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Abstract

The signature of neuronal assemblies is the higher-order correlation structure
of the spiking activity of the participating neurons. Due to the rapid progress in
recording technology the massively parallel data required to search for such signa-
tures are now becoming available. However, existing statistical analysis tools are
severely limited by the combinatorial explosion in the number of spike patterns to
be considered. Therefore, population measaures need to be constructed reducing
the number of tests and the recording time required, potentially for the price of
being able to answer only a restricted set of questions.

Here we investigate the population histogram of the time course of neuronal
activity as the simplest example. The amplitude distribution of this histogram is
called the complexity distribution. Independent of neuron identity it describes the
probability to observe a particular number of synchronous spikes.

On the basis of two models we illustrate that in the presence of higher-order
correlations already the complexity distribution exhibits characteristic deviations
from expectation. The distribution reflects the presence of correlation of a given
order in the data near the corresponding complexity. However, depending on the
details of the model also the regime of low complexities may be perturbed.

In conclusion we propose that, for certain research questions, new statistical
tools can overcome the problems caused by the combinatorial explosion in massively
parallel recordings by evaluating features of the complexity distribution.

Key words and phrases: spike synchronization, higher-order synchrony, massively,
parallel spike trains



1 Introduction

Following the hypothesis that assembly activity is expressed by temporal relations between
the spiking activity of the participating neurons, neuronal responses need to be observed
and analyzed with respect to temporal structure. With massively parallel recordings be-
coming available chances to observe the signature of assembly activity are increasing and
indeed the availability of massively parallel spike data is escalating rapidly (e.g. Nicolelis
et al., 1997; Csicsvari et al., 2003; Tkegaya et al., 2004). However, at this point in time
we lack the corresponding analysis tools (Brown et al., 2004). Most of the existing meth-
ods are based on pairwise analysis (e.g. Aertsen et al., 1989; Nowak et al., 1995; Kohn
& Smith, 2005; Shmiel et al., 2006), approaches to analyze correlations between more
than two neurons do exist but typically work only for a small number of neurons (e.g.
Abeles & Gerstein, 1988; Dayhoff & Gerstein, 1983; Griin et al., 2002a,b) or consider pair
correlations only while analyzing the ensemble (e.g. Gerstein et al., 1985; Shlens et al.,
2006; Schneidman et al., 2006). To extend existing methods designed to work on small
number of neurons to massively parallel data is generally not feasible. One reason is that
these methods typically assess individual spike patterns, e.g. coincidences with an iden-
tification of the participating neurons, or spatio-temporal spike pattern. An extension to
many neurons would lead to a combinatorial explosion. This particularly holds for meth-
ods which include significance tests that do not only test against full independence, but
detect higher-order correlations (e.g. Martignon et al., 1995; Nakahara & Amari, 2002;
Schneider & Griin, 2003; Giitig et al., 2003; Ehm et al., 2007). Additional complica-
tions are the limited number of samples in experimental data, in particular if data are
non-stationary. Only a few approaches exist that can handle and analyze massively par-
allel data for higher-order correlations. These approaches are based either on the model
assumption of synfire chains (Schrader et al., 2008) or on compound Poisson processes
(Staude et al., 2007, 2008).

Here we aim at a fast screening method that can detect correlation within massively

parallel spike data. We base our approach on the distribution of the sum of spikes across
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Figure 1: Sketches of the models used for generating parallel spike data with higher-order
spike coincidences in m out of N processes (A: SIP,, model, B MIP,, model). Rate p of the
neurons is the same in both models and also for the m correlated and N —m uncorrelated
neurons. The bottom m neurons in the SIP,, model contain coincident events at rate «
involving all m neurons. These neurons also contain uncorrelated background spikes at
rate p — a. In the MIP,, model the m neurons typically contain coincidences of lower
order than m depending on the copy probability €, and do not contain background spikes.
The rate of insertion is a = p/e. (C) shows the SIP,, model with reordered time bins.
In the left part the bottom m neurons contain coincidences of order m in all time steps
exhibiting the dependent fraction, the right part shows the independent fraction of the
time bins.

neurons as reflected in the population histogram. In particular we explore how coincidence
patterns of higher-order are reflected in this measure and if the order of the correlation can
be identified. The dependence on parameters relevant for experimental data are studied
using numerical and analytical methods.

Preliminary results have been presented in abstract form (Griin et al., 2003).

2 Correlation Model

We model massively parallel spike trains as N parallel stationary processes. For the
generation of correlation we use slightly modified versions of two types of models, recently
published by Kuhn et al. (2003). The basic idea underlying both models is to have a
hidden Poisson ‘mother’ process of rate «, from which spikes are copied into parallel child
processes according to a given probability €. If € = 1 the model is named ‘single interaction
process’ (SIP). All spikes of the mother process are present in all N child processes, such
that synchronous higher-order spike events across all neurons are induced for each spike
in the mother process. In case ¢ < 1 the model is called ‘multiple interaction process’
(MIP). Here, not necessarily all neurons receive a copy of the mother process’ spikes, and

the neurons receiving a spike are randomly chosen out of all N processes. As a result, the
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Figure 2: Dot displays of realizations of the (A) SIP,, model, (B) MIP,, model and (C)
control data generated by spike time randomization of the data of the MIP,, model in
(B). The parameters common to all panels are N = 100, rate p = 0.02, and h = 0.001s.
The duration shown is 7" = 500ms. In (A) neurons 1...20 (m = 20) are correlated with
a = 0.005, in (B) neurons 1...20 (m = 20) are correlated with ¢ = 0.8. The middle row
shows the same data as in the top row with random ordering of the neuron identifiers.
The bottom row shows the population histograms (bin size h = 0.001s) identical for the
top and the middle panel of each column.



generated synchronous patterns differ in composition of neurons and in their complexity,
i.e. the number of spikes in the pattern.

Here, we modify the models as follows. First, instead of expressing the model as Pois-
son processes in continuous time we formulate it in discretized time as Bernoulli processes.
The reason is that we anyway aim to detect coincident events via binning. Formulating
the model in continuous time with subsequent binning would lead to additional effects
not relevant for the present study (cmp. Staude et al., 2008). Second, in a realistic record-
ing session with N electrodes we do not expect to record from the same assembly at all
electrodes. Instead we expect to observe at most a subset of m < N neurons to partic-
ipate in the same assembly. Therefore we copy the spikes of the mother process into m
selected processes only. Third, correlated activity found in experimental data is typically
embedded in uncorrelated 'background’ firing activity (e.g. Riehle et al., 1997; Abeles
et al., 1993; Prut et al., 1998). Therefore we ‘dilute’ the activity of the fully synchronized
neurons with uncorrelated background spikes.

Thus, we define the following models of correlated activity.

Single interaction process in m out of N neurons: SIP,,. From a Bernoulli process
of rate «, discretized in bins of width h (typically 1ms) we copy spikes with probability
¢ = 1 into m out of N single neuron channels. Into each of the m processes of the correlated
neurons we in addition to the synchronized events inject uncorrelated spikes modeled by
a Bernoulli process of rate p, = p — « (see Fig. 1A for a sketch of the model, and Fig. 2A
for an example realization with ordered (top) and randomized (middle) neuron identifiers.
Under the constraint that all N neurons have the same firing rate p we model the N —m
uncorrelated processes as independent Bernoulli processes of rate p. The parameter ranges
we consider are the typical firing rates of cortical neurons (from a few to ~ 100Hz) and
coincidence rates up to a few Hz as extracted from experimental cortical data (Griin et al.,
1999). Thus « is typically small relative to the firing probability p.

Multiple interaction process in m out of N neurons: MIP,,. From a Bernoulli
process of rate a, discretized in bins of width h (typically 1ms) we copy spikes with a

probability € < 1 into m out of N neurons (for € = 1 this corresponds to SIP,, without



background and a = p). Here we do not insert background spikes into the m processes
since due to the reduced copy probability also isolated spikes are generated appearing as
background. The firing rate of these neurons is p = «- €. To fulfill the constraint that all
neurons have the same firing rates the N — m uncorrelated processes are modelled as a
Bernoulli processes with firing probability p (see Fig. 1B for a sketch of the model, and
Fig. 2B for an example realization with ordered (top) and randomized (middle) neuron
identifiers.

Control data. For comparison we generate control data without any correlated compo-
nent. To this end we randomize the spike times (bins occupied by a spike) of SIP,, and
MIP,, realizations along the temporal axis. This conserves the spike counts of the original
data thereby avoiding additional variance (see Fig. 2C for an example of control data for

the MIP,,, model realization in Fig. 2B).

3 Distribution of coincidence counts

Next we explore how correlation between groups of neurons is expressed in simple mea-
sures like the population histogram and the distribution of the corresponding counts per
bin. Thus we ignore individual spike constellations across the neurons and restrict the
description to the distribution of the number of spikes of all N neurons within a bin, i.e.
the complexity ¢ (shown in Fig. 2, bottom row). We derive analytical descriptions of the

distributions for both model types and then compare these to simulations.

3.1 Coincidence count distribution of SIP,, model

The mathematical description of the coincidence distribution of correlated processes can
be split into two contributions. Given that the time bins are independent, i.e. the processes
have no memory, we can reorganize the bins in time (see Fig. 1C). Let us first collect the
bins that contain injected coincidences (‘dependent part’), then consider the rest i.e.
all the time bins containing uncorrelated activity (‘independent part’). The probability
distribution of the dependent part is characterized by coincidences of order m with firing

probability « in the m out of N neurons. The N — m neurons fire independently with
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Figure 3: Coincidence probability distributions of the SIP,, model (A) and the MIP,,
model (B). Distributions (horizontal axis: coincidence complexity £ ranging for better
visibility only from 0 to 40) are constructed from realizations of duration 7" = 100s at
the resolution of the data h = 0.001s, with N = 100 neurons and firing probability
p = 0.02 for all neurons. m = 20 neurons contain correlated activity. In case of SIP,, the
coincidence rate is a = 0.005, in case of MIP,, the copy probability is € = 0.8 resulting
in an insertion probability of @ = 0.025. Top row: probability distribution of the raw
coincidence counts; middle: results for the respective uncorrelated control data; bottom:
difference distribution (model - control). The gray curves represent analytical results,
black dots show results of simulations.



rate p. The coincidence distribution of only those N — m neurons follows a binomial

distribution
N—m

BN =) = (V") = o

These coincident events meet injected events of order m. Thus we obtain for the distri-

bution of synchronized events of order £ =i 4+ m in the N neurons:

PSIP,dep(g) = B(€ —m, N — m>p) . (2)

Since injected coincidences are of order m only patterns of complexities with at least m
spikes are found; the probability for synchronous events of complexity & < m is 0. The
expectation value is

< gs[p,dep >= (N — m) “p+m . (3)

The coincidence distribution of the remaining bins (independent part) is characterized by
chance coincidences only. As before, the N — m neurons exhibit chance coincidences ac-
cording to a binomial distribution with firing probability p as expressed in Eq. 1. However,
the firing probability of the m neurons in the independent part p, = p — « is reduced by
the injection probability of the synchronous events. The coincidence probability of these
neurons is B(j,m,py) = (";) pZ - (1 — py)™=9). Consequently, we obtain the probability
to observe a coincidence of a given complexity £ by considering all possible combinations
summing up to & of the number of coincidences among the group of N — m neurons and
the number of coincidences among the group of m neurons. This is expressed by the

convolution of the two binomial distributions:
PSIP,indep(£> = Z B(Zu N — m7p> : B(g - ia mapb) <4>

abbreviated as
= B('l, N — map) * B(€ - i7m7pb)

where we define B(i, M,p) = 0 for i < 0 and ¢ > M. Thus the expectation value of this

part of the complexity distribution is

< &s1Pindep >= (N —m)-p+m-(p—a)=Np—ma . (5)
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Finally, the total coincidence distribution is the sum of the distributions of the two parts
Eq. 2 and Eq. 4 weighted by the relative number of bins containing injected coincidences
and its complement respectively. For large values of T we just consider the mean fractions

a of the dependent part and (1 — «) of the independent part:

PSIPm (f) = Q- PSIP,dep(g) + (1 - Oé) : PSIP,mdep(ﬁ) . (6)

For simplicity we ignore the loss of spikes induced by the injection of coincident events
into background activity with subsequent clipping (Griin et al., 1999) since for the range

of parameters studied the probability for such collisions is very small (« - pp).

3.2 Coincidence count distribution of MIP,, model

In case of the MIP,, model coincidences are inserted according to a given probability €
which defines the probability to copy spikes from the mother process into m of the N
neurons. Let us again consider first only the part of the bins in which the mother process
contained a spike (dependent part). The probability distribution for coincidences within
the m neurons only is B(i,m,€) (cmp. Kuhn et al., 2003). These events occur with the
rate of the mother process, i.e. with probability «. The spiking probability of the m
neurons is p = € - a. For the remaining N — m neurons the same expression for the
coincidence distribution holds as given above in Eq. 1. Thus, we yield for the dependent

part:
Pripaep(§) = B(i,m, €) « B({ — i, N —m,p) . (7)
The mean complexity is
<Emrpdep >=(N—m)-p+m-e . (8)

Thus, MIP,,, differs from SIP,,, in the sense that not all m neurons are correlated with or-
der m. Furthermore, SIP,,, contains background spikes in the correlated neurons, whereas
MIP,, does not. For the part of the bins without a spike in the mother process (indepen-

dent part) the description of the distribution is similar to the one for the SIP,, model (Eq.



4), however here the equation simplifies to chance coincidences from the N — m neurons

only:

PMIP,indep(g) = B(€> N — m>p) . (9)

The mean complexity is
< EMIPindey >= (N —m)-p . (9)
The total probability distribution then results from weighting by the relative contribu-

tions:

Prirpdep(§) = - Payrpgep + (1 — @) - Prrrpindep

:Oé'B(i,m,E) *B(g_Z>N_m7p) + (1 _a) B(€>N_m7p)
Fig. 3 illustrates the coincidence count distributions for the SIP,, and the MIP,, model.

3.3 Control Data

In case of uncorrelated data (no insertion), the firing probability of all processes in Eq. 4

is p for both model types, and thus Eq. 4 reduces to:
Pctrl(é-):B<va7p>*B(£_Z7N_m7p>:B(ngup) (8)

by using the addition formula for binomial coefficients. The same result holds for the
control data for the MIP,, model. The expectation value for the mean complexity is
< &4 >= Np. This distribution reflects the coincidence distribution assuming full

independence of the processes subject to the constraint of identical firing rates.

4 Comparing Model and Control Data

In the following we compare model and control data based on our analytical derivations
and simulations. In particular we are interested to know in how far model and control data
differ and, in view of data analysis, how this knowledge can be used to detect correlation.
As the population dot displays in Fig. 2B demonstrate, model and control data are visually

not distinguishable if the neuron identifiers are randomly arranged. Also the coincidence
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Figure 4: Constituents of the complexity distribution. The thick gray curve shows the
difference between the probability distribution of the SIP,, model and the respective
control (m = 30, N = 100, p = 0.03, « = 0.01, T" = 100s, and h = 0.001s). The black
dots show the difference distribution for a SIP,, model in which the background probability
of the m neurons containing coincidences is elevated to match the rate p of the N —m
independent ones. Both SIP,, models exhibit the same excess hump starting at £ = 30,
but for the latter model the pronounced biphasic feature at low complexities is reduced
to a small dimple (cmp. Eq. 4). The asterisks show the difference distribution for the
original SIP,,, model without injected coincidences; the m neurons only have uncorrelated
background spikes at rate p—«. The excess of high complexities is absent but the biphasic
feature is conserved.

count distributions are visually very similar Fig. 3 (top, middle). Therefore we subtract
the control data from the model data to highlight potential net excess coincidences in the
model data Fig. 3 (bottom). Here deviations become clearly visible: at low complexities
the model data contain more coincidences than the control, at slightly higher complexities
they contain less coincidences, and for complexities at about & = m there is again an excess
of coincidences.

These features are characteristic for both models (Fig. 3, bottom row), however for
SIP,,, excess coincidences occur with a hump at a value of € slightly above m, for MIP,,, the
hump is located below & = m. Due to the chosen copy probability of ¢ = 0.8 for MIP,,,
the probability for patterns of complexity & = m is low, and therefore the complexity
of the hump is at & < m. In contrast, for SIP,, the hump is at values & > m, since
patterns of complexity m are inserted, and by chance meet background spikes of the
N — m uncorrelated neurons.

The origin of the differences of the model data and the control data at low complexities
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is less obvious. Let us therefore restate the expression for the difference of the SIP,,, model

and the control data (subtract Eq. 3.3 from Eq. 6):

Psipaiff(§) = Psrp,, (§) — Pen(§)
:O"B(g_mvN_mJ))_‘_(l_a)'B(i>N_m>p)*B(€_i>m7pb)

_B(£7N7p>

For the sake of simplicity we assume that coincidences are inserted into all N processes.

Thus Eq. 4 simplifies to:

Psipaifs(§) = aPyep + (1 — ) B(§, N, pp) — B(§, N, p)

with

o ite<nN
Pde”_{l ifeE=N . (6)

Injected coincidences enter Psrpgirr(€) only at £ = N with probability o. The remaining
term expresses the contributions of the chance coincidences and their difference to the
control data. Obviously, the distribution of the coincidences of the control data is shifted
to a higher mean value (Np) as compared to the chance coincidences of the independent
part of the model data (Np,). The subtraction of the two distributions leaves a posi-
tive peak at small complexities, and a negative peak at somewhat higher complexities
(Fig. 4). This difference can almost completely be compensated by increasing the rate of

the independent part to p. In this case Eq. 4 reduces to:

PSIP,diff(g) = anep_l' (1 —Oé) ’ B(gaNap) _B(§’N>p)

= an@p —Oé'B(f,N,p)
or in the general case of m < N
Psipair(§) = a- B(§ —m, N —m,p) —a - B(§, N, p)

Whereas the entries at complexities £ > m are not affected Fig. 4 (cmp. the gray curve
and black dots at the hump around ¢ = 32), the biphasic feature at low complexities is

reduced to a dimple reflecting the binomial distribution of chance coincidences scaled by

11



—a. The negative weight originates from the normalization constraint of the correlated
data. The biphasic feature at low complexities can be replicated (Fig. 4, black asterisks)
by independent data in which m neurons have a reduced firing probability p — « as it is
the case in the independent part of the SIP,, model.

In conclusion, the biphasic feature at low complexities in the difference distribution
of model and control data is due to the constraint of all neurons having the same firing
probability and not due to the injected coincidences. The feature can be eliminated by
adjusting the background rate of the correlated neurons to a rate comparable to the rate
of the independent neurons. As outlined in the discussion section, we may be able to
exploit this observation to differentiate between candidate mechanisms for the generation

of correlated spiking in the neuronal system.

5 Parameter Variations

After having understood how inserted higher-order coincident spike events influence the
coincidence distribution, we now study parameters relevant for the analysis of neurophys-
iological data. Typical questions on an experimental data set are: Is there correlation in
the data? What is the order of the correlation, i.e. how many and which neurons are
involved? Furthermore, synchronous spike events may occur with a temporal jitter that

does not correspond to the bin width chosen for analysis.

5.1 Variation of correlation order m

In the SIP,, model coincidences of synchronized spike events of order m are inserted
into m neurons and in Fig. 2A we studied the coincidence distributions for m = 20 in
N = 100 neurons. Now we are interested to see how the systematically varied order m
of the injected coincidences affects the distribution. As before we study the distribution
of the correlated data, the control data and their difference, however now visualized by
a color code along the horizontal axis (£) and for increasing m along the vertical axis
(Fig. 5A). Again, we find the biphasic feature for low complexities, which hardly varies

with increasing m since the insertion and background rates are not changed.

12
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Figure 5: Dependence of the complexity distribution on the order of the correlation (top:
model data, middle: control data, bottom: difference of model and control). (A) variation
(vertical) of m for the SIP,,, model (m = 5...50 in steps of 5, & = 0.005) and (B) variation
of € for the MIP,, model (¢ = 0.05...1 in steps of 0.05). The gray code indicates the
probability to observe a coincidence pattern of a certain complexity ¢ (horizontal). The
data in the top panels result from simulations of the respective models with parameters
N =100, p =0.02, T = 100s, and A = 0.001s. In the MIP,,, model « is adjusted for each €
value to account for p = a - €. The control data are generated by temporal randomization
of the spikes of the model data.
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Figure 6: Dependence of the complexity distribution on firing and coincidence probability
in the SIP,, model (top: model data, middle: control data, bottom: difference of model
and control data). Common parameters of the simulations are: m = 20, N = 100,
T = 100s, h = 0.001s. The gray code indicates the probability to observe a coincidence
pattern of a certain complexity £ (horizontal). (A) The firing probability p = 0.005...0.05
is varied in steps of 0.05 with a constant coincidence probability of o = 0.05. (B) The
coincidence probability a = 0.002...0.02 is varied in steps of 0.002 at a constant firing
probability of p = 0.02.

The inserted coincidences, again, are not visible in the raw coincidence matrix. Only
in the difference matrix (Fig. 5A,bottom) with increasing m excess coincidences appear
at a complexity always somewhat higher than m since inserted coincidences of order m by
chance meet background spikes which increases the complexity of the detected coincidence
patterns.

For small m, the coincidences due to insertion overlap with the features due to the

constraint on spike rate and the biphasic shape is disguised.

5.2 Variation of copy probability ¢

In physiological terms the copy probability e of the MIP,, model corresponds to the
participation probability of the neurons in an assembly activation. In Fig. 5B we keep

the total number of neurons N constant, as well as the number of neurons m (here
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20) in which coincidences are inserted. With increasing e the mean complexity of the
excess coincidences increase linearly according to Eq. 8. For € = 1, which corresponds
to SIP,, without background, the mean complexity reaches a value slightly above m
(Fig. 5B, bottom). The amplitude of the hump decreases with increasing € which is due
the requirement of constant firing rate subject to the relation p = € - . To fulfill this
constraint the rate of the mother process « has to decrease with increasing €. At the same
time the variance of the complexity of the excess coincidences becomes larger according
tom-e- (1 —¢)), but due to the simultaneous decrease of o the hump appears less wide
in the difference plot.

Summarizing the variation of m and e leaves us with the insight that from the position
of the excess hump we cannot directly conclude on the number of neurons involved in the
correlation if the underlying model is not known. The hump position could either directly
reflect the number of correlated neurons for SIP,,, or is indicating a smaller number of
neurons than are actually involved in the correlation due a value of € < 1 in the MIP,,
model. As a consequence the underlying model must first be identified. One option is
to extract the coincidence patterns which exhibit excess complexities and analyze them
for their individual composition. If always the same set of neurons is active in a pattern
we can conclude on SIP,,. However, if patterns are composed of subsets of a particular

superset of neurons we can conclude on a MIP,,, type model.

5.3 Variation of firing rates

Fig. 6A, top panel shows the dependence of the coincidence distribution on the total
firing probability p for constant N, m, and coincidence probability a in case of SIP,,.
By increasing p also the background spike probability p, of the neurons with injected
coincidences increases (p, = p — ). Consequently, the mean complexity of the peak of
the independent part of the coincidence distribution increases according to Eq. 5. The
complexity at the hump of the excess coincidences (Fig. 6A, bottom) mainly corresponding
to the dependent part also increases with the firing probability p but with a smaller slope,

i.e. according to Eq. 3 with (N —m)p + m, since (N —m)p < Np.
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Figure 7: Coincidence probability distribution (top: model data, middle: control data,
bottom: difference of model and control) of the SIP,, model under variation of the bin
width w (varied from 1 to 20 in steps of 1 in units of A = 0.001s, vertical axis). The
analyzed data sets differ in the temporal jitter of the inserted coincidences: in (A) the
coincidences are exact without temporal jitter, in (B) the jitter is j = 5h. The jitter is
generated by randomly displacing each spike of each neuron within a window of +0.5j
centered at its original position, thereby generating coincident spike events with a max-
imal distance of j. The gray code indicates the probability of occurrence of coincidence
patterns as a function of complexity ¢ (horizontal). The data in the top panels result
from simulations of the SIP,, model with parameters N = 100, T" = 100s, h = 0.001s,
m = 20, a = 0.05 and p = 0.02.

Similar considerations hold for changes of the coincidence rate o (Fig. 6B). Keeping all
other parameters constant, a change of the coincidence injection probability « only affects
the hump height, but not its complexity. Only the complexity of the independent part at
small complexities is affected, since an increase of the coincidence probability leads to a
decrease of the background probability in the m neurons. Consequently, as discussed in
section 4, the difference in chance coincidences of the model and the control data increases

(cmp. Eq. 4).
5.4 Variation of bin width vs. temporal jitter

Coincident spike events of pairs of cortical neurons typically have a temporal jitter of a

few ms (see e.g. Griin et al., 1999; Pazienti et al., 2008). Such a jitter can be modeled by
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copying the spikes of the mother processes not always into exactly the same bin across
the neurons, but to allow copying into neighboring bins with some probability. For the
sake of simplicity, here we decide for a rectangular distribution of spike times as described
in the caption of Fig. 7.

One option to detect jittered coincidences, is to adjust the bin width (e.g. Griin et al.,
1999, 2002a) to the precision of the spikes. Since in an electrophysiological experiment
the appropriate bin width cannot be known in advance, we analyze the same data set
with increasing bin width. Thus, instead of counting the simultaneously emitted spikes
at the resolution of the data h, we now count the spikes within w neighboring time steps.
w is called the bin width and we also call the sum of events complexity although a single
neuron may contribute more than one spike.

Similar to the foregoing displays we then plot the coincidence probability distribution
as a function of the complexity & horizontally, and along the vertical axis as a function of
the bin width w (in units of h). Fig. 7 shows in A the result for a non-jittered data set and
in B the result for a data set where coincidences have a jitter of up to j = bms. Even in
the case of no jitter the complexity of the peak of the chance coincidences increases with
bin width. This holds for both, the model and the control data. The reason is that with
increasing bin width the probability to detect spikes within a bin trivially increases due
to background activity. For the independent part the coincidence probability distribution

for a bin width w reads:
PSIP,indep(g,w) = (1 - a) ' B(l> (N - m) : W,p) * B(g - i>m . w7pb)

Thus the mean of the independent part of the complexity distribution increases as w(N —
m)-p+wm-py). The detected complexities are generally higher than in the original case
where the width of the bins corresponds to the resolution h of the generating Bernoulli
process.

For the dependent part we obtain:
Psipaep(§,w) = a- B —m, (N —m)w,p) . (5)

The mean complexity is m + w(N — m)p.
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If coincidences are jittered, only part of the coincidences are detected for wh < j.
For small w the complexity of the detected excess coincidences is reduced to the number
of spikes of an injected coincidence falling into one bin. Furthermore, the counts of
these events is smaller than the injected number and therefore the hump of the excess
coincidences is small. From wh = j on, all inserted coincidences are detected (neglecting
debris due to exclusive binning; Griin et al., 1999). The complexity of the hump is now
increasing faster with w as for the range of bin sizes for w < j. This change of slope at

w = j may be used as an indicator for the precision of synchronization in the data.

6 Discussion

The goal of this study is to learn if a simple measure like the population histogram
generated from parallel spike data can be used to detect correlation between the spike
trains. To study such a situation we re-formulated two types of models for parallel point
processes, which enables us to generate many parallel spike trains with a subgroup of
them being correlated and exhibiting coincident spiking. As a measure of correlation
between the spike trains we use the coincidence count distribution which is the amplitude
distribution of the population histogram, i.e. the sum of spikes across the neurons within
a predefined bin size as a function of time.

We illustrate that correlations are neither directly visible in the population dot display
nor in the coincidence distribution, since background spikes act as a strong noise compo-
nent. These spikes generate a large number of entries in the coincident count distribution
at low complexities dominating the distribution. We choose to account for effects of back-
ground firing rate by comparing the model data to control data, which contain the same
number of spikes per neuron but with the single neurons exhibiting fully independent
firing. Still, the distribution of the original and the control data appear very similar by
visual inspection, and only the difference of the two gives indication of correlation in the
model data.

We find that correlation in a subset of the neurons can be clearly identified by entries

in the difference matrix at the complexities close to the order of correlation contained
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in the data. The exact complexity observed depends on the assumed underlying model.
For SIP,, the minimum complexity of the excess coincidence entries reflects the number
of correlated neurons, for MIP,, the maximum. The two models can be distinguished
by extracting the time bins of entries of high complexity and analyzing the detailed
composition of the neurons contributing to the patterns. In SIP,, a subset of m neurons
would always fire together, for MIP,,, a subset of m neurons would be involved but would
contribute with different compositions of neurons. The latter seems to be a quite realistic
assumption. Realizations of the synfire chain model would exhibit such activity in each
group of the chain, since not all neurons in a group need to be active for stable propagation
of a synfire run (Diesmann et al., 1999). A typical participation probability for each
individual neuron, which corresponds to € in the MIP,,, model, is about 0.8

If the number of correlated neurons, however, becomes small compared to the chance
complexities the hump of the excess coincidences drowns in the noise. However, for m as
small as 5 the hump of the excess coincidences already separates from the background.
Larger background firing rate would indeed shift the peak of the chance coincidences to
somewhat higher complexities, but also shifts the hump of the excess coincidences due to
enhanced chances to meet background spikes.

An obvious biphasic feature in the difference coincidence distribution occurs at low
complexities which we identified as being due to the constraint of all neurons having
the same firing probability. As a consequence of the presence of correlated spikes the
background firing of the neurons in the correlated data set is reduced. Therefore the
distribution exhibits a decreased probability for small complexities as compared to the
fully independent control data. Thus, if coincident events are injected into processes
containing the same rate as the independent processes, the biphasic feature is absent and
the difference coincidence distribution becomes almost flat in this regime.

This observation provides an interesting option to distinguish two potential mech-
anisms for the generation of synchronous spike events in the neuronal system. In one
scenario additional synchronized events are generated by the system without affecting

the ongoing activity, which would correspond to the case where the neurons receiving
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additional coincidences have an increased rate (by p — p,) as compared to the neurons
without coincidences. An example situation is where some of the observed neurons are
part of an occasionally active feed-forward subnetwork (synfire chain, Schrader et al.,
2008). Alternatively, spikes could be shifted such that they become synchronized with
others. This would correspond to the case where firing rates are the same for all neurons.
An example situation is where spikes become locked to global network oscillations.

The comparison of experimental data with data that implement control models is a
standard approach in the correlation analysis of parallel spike trains (e.g. Pipa & Griin,
2003; Ikegaya et al., 2004; Shmiel et al., 2006). Such a comparison is mostly formulated as
a significance test where the control data realize a specific null-hypothesis. The analysis
presented here is rather thought of as a fast scanning procedure helping to decide if a
data set contains interesting correlation which should further be analyzed in more detail.
It provides a comparison of original data to control data realizing full statistical inde-
pendence. The latter can be analytically described by a Bernoulli distribution. However,
also a numerical realization can be achieved easily in practice by randomizing the bins of
each neuron in time. Such a surrogate also conserves the spike count of each neuron. In
contrast, realizations of Bernoulli processes with the firing probability estimated from the
data would introduce additional variance.

A next step would be to add a statistical test to the discussed approach. One way
of quantifying differences of the complexity distributions would be to perform a test on
the full distribution (e.g. Pipa & Griin, 2003; Pipa et al., 2008) another to calculate and
compare the moments or cumulants (Staude et al., 2007, 2008). The latter also provides
the option to compare the experimental data to models which include sucessively higher
orders of correlation as implemented in Staude et al. (2008), which then enable statements
on the minimal order consistent with the data.

Other aspects that need to be considered in extentions of the current approach are
typical features of experimental data: non-stationarity of the firing rate in time, inho-
mogeneous rates of the different neurons, and temporal modulation of the correlation

(e.g. Riehle et al., 1997). Such situations can rapidly reach a level of complexity severely
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impeding analytical descriptions but the flourishing idea of surrogates can come to the

rescue (see Griin (2008) for a review).
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