Detection of synchronized firings in multivariate reural spike trains
during motor tasks
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Abstract— This paper describes and compares two classical
methods for the detection of neuron groups which dbit
synchronized firings in multivariate spike trains. These methods
were compared on experimental and randomized data
corresponding to the firing activity of 104 neuronslocated in
motor, premotor, and parietal cortices in a monkeyduring
movement tasks. Both methods exhibited high falseopitive
rates in randomized data, but results showed thathis rate can
be advantageously reduced with a simple postproceésg.
Otherwise, one method permitted to detect a signifant number
of synchronized groups of neurons related to the bavioral
task.

I. INTRODUCTION

Progress in the design of neural multielectrode

recording techniques [1] has increased the needrfalysis
methods of multivariate neural spike trains of éarg
dimension. The challenges of analyzing data of tgjse
have been reviewed in [2]. In this paper, we com@ao
methods that are able to extract groups of neursitis
synchronized firings. Two methods were presented
address this problem. The first one was proposd®#8 by
Gerstein and colleagues [3] and the second wasitalrby
Griin and collaborators in 1994 [4].

The classical way to deal with this problem is toract
groups for which the firing joint probability is diier than
the expected firing joint probability when the nens fire
independently but with equal spike rates. In pcagtithe
firing joint/marginal probabilities are estimatedsing a
coincidence window and non-independence conditisn
dealt with using a statistical test.

performances in experimental and randomized data in
Brain-Machine Interface behavioral

Il. METHODS PRESENTATION

A. Uni- and multivariate spike trains
A spike train is a sequence ofi neuronal firings
occurring at time{z,,...,7,} during a defined time interval

[0,T] [5]. A spike train may be represented by a one-

dimensional signak(t), tD[O,T] , corresponding to the sum

of n impulse functions such tha(t) = Zc)'(t—rk).

k=1
According to the definition of a spike train, a tixdriate
spike train may be represented by a multivariagaadiS(t) :

SO = Yetr)

sH=| 5O = Yat-r,)

to :=
S0 = Yat-r.)

where n and {ri,l,...,rm} for i=1,...,.N denote

respectively the count and the time occurrenceseafonal
firings in thei™ neuron. The Fig. 1 A shows a synthetic
multivariate spike train that will be used to bemek the
two analysis techniques.

i One classical way to randomize a multivariate spiké

is to perform a random permutation of the interspik

Here we present these two methods in a commdptervals in each spike train. This procedure |l.=kedadata

mathematical framework and

Manuscript received April 2, 2007.

J. Bourien, is with: Institute of NeurosciencesMintpellier, INSERM
U583, 80 rue Augustin Fliche, 34091 Montpellierafkee (phone: 334-
9963-6072; fax: 334-9963-6020; e-mail: jerome.ben@ univ-montp1.fr),
and CREFA-Université Montpellierl, 15 avenue Chafidgahault, 34094
Montpellier, Cedex 5

J. C. Sanchez is with the Department of Pediatr@sjision of
Neurology, University of Florida, P.O. Box 100296{MHC, Gainesville,
FL 32610 USA (e-mail: jcs77@ufl.edu)

J.J. Belanger and F. Wendling, are with INSERM U64JSI,
University of Rennes 1, Rennes, France (e-mailridalwendling@univ-
rennesl.fr).

J. C. Principe is with the Department of Electrigald Computer
Engineering, University of Florida, Gainesville, 2611 USA (e-mail:
principe@cnel.ufl.edu).

to compare detectiophuffling [5]. On the one hand, it guarantees thinget "

randomized and original spike trains have identitahtion,
spike counts, and interspike interval histogramsti@ other
hand, synchronized firings are broken in the randeth
multivariate spike train.

B. Processing of a multivariate spiketrain

The two analysis methods are not directly applied t
multivariate spike trains but on a binary matrixided from
these spike trains. As illustrated in Fig. 1-B, time axis
[0,T] is segmented intoM adjacent coincidence time
windows of durationD (M =T /D). Spikes from the same

train that occurred into the same time window aireuged
and transformed into a binary value equal to Iné or more



spike(s) occurred durin and 0 otherwise. In practicB,is  {w,...,w} will be referred asn“({w,..,w}) (resp.
small compared to the spike rates in order to guaeathat nEW,...w}) )

the probability that two (or more) spikes occurtlie same i ]
Gerstein and colleagues proposed an implementation

window is low. This transformation, known as bimpin - ol
operation yields to a binary matri& with N rows andm  the first approach (see [3] for details) in orderdetect and
identify “functional groups of neurons’ in multivariate spike

columns. . ) . . . .
For statistical analysis of coincidences, we cosrgd that train. The algorithm r.ejects, at each |terat|ordepender1t
groups of neurons using #° test (see Table 1 for details).

’_\31, A I R O N In the first iteration, the algorithm selects paw§ co-
- T activated neurons among all possible pairs. Atgbeond
ol e I T iteration, the algorithm builds all possible trifgef neurons
° 05 ! 5 t (sec) 2 by union between pre-selected pairs and the otimgles
B D_=10 msec neurons and selects triplets of co-activated neurdine
b1 x [ | T T ] [ T e | 1 [ [ ] [ T . . . .
%; e e e I algorithm proceeds in this way until no more groapsa be
Bal el b r b tested.
gg’g R S Y~ —— An implementation of the second approach, calledldon
M;{;:Zf Event analysis, was proposed in 1994 (see [4, Goi7hn
11000000001000010000 o0y e overview and espepially [6] for implernentation.d!ebain
00000000001010000000 30 order to detect episodes of synchronized neurdigcin
[sxeto) | - 00000000000000000000---} 8 multivariate spike trains. This algorithm comparése
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Fig. 1. Binning of a synthetic multivariate spikein. A- the TABLE |
synthetic multivariate spike train exhibits synafimed (see black TWO-WAY CONTINGENCY TABLE
circles) and independent firings (see crosses) dmtwive artificial Activation of Not activation of
neurons during an epoch of 2.1 sec. Synchronizedg§ were neuron group neuron group
introduced between neurons 1 and 2 and betweeromeudr and 5 W,...,w} W,...,w}
with dithered regular spike trains of 10 spikes/SHoe dither was _ e e
such that the maximum interval-interspike duratioetween two Activation of a b a+b
synchronized firings can not exceed 6 msec whatetrer neurony{ j
synchronized group. The synchronized times betwesrons 1-2 Not-activation c d c+d
and 4-5 were in phase opposition in order to awmiérlapping. of neuron{ j
Additional independent firings were simulated usiag Poisson a+c b+d M
process of 5 spikes/sec in each spike train. B- i@animg - = -
transformation was applied to the multivariate spitain for D =10 With {30 N A W W a=n"({W...w, j}) ,
msec. This transformation yielded to a binary ma®i with 5 rows b=n"({}) -a, c=n"({w,..,w}) -a,andd =M -a-b-c

and 210 columns. . " .
The M columns of matrixB can be partitioned in the above two-

the column vectors of matrixB correspond to M way contingency table. If the activation of the reugroup{w,...,w.}
independent realizations of a binary random vectds independent of the activation of the neurpp, the indicator
M (ad x cb)?
(a+b)(a+c)(c+d)(b+d)
transpose operator). Then, the problem of extr@@&igroup gistribution with one degree of freedom fot > 40. In this way, a co-
of  co-activated neurons labeled by  indiceqctivated group of neuronisw, ..., w;} is detected ifl > I, where |,
{w,...,w } OfL,..., N}, is equivalent to the problem ofis a threshold depending of the given confidentophility 8 (for

finding a group of coordinates Kconjointly equal to 1 (i.e. examplel, =6.635 for 3=99%).
{x; =L...,x, =1) with an occurrence irB_significantly  gpserved occurrencen®({w,...,w}) and the expected

higher t'?ja” tthe eép‘ic“_’-tﬂ occu:rerlce when neurcets i @ occurrence S ({w,...,w,}) when the neurons fire
independent way but with equal rates. independently but with the same rates. The deviat®

Two methodological approaches were proposed toesolv -y
the aforementioned problem. The first approach istq$n  evaluated with thgoint-surprise function S(W) = log=——
searching groups of coordinatesXnconjointly equal to 1 W
independently of the values of the other coordinates (i.ewith W(n®({w,...,w.}| n{ { w,..., w}) =

X =[%,.. %] ,% 0{0,1y (the t exponent denotes the I = may be assumed to have g

non-exclusive activation of the considered grouphe o E k

. . . . (nexp({W:!""Wn})) “Ngep { Wy, W 1)
second approach is aimed at extracting groups afauates o et
in X conjointly equal to 1 with all other coordinatelues k=n® ({0 ) :

being equal to zero (i.e. exclusive activation d¢fet  With this transformation:
considered group). In the following of the papé® hon- S(W) >0 if n"({w,...,w} >n§xp({ W,..., W})
exclusive (resp. exclusive) occurrence of a neugooup



S(W) =0 if n®({w,...,w} =nS ({ W,..., w}) , and TABLE Il
. E £ GROUPSDETECTION IN ASYNTHETIC MULTIVARIATE SPIKE TRAIN
S(W) <0 if n*({w,.... W} <nS({ wy..., w}) . Functional Group  Unitary Event Detection

In conclusion, a group of co-activated neur¢ms..., w,} Detection Method Method
i i i ; Neuron " I n L S(¥)
is detected ifS(W) = S, where S; is a threshold depending groups (1, =6.635) (S0.22)
of the given confident probability3 (for example S, =2 @z 15 38514 (%) 12 2 5.865 (*)
for B =99%) (see [6] for details). w3 3 3.922 0 - -

. . o4 3 0.427 2 2 0.165

These two methods will be referred respectively as 4 3 0.260 3 2 0321
Functional Groups Detection Method (FGDM) and Uyita 23 3 3.660 0 - B,
Event Detection Method (UEDM) in the following ofie 2.4 4 0.026 0 - -
paper. In practice, these methods are controlledtvixy 2.5 4 0 1 2 0.805
identical parameters: the coincidence window sizeand ggi é O'(_]ZZ (? ) -
the confident probability. Table 1l shows the list of @5 13 27.260 (*) 10 2 4332 ()
detected groups in the synthetic multivariate spikan L2323 11.556 (*) 2 0 +oo (¥)
presented in Fig. 1 forD =10 msec andf=99%. The 2,4 1 0.766 0 - -
FGDM detected three groups (2 true positives + Iefa gig 8 8
positive) whereas the UEDM extracted five groups(true @ A '5} b g 0.875 3 0 oo (%)
positives + 3 false positives). In this examplee avay to 234" 1 0.902 1 0 o (¥)
select only the true positives among detected groigpto @235 0 - 0 - }

select groups whose the occurrence is higher than lterative progress of FGDM: At the first iteratictiie non-exclusive
minimum occurrencen, ;. 0{1,2,...}. For example, and for occurrences of the ten pairs of neurons are esiimiat the [5x210]
i yLyinf ,
D=10 msec, B=99% and n. =4 the two methods matrix B defined in Fig. 1. The pairg,2} and{4,5} which exhibited
' ' oomn ' indicators | higher to the threshold, were kept. At the second
extract only the two true positives.

iteration, the algorithm built 6 triplets and sedet the triplet{l,2,3}.

At the third iteration, two quadruplets were buitit neither was
. DATA selected consequently the algorithm stopped itgrpss.
Progress of UEDM: The algorithm determined the afetlistinct
A. In Vivo Data columns in B with a least 2 active coordinates and occurrinteast

. . . _ one time. Algorithm found a set of 8 columns ocences varying from
Slmu"aneOUSIy recorded Splke trains (N_104 Neurons; 4 1o Corresponding expected occurrences amd-garprise values

from the motor, premotor, and parietal cortices)reve were then computed. Five groups exhibited joinpsse values higher
collected in an owl monkey during a brain-machimefiface  than the threshold,,, . Note that for a given group™ = n® .
experiment at Duke University, as described in [8]. @roups detected using FGDNygroups detected using UEDM, (¥)
Behaviorally, the monkey performed a motor taskirich it ~ detected group.

was cued to reach food from a stationary positiohe i .ins with a duration of 60.303 sec. In order stireate the
movement was repeated 72 times. The position Oh&8® yiqyiption of the number of extracted groups daration
was recorded in time synchronized with the neurai@h. ot arametep, a series of simulated data sets was generated

The duration of each task was random but the monémeby the repetition of this randomization procedutd((
sequence was the same: 1) the monkey's hand wastap) times)

it reached for food, 3), food was carried to theuthp and
finally 4) the hand returned to the rest positidfe manually
segmented the neuronal recordings using the 3-Dd han
trajectories into only two behavioral states: hamhdest (i.e. ) ; -
preparation of movement) and hand moving (i.e. etiec rar_1do_m|zed e_xperlmental data for flfte_en values tio¢
of movement). Time segments corresponding to remathmudence windowD=1,2,...,15 msec, five values of the
movement execution were concatenated and usedatar dMinimum  occurrencen,;, =1,5,10,15,20, and for a same
analysis. The cumulative duration of execution ofvement confident probability 3=99%. For each method, eagh
was equal to 60.303 sec. In this way, we obtained \&lue, and eact,, value, we superimposed the number of

multivar_iate spike train composed of 104 singlekefrains  yotacted groups in experimental data (see diamofibi 2)
of duration 60.303 sec. and the distribution of the number of extractedugoin the
B. Randomized In Vivo Data randomized experimental data (see boxplot in Fig. 2
Randomized experimental data were generated ubing t Le€ft and right plots of Fig. 2-A obtained for,, =1 show
randomization procedure described in section IBAuffled the three following results. First, the number afracted
simulated data were composed of 104 independelke spgroups in randomized experimental data (i.e. falssitive)

IV. RESULTS
The two methods were applied on experimental dath a



is high whatever the method. For example, the nunabe
false positives forD =15 msec in limited to 600 with FGDM

strongly both in experimental and randomized expenial
data whenn_, increased. Fon_, =5 in the case of EUDM

and limited to 3000 for UEDM. Second, the number Ofnqp =10 in the case of FGDM, the mean number of false
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Fig. 2. Number of detected groups in experimeatel randomized
data. Detection results with FGDM and UEDM are egspely
showed in left and right part of the figure andhreaaw corresponds

to a particularn,, value. For each method and for each coincidence

window D value, the detection was processed 1 tmexperimental
data and 1 time on each one of the 100 randomiatd @he number
of detected groups is then showed as diamond feererental data
and the distribution of detected groups in randechidata is show
with an error bar (lower and upper borders corradpespectively to
the minimum and the maximum observed value and dbée

corresponds to the median val

detected groups increased when tBe value increased

positives detection in randomized data was lowan th0.

V. DISCUSSION

In this paper, we presented two standard meth@&jsa((d
[6]) able to detect groups of neurons with synchzed
firings in multivariate spike trains. For the firsine, these
methods were described in a same formal languabes. T
presentation showed that these methods use the same
parameters: a coincidence window value and a cenfid
probability. This property permitted us to objeetiv
compare these methods on experimental and randdmize
experimental data.

The detection results in randomized experimentda da
show that the two methods detect a large numbdaleé
positives. This drawback was already suggeste8,ii(] in
the case of Unitary Event detection method. In [Hdfhors
affirmed that these false positives are “due toeulythg
discrete statistics of the number of coincident nése
Moreover, we showed that the occurrence of falsstipes
is generally low. Indeed, the application of a mam
occurrence threshold on detected neurons group®ake
advantageously the false positive rate.

The comparison between the numbers of detectesdbngur
groups in experimental and in randomized experiaiatdta
with the functional group detection method exhithita
significant excess of detected groups in experialedata
whereas this result was not confirmed with unitement
detection method. This result revealed the twoofuihg
findings. First, the functional group detection hwat, which
works with non-exclusive activations, is probablyorm
sensitive that unitary event detection method whigirks
with exclusive activations. This first point has ftoe
confirmed in future works. Second, the excess of co
activated groups observed in experimental data with
functional group detection method has to be camedlavith
the behavior of the owl monkey. This interestingdfing

especially for UEDM. Third, forD > 4 msec, the number of indicates that the hand movement of the owl monkey

detected groups in experimental data is clearlyphdtighan
the number of groups detected in randomized exgertiah
data with the functional group detection method nebe
these numbers are similar with unitary event ditect
method.

generates firing synchronizations between neurémsodor,
premotor, and parietal cortices. This second ploi® to be
investigated in details in future works.
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