Introduction

Neurons in sensory systems are likely to convey information about the temporal structure of
stimuli. Invitro, single neurons respond precisely and reliably to the repeated somatic injection
of the same fluctuating current on multiple trials, producing regions of elevated firing rate, which
are termed events. Further analysis reveals spike patterns, which are trial-to-trial correlations
between spike times (Fellous et al, J. Neurosci 2004). Finding events in data with realistic
spiking statistics is challenging because events may overlap. Overlapping events typically
belong to different spike patterns. Therefore, we developed a method to find spiking events that
uses information about which pattern a trial belongs to. The procedure can be applied to spike
trains of the same neuron across multiple trials to detect and separate responses obtained
during different brain states. The procedure can also be applied to spike trains of multiple
neurons, representing network activity, in order to extract volleys of near synchronous activity
or to distinguish between excitatory and inhibitory neurons.
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Figure 1. Spike trains can be characterized in terms of events. (A) A rastergram with spike trains obtained

from a model neuron in response to the same fluctuating current waveform presented multiple times. There are vertical bands
corresponding to spike alignments, each of which is an event. (B) The spike time histogram, with peaks corresponding to spike
alignments (events). When peaks are isolated it is easy to assign each spike to an event. However, the assignment is made
difficult by the presence of overlapping peaks (double arrow). (C) When the trials are sorted using the clustering algorithm, spike
patterns emerge. The horizontal line separates two spike patterns.
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Figure 2. It is not always possible to
choose an appropriate threshold for

the interval method. (A-B) In each panel, we

show, from top to bottom, (a) the rastergram, (b) the
aggregate spike train and (c) the ISl time series. The
relevant time scales are indicated in the graph. An
estimate for the threshold, 0.1 times the maximum
ISI, is shown as a dashed line in panel c. (A) An
example with one spike pattern where an
appropriate threshold can be chosen that is higher
than the maximum ISI within an event but less than
the minimum |S| between events. (B) An example
with two spike patterns where there is no such
threshold that separates within-event intervals from
those between events.
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Figure 4. The heuristics for finding the q value and the number of clusters

perform well for artificial data sets. (A) We show (black curve, left-hand-side scale) the
gap-statistic G and (gray curve, right-hand-side scale) its difference dG as a function of the number of
clusters. The number of clusters N_ reached after the highest increase in the gap-statistic (at the peak
of dG indicated by the asterisk) is selected as a heuristic for the number of clusters in the data. (B) We
generated ten independent artificial data sets of 45 trials with three patterns all with the same statistics
as those shown in Figure 3. The average N_ value picked by the heuristic is plotted as a function of q,
the shaded area represents the standard deviation. (C) The similarity between the clustering obtained
with the selected N, value and the known classification as a function of g. The black line is the mean
and the shaded area represents the standard deviation. The dashed line in B and C is the mean value
of the q value picked by the heuristic, the choice for each of the ten data sets is indicated by the ticks at
the top of the graph. The heuristically picked g value leads to an optimal similarity and an N_ that is
equal to the actual number of clusters present in the data.
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- Figure 3. The temporal resolution parameter q was determined

using a heuristic on the distance distribution. (A) Rastergram of 45 trials

containing three patterns. (B) The distance matrix for the below-determined q value. The
matrix has a diagonal structure with blocks of small distance values corresponding to the
patterns (as labeled by numbers inside the blocks). (C) The histogram of the matrix
elements of the distance matrix shown in panel B. (D) Density plot of the distance
distribution as a function of q. The ellipses highlight examples of enhanced density for
integer values for the distance for small and large values of q. Panels D-F have a common
x-axis scale, whichis shownin panel F. (E) We show (black curve, left-hand-side scale) the
fraction of distances within 0.05 from an integer and (gray curve, right-hand-side scale) the
entropy of the distance histogram as a function of q. (F) We show (black curve, left-hand-
side scale) CV of the distances and (gray curve, right-hand-side scale) the differenced CV.
The g value chosen by the heuristic is the mean of the g-value at which the entropy has a
maximum and the location of the deepest trough in the dCV, that occurs after the highest
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Figure 5. The ROC-based criterion for merging

events common across multiple patterns. (A) Thirty

trials of (black ticks) spikes drawn from a (black curve) Gaussian with
a mean of 30 ms and thirty trials of (gray ticks) spikes drawn from a
(gray curve) Gaussian with mean 40 ms. (B) The ROC curve was
estimated as the cumulative distribution of the first group of spikes
plotted versus that of the second group of spikes. The scaled ROC
(sROC) was obtained by dividing the ROC area above the diagonal
by 0.5 and taking the fourth power. (C) The same procedure was
repeated for different values of the difference in means between the
two distributions. We show the (gray curve) ROC and (black curve)
sROC area versus the difference of theoretical means over the
standard deviation. (D) Eleven trials of an example data set
consisting of 8 events. In (top) the rastergram the events are sorted
by their theoretical means, with the corresponding spikes rendered
alternately in gray and black. (Bottom) the histogram obtained from
one realization of the data set. The ticks at the bottom represent the
theoretical means of the events and are labeled 1 to 8, with the events
to be merged shown in a box. (E) Matrix of sSROC distances between
the events. The events are ordered (the numbers on the x-axis
correspond to those in panel D) according to a hierarchical clustering
with an sROC threshold of 0.5. (F, black curves) The normalized
mutual information between the classification using clustering and
the desired cluster and (gray curves) the number of events remaining
after merging. The error bars on the mutual information represent the
standard deviation across 100 independent realizations of the data
set.

_A _ _ . _cell: 082003 2¢ B _ i . ~cell: 050501 14
100F_ . ¥o§E=5 ¢ °F F opar ity o3 100¢} SHEnT % O NI E DO
&- e ERed L - QA 314 4 ¢ B I T R T
< 80f__®7mvii we¥ Y OTTEr Yo% ¢ < 80} I EE N I TR TR
s ;& Iy L B & togee by § I AN i LT : : :
o OOl 1® i r g 1 b¥Y L% o 60} TE B i 1 7 Figure 6. Rastergrams obtained in response to
© TAF P Y ¥MiEm Tt ppf b % B FE3ip-miie T cwyty 8T . _
2 A " En b e e in L heEi Ew 2 A0 rerross T Injection of the same fluctuating current waveform for
% | I e N D T £ 20} TR r e T o T | four different layer & prefrontal cortical neurons,
< b e et sl Bl Bl Tdetle U pREE A 8 = ¢ : : L :
OF 5 5 s s e ey =< ot TR L = = - recorded in Vitro. Each line in the rastergram represents a spike
—WMMMWM— WS VA A VWA o P— train obtained on a trial, with the x ordinate of each tick being the spike
0 200 400 600 800 1000 0 200 400 600 800 1000 time. The spike trains are ordered in blocks (delineated by horizontal
Time (ms) Time (ms) lines) based on the amplitude of the injected current, expressed as a
percentage, with the highest amplitude on top. Within each block the trials
are ordered as they were recorded, with the earliest trial at the bottom.
C STl TEE b D ¢ - The injected currentis shown for one amplitude at the bottom. Each panel
1 I S T e T 100} T T TT T T Il shows the response of an example cell.
N T ETE A O N 1 U N UL 1 N R IR RN 1 S
— 80 . 11 T 1% 16 1 It < 80f_I*P FT U %1 TV ivEst b uv
& : 44 i YT s R R T U O G S W 5N 1 W G £
o ©00f i 1 TN o OOF_T"1T T 1T U TU ¢ 1Pyt b vy
O i : £ A N S i) RIS
2 40 i T -' 2 40 T A
Q . - 5 =1 i P t b4 Ll R 4 el ) Lt
g- 20 e 20F ) 1T bRV o TRl el
< o} . < - aE . TR R o ., PR
of . ¥ = ¢ i b s 8w e I ’ ¢ )" .
_ v, o . b . Lt Ainse sbed b a il i ol T T v '
0 200 400 600 800 1000 0 200 400 600 800 1000 [ -, ' " %
Time (ms) Time (ms) - 3 ;. =
{ '
7 oo ;
700 750 800
Spike time (ms)
Figure 7. The procedure for detecting and characterizing events. (A) Rastergram of the
data in Figure 6A for an amplitude of 70% and the time segment between 650 ms and 850 ms. (B) Distance matrix C D
for the trials shown in panel A. The range from small to large distances is mapped onto a gray scale going from ¢ I v o < 3% 1
dark to white. (C) The heuristic for determining q is based on the distribution of the elements of the distance —0.01}ap— . % 2 1
matrix, referred to as the distances. We show (black curve, left-hand-side scale) the dCV, and (gray curve, right- 5" _0.02 g T |— o)
hand-side scale) the entropy of the distances as a function of g. The g value chosen by the heuristic is the mean of = > a | I ©
the g-value at which the entropy has a maximum and the location of the deepest trough in the dCV, that occurs 002 : % =
after the highest peak. (D) The heuristic for determining the number of spike patterns. We show the (black curve, -0.04= —l OL“ =1z - ~5—-05
left-hand-side scale) G(N.) and (gray curve, right-hand-side scale) dG(N,). The errorbars are the standard 10 q (119m5) 10 Number of Clusters

deviation obtained across 50 surrogates. The value of N, chosen by the heuristic is the one for which the dG is
maximal (asterisk). (E) Rastergram and (F) distance matrices with the trials reordered according to their cluster
membership. The horizontal lines in (E) separate the clusters and the vertical gray bands are the events. On two E
instances events common to more than one cluster were merged as indicated by the arrows.

L) B h
.CE 'I. ' h [IJ l)
— i, 2 <
I N i H . =
315 te 3 1 S
= T % T 2 <] | & 1*: L
7 .z £ 180% S 3 — }4_ c
3 \ . :
3| ¢ - o _ Hi
2 ¢ T - PR 700 750 800
ol @ 2 (. Time (ms)
El 2 .
<] =L
700 750 800

Spike time (ms)
Figure 8. Spike patterns persisted across multiple

amplitudes. (A) The rastergram for the data shown in Figure 6A for
amplitudes between 60% and 100% and during the time segment between
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8 & ¢ B s ——y (% clusterindex. The gray vertical bands show the detected events that remained
; :i ﬁf 1 ' after applying the merging procedure.
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Conclusion

We developed a four-step procedure with a few parameters to determine the event structure of a set of spike trains: (1) Determine the appropriate g-
value (Panel 3); (2) Determine the number of patterns N, (Panel 4); (3) Find the events using the interval method applied to each pattern separately
(Panel 2); (4) Merge events common among spike patterns (Panel 5).

This procedure is broadly applicable. The histogram needs to be peaked, which is indicative of events, and if there are overlapping peaks, they should
be due to multiple spike patterns. The procedure was tested using artificial data with spike patterns. It was also applied to spike trains recorded in
response tothe same fluctuating current injected across multiple trials (Panels 6 to 8). The method uncovered evidence for spike patterns in these data.
The procedure can also be applied to groups of neurons, for instance a set of inhibitory and excitatory neurons. It can then be used to separate the
inhibitory and excitatory responses and determine the precision and relative lag, which is the subject of experimental and theoretical studies (Buia and
Tiesinga, 2006; Mishra et al., 2006; Womelsdorfetal., 2007).
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