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Abstract—Brain activity is characterized by the activity of
huge number of neurons that are densely connected in complex
networks. Detecting how neural activity is coordinated across
time and space over brain circuits is a very challenging task.
In particular, ensembles of neurons may co-activate in specific
patterns whose expression correlates to various stimuli,
cognitive states, or behavioral outcomes. These patterns are
expressed on a variety of timescales, from milliseconds to
hundreds of milliseconds or seconds. Here, we extend a
recently-introduced method for extracting stereotypical firing
patterns by applying several post-processing steps that enable
the precise estimation of pattern wavefronts irrespective
of the integration timescale used to detect patterns. Using
electrophysiology data recorded in mouse visual cortex, we
show that this approach enables a more precise estimation of
the relation between firing patterns and meso-scale dynamics,
reflected in the local-field potential. The method removes the
redundancy and blurring generated by the convolution of
spike-trains with exponentially-decaying kernels and offers a
sharper representation of the expression of firing patterns in
brain data.
Keywords: multi-neuronal activity, population dynamics,
ensembles, cross-correlation, auto-correlation, visual cortex,
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I. I NTRODUCTION
The analysis of neuronal data poses great challenges
for several reasons. One of the greatest difficulties comes
from the fact that the brain contains large numbers of
interconnected neurons, each firing at various time delays
relative to other neurons. In response to a visual, auditory
or olfactory stimulus, information about that stimulus is encoded in highly distributed neuron firing patterns expressed
across the cortical network [1]. Therefore, multi-electrode
recordings are necessary to properly characterize the dynamics of brain circuits, but this results in large amounts
of multidimensional data that are difficult to analyze. The
obvious thing to do is to find techniques able to cope with
multi-dimensional data. It was shown in [2] and [3] that the
collective firing of the neurons can be characterized using
multidimensional vectors (patterns). Stereotypical patterns
expressed in response to different stimuli can be further
identified by using various clustering algorithms, such as
K-means [3] [4] or Kohonen mapping [2] [5] [6] . However,
such clustering methods require a priori knowledge of the
number of clusters in the data, which is not always obvious.
In addition, they are also sensitive to the initial conditions
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and thus they may generate a sub-optimal approximation of
the data.
Here, we propose a method for “correcting” the misrepresentation of multi-dimensional pattern data by integrating the information obtained about the patterns with
their moment of occurrence with respect to the neighboring
vectors, while preserving the information about the collective neural activity. By using this simple approach of
formatting the patterns, we extend a recent method that we
have developed for the identification and characterization of
neural patterns. We show that with the proper “correction”
applied to pattern expression, one can use classical analysis
methods, such as cross-correlation, to study the temporal
coordination between neurons on longer timescales. This is
obtained by reducing the blurring induced by convolution,
thus enabling one to determine exactly where the pattern
wavefronts emerge and to express pattern initiations as
discrete events. The technique facilitates the subsequent
application of classical spike-train analysis methods on these
discrete events [3].
II. M ETHODS
A. Experimental Procedures
Neuronal data was recorded from the visual cortex of a
head-fixed, anesthetized mouse, using Neuronexus silicon
probes organized in tetrode configuration (4x2 tetrodes).
Moving gratings with variable drifting directions (0 to
315◦ , in 45◦ increments) and fixed contrast were randomly
presented on a display placed in front of the animal. Each of
the 8 stimuli was presented 30 times in trials of 2.6 seconds
duration. The vitals of the animals, such as heart rate,
temperature, and respiration rate were monitored during the
entire duration of the recording session. The parameters of
the trials are presented in the following table (from [16]):
TABLE I: Drifting Gratings Visual Stimulation
Trial duration
Velocity of gratings
Focal distance of mouse eyes
Mouse field of view
Optimal illumination range
Minimum necessary frame rate
Optimal spatial frequency

2600 ms
1 cycle/s
15 cm
120 degrees
10 - 60 lux
30 Hz
0.1 cycle/degree

Visual responses were recorded from 8 tetrodes (32
channels) with high resolution sampling at 32 kSamples/s.
Signals were filtered between 500 Hz and 3.5 kHz to

extract the multi-unit (MU) activity and their corresponding
waveforms. Separately, they were filtered between 1 Hz and
300 Hz and down-sampled 32:1 to obtain the local-field
potential (LFP). An off line spike-sorting method was
finally used to extract 14 single units (SU) from these
waveforms, together with other statistical data such as width
and amplitude of cells, firing rate and standard deviation
of waveforms. All the experimental procedures have been
performed under the Society for Neuroscience guidelines,
Romanian law, and the European Communities Council
Directive 2010/63/EU regarding the care and use of animals
for experimental procedures. Experiments were approved
by the Local Ethics Committee (3/CE/02.11.2018) and the
National Veterinary Authority (ANSVSA; 147/04.12.2018).
B. Data Analysis
The electrophysiological data recorded from the cortex
using multi-electrode recording can be used to extract the
simultaneous activity of multiple neurons. There are a
variety of techniques employed to study the activity of
neurons within a predefined window of time, such as the
binning of spikes as in [11], [12], [13], or the convolution
of the spikes with exponentially decaying kernels followed
by the sampling of the resulting continuous signals as in
[2], [5], [3], [10], [14] and [15]. Here, we employed the
methods and the findings from [3], which, combined with
a method of extracting the most important pattern from a
range of consecutive patterns, would allow us to use crosscorrelation analysis techniques beyond the range of kernels
reflecting mere synchrony of spikes.
1) From Spikes to Patterns: As described in [3], spiketrains obtained from multiple neurons are staked together,
and converted into continuous signals by low-pass filtering
the dichotomous signals using convolution with a exponentially decaying kernel (see Fig. 1). The time constants (τ )
used by the kernel can range from small values (τ =1-5 ms)
reflecting the coincidence of cellular activation (synchrony
between spikes), to large values (τ >100 ms) corresponding
to the firing-rate co-variation across neurons. The resulting
continuous signals were then sampled in n-dimensional
state vectors (where n is the number of neurons) at 1
kHz and passed through a K-Means clustering algorithm
using standard Euclidian distance, initialized with K=1000
clusters and with a stopping criterion for the clustering
iterations defined as an error  <0.01. This clustering step
was necessary in order to identify a finite, stereotypical set
of model vectors that represent the expressed classes of
patterns. Due to the convolution process, each element of
the vector became a real number and, therefore the resulting
activity vectors can take on an infinite number of states.
Clustering solves this problem by mapping these states onto
a finite alphabet of representative model patterns.
2) Complexity of a Pattern: One pattern can be viewed
as a snapshot of the integrated activity of all the recorded
neurons at a given moment in time. Each element of the
vector represents the integrated (low-pass filtered) activity
of a single neuron at that particular time instance. Fig.
1 presents the patterns as n-dimension vectors of gray
scale elements ranging from white to black, where n is the
number of neurons contributing to the pattern: white color
corresponds to a value of zero - indicating no spikes in the

Fig. 1: From spikes to patterns: neuronal spikes obtained
from offline spike-sorting (step 1) are converted to continuous signal by convolution (step 2). The resulted signals
are sampled at 1 kHz (step 3) to obtain state vectors. A KMeans algorithm is used in step 4 to cluster the state vectors
into patterns, which are replacing the original state vectors
in dataset (step 5).

recent past, and black color corresponds to a large value
- indicating a recent spike (the memory of the signal is
given by the integration time-constant τ ). The complexity
of a pattern is given by the number of elements with values
greater than a threshold of 0.36 (1/e), representing the
ending value of a decaying signal of value 1.0 after τ ms.
A neuron was considered active if it had a value greater
than 0.36, and silent if its activation in the pattern was less
than 0.36 [3]. Here, we considered only the timestamps of
patterns with at least one active neuron in their components
(complexity ≥1), and disregarded the patterns where all the
neurons were silent.
3) Auto and Cross-Correlation Histograms: The crosscorrelation between the spikes of two cells can be used to
identify synchrony and oscillation events in neural signals
[7]. This is done by measuring the dependence or association between two signals: a signal g(t) is time shifted
by different time lag values δ and compared with another
fixed signal f(t). The cross-correlation function describes the
degree of correlation, can reveal oscillatory coupling, and
evidences the delay between the signals. While the crosscorrelation function is used for comparing two continuous
signals, the cross-correlation histogram can be used to
investigate the relationship between two binary signals, such
as spikes or pattern’s timestamps. Consider two binary
signals F(t) and G(t) that can take values of 1 (when
there is an event/spike/pattern at time t) or 0 (there is
no event/spike/pattern at time t). The cross-correlation
histogram (CCH) is then computed using the equation:
CCHX,Y (δ) =

PL
t

X(t)Y (t + δ)

where L is the length of the signal. The auto-correlation
histogram (ACH) of a signal is computed by comparing the
train of timestamps to a copy of itself, shifted with various
time lags δ.

C. CCH/ACH on pattern expression is hindered by large
time-constants τ
Classical analysis methods typically used in neuroscience
can be applied to binary signals to characterize spike trains.
A pattern representing the status of n neurons at an instance t
of time has also discrete timestamps, so it can be classified
as a binary event. That is to say, the analysis techniques
that are used for spikes can also be applied to characterize
the expression of patterns [3]. One of the most widely
used methods for detecting synchrony and coupling between
binary signals is the cross-correlation [8]. This technique
works well for events that have a time lag between two
consecutive timestamps, a condition that usually occurs, for
example, when a pattern is obtained from neuronal spikes
convolved with small time constants (Figure 2.A, top and
bottom). On the other hand, if the spikes or patterns are
firing one after the other at very small time intervals, the
central peak of the cross-correlation histogram will have
a ”blinding” effect as the smearing can hide side-peaks
reflecting oscillations [9]. In Figure 2.B, top and bottom, we
show examples obtained on patterns computed with τ ≥ 20
ms. To understand why the blinding effect happens, we
first superimposed the computed patterns over the signals
of origin (see Figure 3.A): it can be observed that the same
pattern Ci can be placed multiple times in consecutive order
due to a small difference in the convolved signals from one
timestamp to the next. The binary signal representing the
timestamps of these similar patterns will have multiple consecutive expressions (”firings”), which translates in multiple
consecutive 1’s at times when the patterns were expressed,
which generates wide, blurred peaks in CCH and ACH. This
phenomenon results from the relatively slow decay of the
convolution kernel. Another consequence of the slow decay
of the kernel can be illustrated by two consecutive patterns
Ck and Ck+1 that share almost the same values for their
active neurons, but the clustering algorithm had separated
the two state vectors into different clusters based on the
small distance between activity vectors. Between the two
patterns, Ck+1 is a less active version of Ck and, therefore,
it contains no new information. However, when the CCH
is computed between these two patterns (data not shown),
the central peak will show an offset, which can be missinterpreted as neuronal interactions.
This ”avalanche” of redundant patterns can be viewed
as a limitation for slow changing signals, and it limits the
usable time constants of the kernel to small values.
III. R ESULTS
Here, we propose a method of going around this limitation by extracting the most significant pattern from trains
of similar or redundant consecutive patterns. This can be
simply done by combining the information already known
about the patterns, such as their location, and the convolution values associated to their constitutive neurons.
Considering two consecutive patterns, we started by
comparing the values that correspond to the same active
neurons. The difference can help us determine whether
we are moving away from a recent spike. The goal is to
reconstruct the dataset of patterns keeping only the patterns
that have in their components recently activated neurons.
Figure 3.A presents the train of patterns originated from the
clustering of convolved neuronal spikes using a large time

Fig. 2: Auto-correlations computed using short and long
decay time constants τ . A: ACH for patterns obtained from
convolution of spikes with τ = 5 ms. B: ACH of patterns
resulted from τ = 20 ms. C: Two examples of ACH obtained
from convolved spikes with τ = 20 ms, after the trimming
of redundant information

Fig. 3: Trimming down the redundant patterns. A: Detection
of the most important/informative patterns and detection of
redundant information. B: Train of patterns resulted after
the extraction of redundant information. It mostly contains
patterns with freshly fired neurons

constant τ . The ”decimation” process of undesired patterns
should start from left to right, that is, following the natural
evolution of spikes and their corresponding decaying signals
along the time axis. The next step is to find the identical
patterns that sit one next to the other, similar to Ci in
the figure, where i was the active neuron in both patterns,
and keep only the first instance of such identical patterns.
Then we compare the corresponding neuron dimensions
of any two consecutive patterns Ck and Ck+1 , where Ck
is different than Ck+1 and i is the active neuron in both
patterns: having Cki ≥ C(k+1)i is an indication that we are
moving away from a recently fired neuron, where Ck+1 is
the less active of the patterns and can be deleted.
After the last two patterns of the dataset are inspected, the
result is a train of patterns that represents a clean version of
the original (Figure 3.B): most of the redundant information
is deleted, and the timestamps that are preserved contain
only the time-flags of patterns with recently fired neurons.
After obtaining the clean dataset, the next step was to
compare the original auto-correlation histogram of patterns to the auto-correlation histogram calculated using the
trimming approach. We should expect a reduction of the
central peak amplitude as a result of removal of redundant
information. Figure 2.C shows such an example: the top
row image unveiled a central gap in the auto-correlation

Fig. 4: Properties of neurons and patterns. a) In blue are two example of neurons and their stimulus tuning curves, peristimulus time histogram (PSTH), raster plot, and the associated local-field potential spike triggered average (STA). b) In
red is a pattern with the two blue neurons from a) firing simultaneously, the PSTH, raster plot, and STA. c) In green we
show the properties of the pattern from b) after removing its redundant expression with the algorithm described above.

function suggesting a refractory period on the activity of the
patterns, and the bottom row presents a histogram that might
indicate a bursting activity of the active neurons composing
the pattern. Results suggest that the proposed technique
is indeed useful for the study of temporal coordination
between neurons at when larger timescales are used to
integrate neural spikes.
As a control, we verified whether the removal of redundancy introduced any artificial or unexpected disturbance
in the expression of patterns. Under certain conditions,
patterns can inherit their tuning curves from the tuning
curves of the composing neurons. Figure 4 shows in the
left column (Tuning Curve) examples of neurons and their
corresponding firing pattern before (Figure 4.b, Pattern 35,
Tuning Curve) and after (Figure 4.c, Pattern 82, Tuning
Curve) data manipulation using the proposed method. The
tuning curves of the patterns recapitulate the tuning curves
of component active neurons, indicating that the proposed
data manipulation does not remove essential information
about the properties of patterns.
Finally, we wanted to estimate the relation between firing
patterns and the population dynamics reflected in the localfield potential (LFP), and to compare the results across
the “raw”, the “trimmed” patterns, and their constituent
neurons. In this particular case, similarly to tuning curves,
the patterns should inherit the same time relation to the

LFP as that of their composing neurons. To this end,
we computed the spike/pattern triggered average (STA) of
the local field potential, thus quantifying their relation to
the expression of neuron spikes/pattern timestamps (Figure
4.LFP). As shown in Figure 4.b.LFP - where an unprocessed
or “raw” pattern is depicted in red, the redundancy of
the pattern changed its temporal relation to the local field
potential by slightly shifting the STA of the pattern to
the left compared to the STA of the composing neuron.
The “trimmed” pattern showed in green in Figure 4.c.LFP
corrected this inconsistency and the STA became similar to
that of the component neurons, indicating that the proposed
method is also useful in correcting the STA shift due to
pattern redundancy.
IV. C OMMENTS AND C ONCLUSION
Firing patterns of neurons can be identified reliably
using clustering methods that determine stereotypical combinations of neuronal activations. To define the relation
of neurons’ activities on different timescales (from fast,
millisecond-, to slow, second-timescales), low-pass filtering
is applied to spikes by convolution with exponentially
decaying kernels. The latter process enables one to examine
how information is encoded in multiple neural spike trains
on various timescales.
One serious problem arises when slower convolution
timescales are used, because resulting patterns become

redundant in time, i.e., they are expressed at multiple successive timescales due to the slow decay of the convolution
kernel. This can be exacerbated by clustering procedures
which assign the same identity to patterns whose distance
in Euclidean space is small. The redundant expression of
patterns ”blind” the estimation of temporal structure in the
data by smearing the side-peaks of the auto-correlograms.
In addition, redundancy also has the effect of shifting the
estimate of the time-relation between the LFP and the
patterns, leading to misleading results.
Here, we devised a procedure which compares successive
activity vectors and identifies active neurons in order to determine redundant pattern expression due to time-smearing
induced by convolution with slow-decaying exponential
kernels. We consider that the important information is stored
in the patterns and the timestamps where the neurons fire,
and the rest of the patterns are just diluted information about
the former and can be eliminated. We showed that eliminating redundancy reveals the hidden information about
the temporal coordination between neural populations and
LFP and enables reducing the time-smearing in cross- and
auto-correlation histograms, thus helping to identify time
coordination between / within pattern expression.
We would like to stress out that in many cases when
encoding on large timescales is investigated, reducing the
integration time-constants to identify patterns is not an
option. In such cases, integrating more information from
the past to correlate it with a new firing of a component
neuron requires larger integration time-contants. This has
the effect of introducing redundancy in pattern expression
estimation. The present method presents a solution to this
problem.
A downside of the method is that the elimination of
redundant information reduces the number of patterns on
which the cross-/auto-correlation is applied (a statistical
method), resulting in what appears as noisier correlation
histograms. To compensate for this effect, other methods
such as curve fitting should be used to better estimate timerelations using correlograms. Our results suggest that the
major benefit of the proposed algorithm is that it allows
a reliable estimate of the time relation between pattern
expression and meso-scale circuit dynamics, reflected by
the LFP.
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