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Abstract—A novel method for the identification and mod- stood, this tool provides a very limited knowledge about
eling of neural networks using experimental spike trains ithe functional properties of the neural networks, and it
discussed. The method assumes a reference model of intemnnot distinguish direct from indirect connections among
connected deterministic integrate-and-fire neurons and fieurons. Recently, more sophisticated statistical methods
the parameters of the model to the observed experimen{dl 5, 6] have overtaken this problem. However, these meth-
spike trains. The identification provides the properties ofds still fit into a stochastic framework and lack a com-
the individual synapses and neurons, hence extracting thact description of the estimated interactions. Furthermore,
functional connectivity between neurons. The method isince they assume a stochastic nature of the spike trains,
shown to be ffective when applied on simulated data.  they do not provide considerations about the dynamics of

the involved neurons, nor about the nature of the intrinsic
1. Introduction processes that are responsible for such behavior.

The qualitative and quantitative analysis of the spiking ac- In contLast to a%urelé/ St"’}t'ﬁ‘t'ﬁ apprc_)acr:j, a determ|?|st|c
tivity of individual neurons is a very valuable tool for the o_r;g can be Eons' _erel ' W(;t | :c € 'mfam. a vgnt?ge ot pro-
study of the dynamics and functional architecture of th§'ding a mathematical model for Inferring single neuron

neural networks in the Central Nervous System [1]. In palgr neural network properties indirectly. In this direction,
methods for extracting a dynamical system out of the inter-

ticular, deducing the functional connectivity of neural net-"">" "™
pike intervals have been recently proposed [7, 8], however

works from experimental data, usually restricted to spik hod be isolated: h h
trains, is of crucial importance in neuroscience: for thé ese methods assume neurons to be isolated; hence, they

correct interpretation of the electrophysiological activity 01d° npt prov[de |n§|ght§ about the neural ”et""F’rk structure
the involved neurons and networks; and, more importanﬁ’,nd its relationships with the observed dynarmcs. .
for correctly relating the electrophysiological activity to the €€ @ new model based method for the identification
functional tasks accomplished by the network. Here, th@"d modeling ofvholeneural networks from experimental
term functional stands for any observable, direct or indi-SPike trains is proposed. A description of the method is

rect, interaction between neurons which alters their spikdVen in Sec. 2, whilst in Sec. 3 numerical tests of it are
timings. presented and then discussed in Sec. 4.
The measured activity of a neuron is not the result of
its solely intrinsic properties, but stems from the direcg- Identification Method
and indirect influences of the other neurons of the nefthe identification method, despite being quite mathemati-
work, leading to network behaviors far beyond the simeally convoluted, is rather transparent in its principle. The
ple combinations of those of the isolated neurons. On theference model adopted in the identification process is a
other hand, the measured time instants of spike occurrenaestwork of interconnected integrate-and-fire neurons. All
(point events) do not allow any direct insights about thé¢he parameter values necessary to univocally defineit,
subthreshold aridr intrinsic membrane dynamics of thethe connectivity matrix of the network, the synaptic time
neurons. Nonetheless, spike trains can be used to identfgales, and the intrinsic parameters of the neurons, are de-
the functional characteristics anéfextive architecture of rived from the recorded spike trains by an optimization
the neural network they originated from, e.g [2, 3]. procedure which minimizes theftkrence between the pre-
The most common and standard methods for identifyingdicted and measured timings of spike episodes.
the synaptic connections between neurons assume a stoPrecisely, giverN spike series from as many neurons,
chastic nature of the spike trains, and the functional borttie reference model is a network composedNahtercon-
between two neurons is extracted from the statistical infenected single-compartment leaky integrate-and-fire mod-
ence of the discharges times, usually deducing it from thels. The connections between neurons are represented by a
shapes of cross-correlograms [2, 3]. Though widely undeN x N matrix W whose elementsy,, are the weights of the
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synapses directed from th& to then™ neuron. Schemat- {“C""“’W | | | — 5
ically, it results in a graph oN vertices representing the inhibitory | L _/\@_'5
neurons, whose spike trains are experimentally observed, I,

where the links between vertices match functional synapses —‘Ml/—i\—h/_j\—
between the corresponding neurons. i i

After normalization, the dynamics at nokean be writ-
ten as:

input

experiment

Vi = —¥ +i04i5(1). if v = 1thervy = 0 A spike (1)
k

output

model

wherev is proportional to the neural membrane potential, B e
7k is the membrane time constaij(t) is the synaptic cur-
rent induced by the spikes from the other neurons of the

network, and the constant curréptallows neurons to fire s intrinsic dynamics (dashed line). When external spikes
periodically when uncoupled. Whenever the membrane pgrcome, the membrane potential deviates from the intrinsic
tential v reaches the thresholq = 1 a spike is fired and pehavior, highlighted in gray, and, each time the membrane
Vk Is instantaneously reset to the initial stage= 0. potential reaches the threshold, the neuron fires a spike and
The synaptic current provided to neurkrby a spike s reset to the initial state. Given the input spike trains, the
from neurom is well approximated by: parameter sep = { AL /lz,Wl,Wz} of Egs. (1) and (2)
W t_t define uniquely the dynam|cs of neurkmvithin two of its
.5 nk . : .
i°(t) = N exp(— 1 ) successive spikes. Hence, the parameters can be adjusted to
n n minimize the sum of squaredftBrences\T; between the
wheret’ is the time instant when a spike from the presynapeXperimentally observed firing of the neuron (“experiment
tic neuron arriveswy accounts for the synaptic strengthoutput”) and the firing predicted by the model (*model out-
and polarity (weight); andy is a time constants determin- Put”). The resulting parameter sgtgives the best (predic-
ing the synaptic time scale. Hence, between two spikes #ye) estimate of the intrinsic parameters and of the entries
neurork, the total synaptic current can be accounted by th@ the connectivity matrix corresponding to the modeled
sum over all spikes, within the interspike interval of neurofi€uron.

Figure 1: Operating scheme of the identification algorithm.

k, generated by all the presynaptic neurons: Fina”y,. it Should be noted that this algorithm consents
also the inclusion of any a priori knowledge of the para-
N . . X
_ Wik t—tn meter values, which may be provided by physiology, mor-
ig(t) = nZ::l /l—: ZGXD(— )] ) phology, etc., simply con_straining to the given values or
nzk ranges of the corresponding parameters. Furthermore, re-

curring to a preprocessing of the spike trains, the method

Given the spike events, the identification of all the pahandles bursting neurons; all is needed is to specify the
rameters is guaranteed by the decomposition of the fittimginimal time interval for which two spikes are considered
problem according to two nested independencies of tHe be separated events and not a burst.
integrate-and-fire (reset) model: first, the dynamical equa-
tion of each neuron remains independent from the otherd; Numerical Tests
second, the dynamics of each neuron within an interspikehe method has been validated on three artificial test beds
interval is independent from the dynamics within the othefneuron networks): i) a network of two probabilistic Spike
intervals. Hence, the identification proceeds neuron- ariRlesponse Model (SRM) neurons [9] with low firing rates;
interval-wise. In particular, the working principle is out-ii) a network of two tonic Regularly Spiking (RS) [10] neu-
lined in Fig. 1. Let us assume that a neukoreceives two rons; and iii) a mixed SRM-RS three neurons network.
synaptic inputs of dierent polarityj.e. excitatory and in- For each of the three “experimental” arrangements, the
hibitory, cf. two upper spike trains. For each one of themethod has been applied to identify the connectivity pat-
two synapses, an input spike induces an exponential caern and intrinsic parameter values of the model neural net-
rent and the sum of them gives the postsynaptic curremtork. Afterwards, the identified models have been simu-
Isyn. The amplitude and the sign of the two componentiated. Though, in the case of a few neurons the considered
of the postsynaptic current are defined by the corresponteference model possess rather simple dynamics, demon-
ing weights of the connectivity matriw/, in this case with strating a kind of synchronization phenomenon in spite of
only two synapses let call them shortly andw,; the de- the strong variability of the measured data. Hence, in the
cay of the current, duration of the synaptic transmission, simulations a white modeling noise has been added to the
defined by the parameteng and 1, in general diferent. deterministic equations to model all the unmeasured phe-
Between each two spikes of neurknin absence of ex- nomena, including entrances from unobserved neurons and
ternal input, the membrane potential evolves according twisy environment. The simulation of the identified model
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Figure 2: Identification and modeling of a two-neuron€twork of mutually interconnected RS neurons.

network with an excitatory-inhibitory coupling loop be-  giq e 3 jliustrates the results for the case of two tonic
tween two SRM neurons. The upper part marked "EXpekixing neurons connected into an excitatory-inhibitory
iment” shows the experimental spike trains and their IS, “The auto-correlation clearly demonstrates equidis-

and cross-correlation histograms. The lower part markgd, gistributed peaks representative of the tonic spiking
Model” illustrates the identified connectivity matri¥¥ma, of both neurons, whilst the peaks in the cross-correlation

which captures correctly the experimental connectivity paﬁighlight the presence of synaptic coupling. However, as

tern, and the modeled spike trains with their ISI and cross; e previous experiment, the analysis of the histogram

correl_atlon histograms, which are similar to those from thﬂoes not allow outlining the connectivity pattern, neither
experiment. allows drawing any conclusion about the intrinsic spiking

allows crosschecking statistical propertiesy. interspike nature of the two neurons. On the contrary, the identified

intervals (ISI) and cross-correlation histograms, of modmodel provides the correct connectivity pattern and first or-
eled and “experimental” spike trains, besides comparin r statistics. Furthermore, the simulation of the two iso-

the connectivity patterns. 0 410 -5 0 461 -18

The details of the test beds and results are summarized [j\(\ S VN I IO
in Figs. 2—4. ~— '

Figure 2 shows the results for the case of two neurong (,, = ettt &
forming an excitatory-inhibitory loop. The “V” and “T"- '5{1;2 f—t 1 1
like link ends mark excitatory and inhibitory synapses,®
respectively. The spike trains from the two neurons aré/;; S S
not trivially interrelated. The presence of the excita- = |#1-+itibt it i Ho—— o
tory synapse is pointed out by the experimental cross- Experiment Model
correlation histogram, which shows a peak. However;e #1) 1y CCrz #) s CCrz
the presence of an inhibitory synapse is not obvious. Orie || . [ PR b B
the contrary, the identification method provides the correct: w|_[ccn 15 W _[ccn
connectivity pattern, and the simulation of the network re-x o o .

. h .. . plara ..“L bl laa ..J.LLLLL
sults in a satisfactory statistical accordance of experimental== o o INCIN 20 0w
and model produced data. Though, it should be noted that] e #1000
the “experimental” and identified coupling matrices can be”] s ml | 4. i “linld
compared only qualitatively, as the absolute values of their  sis | “ime sl TR Pime ]
entries are incommensurable referring to two completellyigure 4: Same as in Fig. 2 for the case of a mixed SRM-RS
different mathematical models. three neurons network.
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lated (modeled) neurons allows spotting exactly their inthe underlined biological neural network and the dynamic

trinsic spiking nature, highlighting in this way the model-behavior of its neurons. The method relies on the solely

ing ability of the method. spike discharging times, and has been successfully applied
Finally, Fig. 4 summarizes the results obtained whenn artificially generated data.

applying the identification technique to a complex mixed

RS-SRM three-neuron network: neuron 1 and 2 are SR#cknowledgments
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ever, also for this harder case the identified model provides

the correct connectivity pattern and first order statistics.

Again, the simulation of the three isolated (modeled) neu-
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