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Searching for significance in

spatio-temporal firing patterns
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Abstract. We examine a specific candidate for temporal coding of

information by spike trains, the occurrence of a temporal firing pattern among

some number of neurons that repeats more often than expected by chance.

Methods for detection of repeating patterns have long been available, but

there are no analytic methods for calculating the expected numbers of

repeating patterns to enable assignment of significance to the results from the

experimental data. The expected numbers can be calculated by Monte-Carlo

methods by repeatedly modifying the original data spike trains. Ideally the

surrogates produced by such changes should destroy all patterns and

cross-correlations but preserve other aspects of the trains such as rate, interval

structure etc. We present here a novel variant of the "dither surrogate" (Date

et al. 1998) and use surrogates generated by this algorithm to evaluate

repeating pattern significance in data recorded in monkey motor cortex during

behavior. Although we can demonstrate high statistical significance for the

excess repetition of some spike patterns, it is not obvious that this has

physiological meaning or that such patterns are used for information transfer.
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The basic problem. The nervous system certainly

uses firing rate coding to represent information, but it is

not clear whether and to what extent specific spike tim-

ing is used despite many papers on this topic. Perhaps

the simplest timing structure would be firing synchrony

of two or more neurons. This can have an amplified ef-

fect on downstream neurons because of nonlinear addi-

tion of the EPSPs. The extent and circumstances in

which such "unitary" synchrony events exceed ex-

pected rates by significant amounts have been thor-

oughly investigated in a series of papers by Grün et al.

(2001) with the conclusion that excess synchrony can be

temporally associated with behavioral events. In this pa-

per we will examine a more complicated type of tempo-

ral firing structure consisting of a firing pattern of some

length among some number of neurons that repeats

more than expected by chance. Such repeating patterns

are at least potentially a carrier of information. Also in

terms of Abeles’ concept of synfire chains (Abeles

1991) they could represent the repeated activation of a

particular synfire chain from which we record some

number of neurons.

Available methods. Short patterns consisting of two

intervals among the firings of one to three neurons (i.e.,

three successive spikes) have been studied by a variant

of the Joint Peri-Stimulus Time Histogram (JPSTH)

(Aertsen et al. 1989, Gerstein and Perkel 1972) where

the occurrence of a spike in a particular train is used as

reference (instead of stimulus) and the delayed occur-

rence of the next two spikes (of the other trains being an-

alyzed) are represented along the x and y axes of the

JPSTH. If a particular interval pattern is repeating more

than other interval sequences there will be a hot spot in

this variant JPSTH. The method and appropriate signifi-

cance tests were worked out in a series of papers by Prut

et al. (1998). Again it was possible to demonstrate a

fairly loose time locking of such excess pattern repeti-

tions to behavioral events. (Note that the "snowflake"

(Perkel et al.1975) could be used in a similar way.)

Repetitions of more complex patterns of arbitrary

length and membership can be found by a method of

Abeles and Gerstein (1988). This is easily visualized by

representing the data as an old fashioned punched paper

tape. Each line of holes along the tape represents the fir-

ing of a particular neuron, quantized time (bins) repre-

sented along the tape. Simultaneous firings to within the

bin time are represented by more than one hole across

the tape at a particular temporal location. Now make a

second copy of the tape. With the two tapes superim-

posed over a light source, start shifting one relative to

the other in steps of one bin. We choose a window for

maximum pattern length, and at each shift we scan the

entire overlaid tapes for superimposed holes. For each

tape shift and widow position we keep track of the num-

ber and identity of superimposed holes. This identifies

patterns of any complexity (number of firings involved)

and with any temporal structure within the chosen pat-

tern length window that repeat two or more times in the

data. In the original paper significance of counts was ob-

tained by analytic calculation on Poisson and

inhomogeneous Poisson trains. This is a poor match to

most real data, so that other tests for significance are

needed.

Significance tests. Other analytic tests have not yet

been developed, so that it is necessary to use surrogate

and Monte-Carlo calculation after the original data has

been analyzed with the two tapes method. One such ap-

proach has been made by Baker and Lemon (2000). For

each of the N neurons in the data they obtained firing rate

function by convolution of the spike train with a suitable

kernel. This rate function was used to generate a spike

train with intervals drawn from rate modulated gamma

functions of order 1 to 30. For each of these surrogate

candidates an interval histogram (IH) was calculated, and

the order which best matched the corresponding data IH

was used in generating all further surrogates of that spike

train. The process was repeated for each spike train in the

data set. Unlike Poisson trains this approach replicates

the refractory period and lack of short intervals that is

typical of most data. The pattern search computation was

then calculated for each set of N surrogates, and the pro-

cess of generating surrogates and pattern search was re-

peated until adequate statistical significance could be

assigned to events in the pattern analysis of the original

data. Baker and Lemon’s conclusion was that the number

of repeating patterns in the surrogate data was the same as

or even higher than in the original data, and therefore that

patterns could not have any physiological significance

(Baker and Lemon 2000).

However, Baker’s method of generating surrogates

has some problems. When we applied it to artificial data

consisting of rate modulated gamma functions, the sur-

rogate generating procedure always produced surro-

gates at least two orders larger than the original. The

order parameter is connected to regularity – the higher

the order the more repeating patterns are expected. Thus

these were inappropriate surrogates and would produce

inappropriately high pattern counts.

204 G.L. Gerstein



A completely different class of surrogates can be gen-

erated by dithering the time of each spike. This is an idea

first developed by Date et al. (1998), Hatsopoulos et al.

(2003) and used in Abeles and Gat (2001). Such a surro-

gate completely destroys any original patterns, but pre-

serves the overall rate structure of the spike train. In this

original formulation the distribution of dithers was flat

over some appropriate window (± 8 ms). Such a surro-

gate however does change the original IH by adding

short intervals and lowering the peak. In terms of

gamma distributions, such a surrogate is a move to

lower order and hence produces an inappropriately low

number of patterns.

A modified result can be obtained by defining the

dither distribution on the original Joint Interval Histo-

gram (JIH) for adjacent intervals. Dithering a spike on

such a 2 dimensional surface corresponds to movement

along a trajectory perpendicular to the principal diago-

nal (for each three spikes as we dither the middle spike

the first interval gets shorter and the second interval gets

longer, or vice versa). The values of the JIH surface

along this trajectory can are used to define the actual

dither distribution. For typical parameter values the re-

sulting surrogate also destroys any pattern structure, but

creates an IH with less short intervals and a higher peak

than in the IH of the original data. In terms of gamma

distributions such a surrogate is a move to higher order

and hence produces an inappropriately high number of

patterns (as in the Baker and Lemon surrogate method).

It turns out that the same 2 dimensional procedure

carried out on the surface which represents the square

root of the JIH produces a surrogate with IH and JIH re-

markably similar to the original. This version of dither

algorithm has no obvious mathematical foundation, but

because of the good IH fits we have used it extensively

to make surrogates for pattern searches. The IH perfor-

Fig. 1. Performance of the JIH dither for data generated by a rate varying gamma process of order 4. The rate modulation cycle

is indicated at lower right. Note that the theoretical IH, its realization and its dither all superimpose. Theoretical IH for gamma

processes of order 3 and 5 are included for comparison. Joint IH are shown at upper right for original and dithered, and also

show little if any distortion.
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mance of the JIH dither method for a data file gener-

ated with a rate modulated gamma process of order 4 is

shown in Fig. 1. The superposition of theoretical, gener-

ated and dithered IH is obvious. The graph also shows

theoretical IH for gammas of order 3 and 5 for calibration.

Pattern search results. Before analyzing the origi-

nal data we filter it to remove bursts of activity. These

may be defined as three or more consecutive intervals

shorter than some criterion like 10 ms. Such bursts pro-

duce many repeating patterns that are essentially unin-

teresting (the recurrence of bursts per se as a potential

carrier of information has been studied by Legendy and

Salcman 1985). Application of the overlaid paper tape

pattern search algorithm to burst filtered data is rela-

tively straightforward, but this is a brute force computa-

tion that requires considerable time even with today’s

fast computers. We have generally processed the burst

filtered original data and then made and processed 20

surrogate sets. Results can be summarized in a two di-

mensional histogram of number of patterns as a function

of complexity (how many spikes are involved in the pat-

tern) and of number of repetitions. We call this the pat-

tern spectrum. Details of individual patterns, their

repetition score and their location in time are of course

also available for further analysis.

The pattern spectra for the 20 surrogates are aver-

aged, and the standard deviation at each point is calcu-

lated. We then compute the difference between the

pattern spectrum of the original data and this average

surrogate spectrum, and express the final result normal-

ized at each point by the corresponding standard

deviation of the surrogate average.

We show the analysis of a data set of six neurons simul-

taneously recorded in M1 cortex of a monkey doing a re-

petitive thumb-finger grasp task with both hands (Baker

laboratory, methods as in Baker and Lemon 2000). Indi-

vidual spikes within a pattern are defined to 2 ms, and total

pattern duration is < 300 ms. The count difference plane in

Fig. 2 at the left is shown from above (original pattern

counts > average surrogate counts); the view from below

the difference plane is at the right. Bar heights are in units

of standard deviation of the average count at those coordi-

nates. There are clearly more small differences in the posi-

tive direction (original > average of surrogates) than in the

negative direction. Among the larger differences there is

one bar at 5 SD and one bar at 3 SD in the positive direc-

tion; the largest bar in the negative direction is 2 SD

The 5 SD bar represents patterns of 4 spikes that re-

peat 8 times in the data set. There are 10 such patterns in

the original data. We should now examine whether the

Fig. 2. An example of pattern count difference spectrum in units of standard deviation of the surrogate average. Data consisted

of 6 well isolated neurons simultaneously recorded from left M1 of a monkey executing a repeating thumb-finger grasp task

with both hands (Baker laboratory). Left panel shows view from above the plane, corresponding to original pattern counts >

surrogate average counts; right panel is view from below the plane corresponding to original pattern counts < surrogate average

counts. See text.
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repeating occurrences of any of these patterns are re-

lated to particular behavioral events in the monkey’s

task.

Another test that compares the pattern occurrences in

original and surrogate average is to compute the total

number of repeating patterns, i.e., to sum all bars in the

original and average surrogate pattern spectra. For the

data set used for Fig. 2:

Total repeating patterns in ORIGINAL: 1,624,787

Total repeating patterns in SURROGATE: 1,612,632

DIFFERENCE: 12,155

DIFFERANCE / SURROGATE: 9.6

Thus the total number of repeating patterns in the

original data set would seem to exceed those in the aver-

age of the surrogates by a statistically very significant

amount.

Discussion. Does the pattern excess in the original

data indicate that patterns are used for information

transfer? The question of physiological significance is

much harder to answer. In fact the numbers are rather

discouraging. In the data example shown here there

were more than 10
6
total patterns that repeated 2 or more

times, with under 1% excess count over the correspond-

ing surrogate average. What physiological mechanism

could be used to single out this under 1% of excess pat-

terning in order to use it for communication between

neurons or domains?

Another possible interpretation of multi-spike pat-

terns is that some such events are a signature of activity

in an underlying synfire chain, while others are just ran-

dom noise. Information would now lie in whether and

which particular synfire chain is activated, not in the

pattern per se. The numbers might be less daunting,

since it is not unreasonable to suppose that many inter-

secting synfire chains could come through the region

where the observed neurons are located.

One possible approach to testing the physiological sig-

nificance of patterns, either directly or as evidence for a

synfire chain, would be to perturb. If spikes are added (or

subtracted) from a pattern by local electrical or chemical

stimulation will there be any observable behavioral con-

sequence? Certainly appropriate electrically imposed

rate changes in cortical area MT can affect behavioral

judgment of movement direction in the visual scene

(Nichols and Newsome 2002). Related experiments to

perturb specific patterns rather than rates have as yet not

been carried out, are probably very difficult, and

ultimately, because large populations of neurons are in-

volved in typical task behavior, may produce effects far

smaller than any observable behavioral changes.

So, for the present, although we have demonstrated a

much better surrogate than previously used in such pat-

tern computations, it is as yet impossible to assess the

physiological significance of excess patterning. We

might just be studying surrogates of different proper-

ties, some producing more, some fewer patterns than

their original data.
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