information processing which preferentially regulate protein sig- 

naling pathways required to store fragments of information at the 

level of individual proteins. 

5. Conclusion

The response of a local ensemble of four neurons to differ- 

ent presented images is captured by temporal coding features 

(firing rate, ISI) and spike directivity. Importantly, this small sub- 

set of neurons recorded by the same group of electrodes form 

together a local ensemble. If information from electrical patterns 

is considered the ensemble shows a better outcome in category 

recognition than any separate neuron. This property cannot be
extended to temporal coding features. In fact, these experimen- 

tal results confirm the existence of an important sub-cellular level 

for information processing. In this small local network, estimated 

electrical patterns provide enhanced discrimination of presented 

images. Meaningful changes in electrical patterns reveal that infor- 

mation regarding presented objects is processed within cells and 

electrically integrated in the brain. This outcome highlights a 

neuroelectrodynamic model of computation by interaction which 

brings back the strength of physical laws to explain the complex- 

ity of information processing in the brain (Aur, 2011; Aur and Jog, 

2010; Aur et al., 2011). In addition the interaction between neurons 

including connectivity seems to be influenced by intracellular pro- 

cesses which can spatially modulate the propagation of APs. The 

all or none AP allows a fast interaction inside the cell when infor- 

mation stored within molecular structure (e.g. proteins) is carried 

out and integrated within the generated electric flux. Overall, this 

fast process (action potential-1 ms)  is more energy efficient than
a graded response since it provides stronger interaction with less 

energy. With adequate computational methods (e.g. spike directiv- 

ity) this meaningful information that occurs during AP generation 

can be directly extracted from spikes. Spike directivity is a vector 

that quantifies changes in transient charge density during action 

potential propagation and reflects the interaction between charge 

densities embedded within molecular structures (e.g. proteins) and 

the transient developed flow of electrical charges. The presence of 

information regarding presented objects in the extracellular space 

suggests that various informations can be electrically integrated 

in the brain. These phenomena that occur within APs may  pro- 

vide a step forward in understanding the fundamental gap between 

molecular description, information processing, memory, neuronal 

function and actual framework in cognitive computation. 
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Abstract

The ability of neurons to generate electrical signals is strongly dependent on the evolution of ion-specific pumps and channels that allow the
transfer of charges under the influence of electric fields and concentration gradients. This paper presents a novel method by which flow of these
charge fluxes may be computed to provide directivity of charge movement. Simulations of charge flow as well as actual electrophysiological
data recorded by tetrodes are used to demonstrate the method. The propagation of charge fluxes in space in data from simulation and actual
recordings during action potential can be analyzed using signals recorded by tetrodes. Variation in spike directivity can be estimated by
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computing singular value decomposition of the estimated 3D trajectory data. The analysis of the spike model can be accom
performing simulations of presumed equivalent moving charges recorded by the tetrode tips. For in vivo spike recordings, the v
spike directivity could be obtained using several spikes of selected neurons considering the charge movement model (CMM). The
between computer simulation results and tetrode data recordings is examined. The paper concludes by showing that the method fo
directivity in actual spike recordings is robust. The method allows for improved filtering of data and more importantly may shed
furthering the study of spatio-temporal encoding in neurons.
© 2005 Elsevier B.V. All rights reserved.

Keywords: Tetrode; Spike modelling; Singular value decomposition; Newton–Raphson

1. Introduction

The brain is composed of a large number of electrically
active cells that communicate with each other. Starting from
the early work ofHebb (1949), understanding of brain func-
tion was directed toward the coding properties of groups of
neurons named “cell assemblies”. Few studies focused on the
spatial properties of the action potential (AP). In this context
plasticity changes have been related to overall connection
strength between the pre- and postsynaptic neurons.

The origins of the problems regarding view of cell func-
tioning at an electrophysiological level currently and in the
past may arise from the limited ability of single cell record-
ings that primarily analyze mainly stereotyped waveforms. In
addition, most research that has studied large populations of

∗ Corresponding author. Tel.: +1 519 685 8300x32758.
E-mail address: daur2@uwo.ca (D. Aur).

neurons (Zhang et al., 1998) hoping to find pattern of activ
ities, has largely ignored the study of spatial distributio
electrical events from single spikes as a method of in
mation coding. Current thinking holds that, since the spi
considered to be a reasonably stereotyped waveform for
vidual cells, information flow from cell to cell is suppos
to be carried by the occurrence of the AP at particular t
or rates. In this respect, the spike is felt to be a passive
that does not itself code for anything. Indeed physiolo
often reduce the spike to a discrete scalar event in time
analyze behavior in this context alone.

It is therefore possible that the flow of information w
spike events may be communicated within the milieu o
extracellular space and such information to the surroun
neurons is intrinsic and important in determining the fl
of information outside of what is communicated through
spike event alone. However, spatial features of spike
an essential part of the surrounding milieu of a biolog
cell. Processing of information received from neighbo

0165-0270/$ – see front matter © 2005 Elsevier B.V. All rights reserved.
doi:10.1016/j.jneumeth.2005.05.006
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neurons involve activities in several synapses, ionic channels,
changes in membrane potential that usually have a spatial
distribution.

In order to study the spatial properties of individual neu-
rons and how they affect the spatio-temporal spread of infor-
mation requires the collection of multi-dimensional data for
every spike. Tetrode recordings that utilize four tips allow
such a 4D view of the spike. The goal of much tetrode-
based research is to study these interactions by assigning
spikes to different neurons. Several spike-detection and sort-
ing methods have been proposed in the literature (Gray
et al., 1995; Jog et al., 1999, 2002; Sahani et al., 1998). The
method developed byTakahashi et al. (2003)combines an
independent component analysis andk-means clustering to
solve the spike-overlapping problem within tetrode record-
ings. RecentlyEmondi et al. (2004)developed a reliable pro-
cedure for tracking neurons across files for non-overlapping
data sets.

Based on four measured signals from tetrode our paper
provides a computational approach for determining variabil-
ity of spikes’ spatial directivity. This paper is not another
spike sorting method, nor is it a technique for tracking neu-
rons over days, from tetrode recordings (Chelaru and Jog,
2005; Emondi et al., 2004). The paper presents a method
of computing the directivity of charge flow during action
potentials and its variability in successive spikes within extra-
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Fig. 1. Example of distributed discrete charges in space and their distances
from the point A where the electrostatic potential is computed.

extracellular space. Ion-specific pumps allow the transfer of
charges up and down gradients over a finite volume. Several
ions like K+, Na+, Cl−, Ca2+ carry electric charges and their
movement is influenced not only by concentration gradients
but also by electrical fields. Therefore, ionic fluxJ under the
influence of an electric field and concentration gradient can
be written using the Nernst–Planck equation:

J = −µzC
∂V

∂x
− D

∂C

∂x
(1)

whereV is the electric potential,µ the mobility,z the valence
of the ion,C the concentration andD is the diffusion coeffi-
cient (Schwartz, 1971).

A model of collective ionic motion is proposed for anal-
ysis (Fig. 1). The movement of charged particles during AP
will generate an electrostatic field�E. For analysis, a simpli-
fied spike model includes a single charge in movement that
generates potential variation in the four tips that simulate a
tetrode. The electrostatic potentialVA(x,y, z) in point A due to
charge distribution is a 3D scalar field that can be computed:

VA(r) = 1

4πε

n∑
i=1

qi

ri
(2)

whereε is the medium permittivity,qi andri the charges and
their distances to point A.

ace
a rges.
T f
m

E

tor is
i r
c

V

ellular space. This charge flow directivity may have a
tantial impact on the milieu within which a neuron is ac
nd therefore should not be ignored. This interesting

mportant approach of the dynamics of the spikes ge
ted by neurons, its impact on the extracellular milieu

heir possible intricate relationship, does not yet exist in
iterature.

In the first step of the algorithm, a simplified spike mo
ased on charges in movement is constructed. For the “c
ovement model”, the trajectory of charge is computed u
Newton–Raphson algorithm followed by a singular v

ecomposition algorithm that is performed to determine
irectivity of the artificially generated spike. The traject
ives the overall direction of AP propagation from star
nish. However, since the spike trajectory is a curve, it is
o easy to compare trajectories of several spikes. A l
pproximation of the trajectory is needed for easier sp
ariability investigation for which singular value decom
ition (SVD) is performed. The computed components
he largest singular value and its corresponding right si
ar vector represents, in fact, the main directivity tende
or the spike in the computational space.

. Charge movement model

Neurons are enclosed by plasma membranes whos
ary function is to control the passage of ions and molec
iffusion of ions from high to low concentration is t
ffect of concentration differences between intracellular
The electrostatic field is a quantity that varies in sp
nd is determined by the configuration of source cha
he lines of the electrostatic field,�E point in the direction o
aximum increase of electrostatic potential�E = −∇V or:

� (�r) = 1

4πε

n∑
i=1

qi

r3
i

�ri (3)

If these charges are moving in space and if a conduc
n the field the drop of potential in a length�l of conducto
an be computed by:

b(t) − Va(t) = I(t)�l

σA
(4)
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Fig. 2. The electrostatic field�E generated by charges in movement in a
conductor with length�l.

whereA is the area,σ the conductivity and�l the length of
the conductor and�E could be considered constant (Fig. 2).

Since conductivityσ, areaA and the length�l are the
same for every tetrode tip equation(3) can be written:

V i
b(t) − V i

a(t) = Ii(t)�l

σA
, i = 1, 2, 3, 4 (5)

whereIi is the current generated in the tipi of tetrode by drop
of potential in a length�l of the conductor.

Substituting Eq.(2) into Eq.(5) one can write:

1

4πε

n∑
i=1

qi

ra
ij(t)

− 1

4πε

n∑
i=1

qi

rb
ij(t)

= Ii(t)�l

σA
, j = 1, 2, 3, 4

(6)

This is equivalent to a point charge
∑n

i=1qi at distance
Ra

j =∑n
i=1

1
ra
ij

andRb
j =∑n

i=1
1
rb
ij

. Therefore, Eq.(6) can be

written:

1

4πε

(
q

Ra
j

− q

Rb
j

)
= kIj(t), j = 1, 2, 3, 4 (7)

wherek = �l
σA

.
The left side of Eq.(7) is the potential of a physical electric

d
t
c

w
b o a
s e
c

3

t ince
t tely
t ing

nonlinear system of equations:

s0(k)

s1(k)
= (x(k) − x1)2 + (y(k) − y1)2 + (z(k) − z1)2

x(k)2 + y(k)2 + z(k)2
,

s0(k)

s2(k)
= (x(k) − x2)2 + (y(k) − y2)2 + (z(k) − z2)2

x(k)2 + y(k)2 + z(k)2
,

s0(k)

s3(k)
= (x(k) − x3)2 + (y(k) − y3)2 + (z(k) − z3)2

x(k)2 + y(k)2 + z(k)2
(9)

wherexi, yi, zi (i = 1, 4) are the positions in the space of
the tetrode. The same equations could be obtained from the
hypothesis that the position of sourceq is at intersection of
four spheres (Jog et al., 2002). The equations in(9) can be
written as a nonlinear systemfj(x, y, z) = 0, j = 1, . . ., 3 where
F = (f1, f2, f3). An iterative Newton–Raphson scheme is used
to find solution for the nonlinear system:

dn+1 = dn − J−1F(dn), n ∈ N (10)

where the JacobianJ of functionF is:

J =




∂f1

∂x

∂f1

∂y

∂f1

∂z

∂f2

∂x

∂f2

∂y

∂f2

∂z

∂f3 ∂f3 ∂f3




(11)

-
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ipole that consists of two equal and opposite chargesq. From
he law of cosines in the dipole case (Griffiths, 1999) Eq.(7)
an be written:

1

4πε

(
qdj cosθj

R2
j

)
= kIj(t), j = 1, 2, 3, 4 (8)

heredj is the distance between charges andθj is the angle
etweenRj and the dipole direction. That is equivalent t
ingle charge at distanceRj. Therefore, the trajectory of th
hargeq can be obtained using the following approach.

. Computing the trajectory

Let us considers0(k), s1(k), s2(k) and s3(k), k ∈ N to be
he signals recorded from the four tips of the tetrode. S
he termdj(t) cosθj(t) can be considered to be approxima
he same for each tetrode tip one may write the follow
∂x ∂y ∂z

Therefore, at each discrete momentk, from recorded sig
als,s1(k), s2(k), s3(k), s4(k) the spatial trajectory (x(k), y(k),
(k)) is determined when there is a solutiondn+1 for the non-
inear system (Brenan et al., 1989). Having the trajector
ata, the next step is to determine the spike directivity.

. Computing spike directivity

In order to obtain spike directivity one has to write
atrix P ∈ �nx3 composed by trajectory coordinates (x(k),

(k), z(k)):

=




x(1) y(1) z(1)

· · · · · · · · ·
x(n) y(n) z(n)


 (12)

herek = 1, 2, . . ., n. For each spike one may compute
entroid of the dataµ = E(PT) forming the matrixPtr of trans-

ated pointsPtr = pi − µi, i = 1,2,. . ., n.
Writing singular value decomposition (Stewart, 1993):

tr nx3 = UnxnSnx3VT
3x3 (13)

here

S =




s1

s2

s3

... ... ...


 ; U = (u1, u2, . . . , un);

V = (v1, v2, v3); (14)
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it is possible to find the largest singular value forS and extract
fromV the corresponding right singular vector that represents
direction cosines of the best linear approximation.

An important consideration in such computations is the
stability of the angle of moving charge. In order to measure
the deviation of computed trajectories when the angle of the
moving charge is changed, a separate computation specific
to this alteration in the angle of the charge, is performed. The
angle between two computed directions can be determined
using the right singular vector:

�θ = arccos

( 〈v, v′〉
|v||v′|

)
(15)

Even in the simplified case of a single moving charge, the
overall computation becomes essentially manually unsolv-
able. For this reason a series of simulations have been per-
formed on a PC computer (Pentium 4, 1.6 GHz, 512 MB
RAM) with Matlab Version 6.0—MathWorks, Inc. All the
routines were custom developed or are freely available on
the world-wide-web.

In the section below we describe the applications of the
methods discussed above. Simulation of charges moving
across tetrode tips induces voltage in tetrode tips. Com-
putations for calculating the trajectory and the subsequent
directivity are then performed. The impact variables such as
tetrode tip geometry and system noise on the directivity com-
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Fig. 3. The changes in the linear trajectory of charge (bold, red, magenta,
black lines) and computed trajectory modifications (red, magenta, black tra-
jectories) are shown. Each division is approximately 20�m. For display
purposes approximately 60�m of charge movement is shown. The “mirror”
effect is visible for computed trajectories. (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the web version
of the article.)

currents by the described computational process. In the simu-
lated experiment the charge is the object moving in 3D space
with initial conditions (initial position, speed, etc.) provided
by the software user, while the computed trajectory is equiv-
alent to “image” from the mirror. Thus, the trajectory and
indeed the relative position computed will be a transformed
version of the “real” trajectory or image.

In the computations described above, the knowledge of
absolute tetrode tip geometry and distances appears to be
important. However, in relative terms, as long as the tip geom-
etry does not change between recorded spikes, the compu-
tations of relative directivity-change between spikes remain
unaffected. In order to compute a trajectory in real space (Eq.
(9)) one would need to know the actual position of tetrode
tips in 3D Cartesian space. Measurements of inter-tip dis-
tances from tetrodes show that the average spacing between
tips is approximately 20�m with a measurement error of
approximately 3�m for each tip (Chelaru and Jog, 2005; Jog
et al., 2002). Charges are then launched simultaneously or
in successive trials. The speed of movement of the charge as
well as the distance from the midpoint of the tetrode tips to
the charge (approximately 30�m) is held relatively constant.
However, this distance varied slightly as the input angles is
changed (Fig. 3). For an easier analysis charge trajectories are
constrained to describe lines in 3D space. In the simulation,
the charge movement is about 260�m, and successive trials
a n of
t three
s vi-
a enta
a

dia-
m blue
utations is discussed. Finally the method is applied to
ecorded neuronal spikes and directivity of charge flow in
ata is demonstrated.

. Simulations and analysis

Since directivity and trajectory calculations are perform
or spikes within the same frame of reference, a rela
hange in these parameters can be computed using th
em described above. It is assumed that tetrodes do not c
heir tip configurations during the recordings. As discus
bove, when a charge is moved across the tetrode tips, a
ge is induced in the four channels. The act of measure
sing the tetrode transforms the actual “real” direction.

s clearly presented inFig. 3 where the actual trajectori
re straight while the computed trajectories are curvilin
herefore, when analyzing recorded signal from tetrodes
ot possible to provide directivity in real space, only in

ransformed so-called “tetrode” space. However, since
nalysis of all recorded data is performed in this space
omputations of the relative spatial directivity remain va

The difference in the relative positions in space of
harge linear trajectory and the directivity can be expla
s follows. Imagine a concave or convex mirror and a s
all moving near the mirror that follows a linear trajector
D space. In the mirror one may see a bent image of the

rajectory during the movement. In our case instead of
eflection that provides the image trajectory of the ball on
irror, a charge trajectory “image” is obtained from indu
re performed. In the figure however, only a small portio
he actual charge movement distance is displayed. For
uccessive trials (Fig. 3) the linear charge trajectory is de
ted by 10◦ and this deviation is represented by red, mag
nd black bold lines.

Coordinates of tetrode tips are represented by colored
onds starting with red for the first channel, green,
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Fig. 4. An example of linear trajectory of a single charge (bold, red line)
and the computed trajectory (black curve) and estimated directivity (blue
line) are shown. Each division is approximately 20�m. For display pur-
poses approximately 60�m of charge movement is shown. The positions
are clearly different (see text). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of the article.)

and yellow for the second, third and fourth channel of the
tetrode respectively. Computed trajectories are curves in red,
magenta and black. Each division on the axes is approxi-
mately 20�m. One such trajectory is then used to further
display computed directivity of the charge flow using the
method presented above (Fig. 4). The computed charge direc-
tivity is shown by a blue bold line. Although the computed
directivity does not map the actual charge directivity, it is
clear that the proposed method provides a robust way to
analyze variations of directivity in spike recordings between
neuronal spikes. Importantly, one can observe that this com-
puting approach can be performed without the full knowledge
of actual tip positions.

Additionally, despite modern, high performance acquisi-
tion systems and filtering methods, all physiological record-
ings are susceptible to noise that occurs from various sources
such as distant neurons, external electrical noise and animal
behavioral artifacts.

In order to better understand the impact of this additional
noise on the method for computing directivity, we added such
noise to the data. In our simulations these sources of noise are
modeled by Gaussian noise added to the “induced” signals in
tetrode tips by the moving charges. Dependence of computed
deviation in directivity and noise level is displayed inFig. 5.
For a signal noise ratio greater than 25 dB (SNR > 25 dB)
the errors in computing deviations are usually less than 3◦
( ting
d very
n tiv-
i the
c .
a from
t as an

Fig. 5. The graph shows an estimation of dependence between signal to
noise ratio and the error in computing deviation angle. Red circles are data
obtained from several simulations with decreasing SNR while the blue curve
represents the optimal nonlinear approximation. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of the article.)

additional filtering mechanism to eliminate spikes that would
randomly contaminate the data.

For real recorded spikes directivity is obtained in two main
steps (Fig. 6). The trajectory is computed from recorded
data in the first step with the Newton–Raphson algorithm.
Then in the second step a linear approximation of the tra-
jectory is performed by a singular value decomposition that
gives the overall direction of AP propagation in “tetrode
space”.

We started our simulations with movements of simple
charges that describe linear trajectories in 3D space to show
how the method works. The reader may see that by apply-
ing this method, simple but curved trajectories are obtained
from the computation. These curves (Figs. 3 and 4) that show
trajectories of single charges in movement are far less com-
plex than usual trajectories obtained from processing real
spikes. The reader may have a false impression regarding
the application of the presented method for real recorded
data. The propagation of ionic fluxes within biological spikes
implies simultaneous movement of several charges during
the occurrence of an action potential. Therefore, we pro-
vide an example where several charges that are moving in
space could generate similar trajectories to computed trajec-
tories from real recorded spikes. We show an example where

F patial
t go-
r and
s

Fig. 5). In case of higher noise levels, errors in compu
eviation angle may increase. However, spikes that are
oisy should be eliminated from computing spike direc

ty. One way to perform this spike filtering is to analyze
omputed trajectory from nonlinear equation system (Eq(9))
nd eliminate spikes that have trajectory points far away

etrode tips coordinates. Thus our method can be used
ig. 6. This shows a quick reference diagram for the method. The s
rajectoryx(k), y(k), z(k) is firstly determined with Newton–Raphson al
ithm. Spike directivity is then computed using trajectory coordinates
ingular value decomposition.
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Fig. 7. Linear simultaneous movements of three charges (red, magenta, blue
lines), computed trajectory (black curve) and computed directivity (bold blue
line). Each division is approximately 20�m. For display purposes approx-
imately 60�m of charge movement is shown. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of the article.)

three identical charges with different angles of movement are
represented in three different colors (Fig. 7). The simultane-
ous movement of charges (red, magenta and blue lines) is
simulated in the presence of Gaussian noise (SNR = 25 dB).
The overall computed trajectory (black curve) and computed
directivity (bold blue line) are represented.

Finally, Fig. 8 shows the application of the method to a
real recorded spike. Note the similarity of the computed tra-
jectory from the recorded spike to the simulated multi-charge
flow trajectory fromFig. 7. The black curve represents the
trajectory while and computed directivity is the bold blue
line.

F uted
d
p ferred
t

6. Conclusion

Neuronal spikes recorded in extracellular space by elec-
trodes represent propagation of several electric charges. The
alterations caused in the electric field within the extracel-
lular space are recorded by the electrodes. Tetrodes have the
ability to observe this phenomenon in four dimensions. How-
ever, a further analysis of the spike profile itself can be used
to understand whether the process of action potential trans-
mission along a conductor can itself be seen as a directed flow
of charge that alters the extracellular milieu in a specific way.

This paper uses simulated charge movement in space and
the induced voltages on a conductor as a model to understand
whether it is possible to obtain information regarding direc-
tivity of such flow of charges. Simulated tetrodes perceive the
charge movement as voltage that mimics the action potentials
in spiking neurons. A process for computing the directivity
of this charge flow is then proposed within the paper. This
process of the induction of AP is then applied to the actual
data obtained from tetrode recordings and a profile of spike
directivity from these recordings is presented.

The weakness of the present method is that it relies on the
quality of the electrical recordings. Factors common to all
electrode recordings techniques which consist of noise level
and number of days that a tetrode can be kept in the brain to
record data contribute to this data recording quality. A dis-
c above
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ig. 8. An example of real spike trajectory (black curve) and comp
irectivity (bold blue line). Each division is approximately 20�m. (For inter-
retation of the references to color in this figure legend, the reader is re

o the web version of the article.)
ussion related to noise analysis was presented in the
imulations. Since new modern, high performance acq
ion systems for in vivo recordings provide increased va
f signal to noise ratio, the errors in computing deviations
sually small and the method works well in practice.

In addition, it is possible that the changes in directi
hat could be seen occurring by the application of our me
ould result simply due to tetrode drift and movement. Fir
he internal consistency of this method relies on the fact
he tetrodes are not actually physically moved during the
sis period. The hardware used to implant the drives has
eliable enough to also avoid inadvertent movement. A
ionally, we describe a method of demonstrating direct
hanges that are expected to occur in the tens or hun
f millisecond range. Natural tetrode movement around
rain would be at a much lower frequency.

There are various important applications of this w
irst, action potentials can now be seen and analyze
harge flow that may have directivity. This concept co
ave a direct impact on the understanding of the extrac

ar milieu within which electrical events such as the ac
otential are occurring. Second, the traditional method
lectrophysiology use only spike timing as a way of des

ng information coding by neurons. However, neurons
lso code information in a true “spatial” way by dynamic
ltering the propagation of charge direction over time.
ossible that both the reception of information and the
ut of neurons could exhibit directivity. Such changes,

ime may be behaviorally dependent. This may becom
owerful method for selecting sources of input and outpu
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neuronal ensembles, thereby possibly determining the state
of the space within which neural activity is occurring. Such
a phenomenon of change of directivity can be thought of as
a dynamical alteration of the spatial receptive field of neu-
ronal ensembles. Such receptive field modulation has been
observed often, without an adequate explanation of the mech-
anism (Mehta et al., 2004). The method proposed in our paper
and the implications of behaviorally dependent spatial direc-
tivity changes are therefore important.

Third, in the larger sense, computations of directivity can
be used a possible filtering technique where outlying spikes
that have trajectory points that are unreasonably distant, could
be eliminated from the data set.

The ability to compute trajectory and directivity of charge
flow by tetrode recordings use the spike as a reflection of
this flow and gives us a glimpse of the complexity of milieu
within which neurons function. Our results show that besides
improved spike sorting procedures, tetrodes can be used in
computing the trajectory of equivalent electrical charges that
model electrical events during AP. Based on obtained trajec-
tory, estimation of changes in spike directivity over an arbi-
trary reference system in real recordings could be achieved.
This is a new potentially powerful application of tetrode
recording methodology.
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