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Real-time visualization of neural synchrony for identifying
coordinated cell assemblies
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Abstract

We introduce a synchrony map that translates the fine temporal organization of multi-unit responses in the visual cortex into an easily
interpreted spatial display. We test the synchrony map on microelectrode array recordings in Area 17 of anesthetized and paralyzed cats. We
first examine the synchrony map using averaged data and probability calculations to demonstrate orientation-dependent changes in synchrony.
We then demonstrate how the synchrony map can be implemented for real-time visualization of synchrony among neural assemblies.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Synchronization is an intriguing aspect of biological sys-
tems, whether it is a flock of birds that transform into a
seemingly single entity or the professional baseball player
that connects with a 100-mph fastball. While the presence
of synchronized nerve impulses within the brain is becom-
ing increasingly apparent, the role played by this activity
in brain function is less obvious (Salinas and Sejnowski,
2001; Usrey and Reid, 1999). One theory that has been
hotly debated is that synchrony binds the individual fea-
tures of an object in our visual system (Castelo-Branco
et al., 2000; Eckhorn et al., 1988; Gray et al., 1989; von
der Malsburg, 1981; Thiele and Stoner, 2003; see alsoNeu-
ron, Issue 24, 1999). Coordinated timing has also been pro-
posed as a computationally efficient form of neural process-
ing (Hopfield, 1995; Milton and Mackey, 2000; Wyss et al.,
2003). Visualizing synchrony has involved the implemen-
tation of sophisticated analytical tools and has been lim-
ited to post-experimentation (Aertsen et al., 1989; Aronov
et al., 2003; Chapin and Nicolelis, 1999; Dayhoff and
Gerstein, 1983; Gerstein et al., 1985; Grun et al., 2001a,b;
Johnson et al., 2001; Kralik et al., 2001; Laubach et al.,
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1999; Martignon et al., 2000). Because synchrony inherently
depends on the form of visual stimulation and the selection
of cells in multi-neuronal recordings is essentially random,
some form of real-time visualization of synchrony is re-
quired to pursue its significance. We introduce a tool that
translates the high-resolution (ms) organization of multi-cell
activity into an easily interpreted spatial display. The dis-
play can be viewed as a static graph or a video and can
be implemented either post-experimentally or preferably in
real-time.

Fig. 1 shows an example of the typical feedback (Bion-
ics NSAS Activity Map Viewer v1.0) that is used to assess
neural activity using the 5× 5 Utah Intracortical Electrode
Array (UIEA) (Bionics, Salt Lake City, UT). The snapshots
of the activity map represent the average firing rate over 2 s
and 509 trials for three different orientation variations of
a drifting sinusoid grating. Only single-unit activity for six
of the 25 electrodes is shown (here 23 electrodes recorded
single-unit activity) and one of the six cells fires at 5 sps or
less, so it is not apparent on the activity map. During exper-
imentation, the Bionics Activity Map feedback is provided
in real time with the displayed rates calculated over an ad-
justable integration time (e.g., 100 ms) and an adjustable col-
ormap range (i.e., peak and eccentricity). In addition, raster
plots and event windows (similar to triggered oscilloscope
displays) may also be used for real-time feedback of neural
activity.
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Fig. 1. An example of a display adapted from the Bionics Activity Map Viewer used in multi-electrode array recordings (see
http://www.cyberkeneticsinc.com/download.htmfor details). (A) Firing rate (sps) activity map for a grating perturbed 14◦ from the preferred orientation
determined for the group. (B) Activity map for a grating perturbed 4◦ from the preferred orientation. (C) Activity map for a grating at the preferred
orientation.

Information from the activity map can be used to estimate
the preferred orientation of a group of cells (orientation that
results in the largest average firing rate).Fig. 1A (14◦ from
the preferred orientation) clearly shows less activity than
Fig. 1C(at the preferred orientation), but for only a 4◦ differ-
ence in orientation (Fig. 1Bvs.Fig. 1C) the distinction is less
clear. The typical real-time feedback provided in multi-unit
recordings (activity map, raster plot, and event monitoring)
can only approximately reveal the activation from certain
forms of visual stimulation. While the information available
can also include the spatial organization of activity, it does
not reveal anything about any temporal structure of the
response or dependencies that might be occurring among
the population of cells (e.g., correlated or synchronized
firing).

The temporal structure of responses (de Ruyter van
Steveninck et al., 1997; Richmond and Optican, 1987;
Victor and Purpura, 1996) and the correlated firing between
cells (Dan et al., 1998; Samonds et al., 2003, 2004a) carries
stimulus-related information. The structure and correla-
tion can be very precise (Bair, 1999; Grothe and Klump,
2000; Lestienne, 2001; Mainen and Sejnowski, 1995;
Samonds and Bonds, 2004). The correlation theory predicts
that the binding of cell assemblies occurs with a precision
of 2–5 ms (von der Malsburg, 1981). The basic idea of
the correlation theory is that features are grouped or sep-
arated through the synchrony or asynchrony of groups of
cells, respectively, depending on their perceptual signifi-
cance (multi-featured object, background, etc.). Support for
the theory comes from evidence of changes in correlated
firing that are not predicted by changes in the firing rate
(Castelo-Branco et al., 2000; Eckhorn et al., 1988; Frostig
et al., 1983; Gray et al., 1989; Vaadia et al., 1995). In
addition to the correlation theory, studying synchrony has
been essential in progressing in the understanding of neural
function and pathology—e.g., schizophrenia (Green et al.,
1999; Spencer et al., 2003).

Almost all of the analytical tools used to explore temporal
dependencies in a population of neural recordings require
large amounts of data and are limited to post-experiment
calculations. The complexity of the analysis to identify tem-

poral dependencies and the statistical analysis of the relia-
bility of the analysis severely limits any online applications
of the methods. At the same time, the fundamental basis
of the correlation theory is that the coordination of cells on
short temporal scales inherently depends on the incoming
visual information (von der Malsburg, 1981). The synchrony
between cells will depend on multiple simple (Ts’o et al.,
1986) and complex (Castelo-Branco et al., 2000; Eckhorn
et al., 1988; Gray et al., 1989) features of visual stimuli. Be-
cause in vivo recording provides us with a relatively very
small sample of the population of cells (even within the lim-
ited region covered by the electrode array) and the sample
of cells is essentially “blind”, a large portion of the exper-
imentation time is required just to determine roughly what
stimulationmight lead to correlated firing. In order to test
the role of synchrony and the temporal binding hypothesis
meaningfully and rigorously, real-time feedback about neu-
ral synchrony is needed. The real-time feedback will allow
development of better stimulation protocol strategies to pro-
vide more detailed and consequential results.

2. Methods

We introduce our visualization of synchrony with
post-experimentation procedures in order to provide a
clearer picture for interpretation before introducing the
real-time application of this tool. The visualization is
founded on the sorting procedure used byJohnson et al.
(2001) for making information-theoretic calculations (see
alsoSamonds et al., 2003, 2004a). Using the temporal in-
formation (time bins) that the sorting procedure identifies,
we create asynchrony map to identify the strength of syn-
chrony. This mapshould not be confused with the Bionics
Activity Map Display in Fig. 1 despite its similar appear-
ance. Post-experimentation use of this synchrony map pro-
vides us with an average appearance of the synchrony map
displaying the temporal coordination beyond what would
be expected by chance. Last, we show how the synchrony
map can be utilized for its intended purpose of real-time
visualization.

http://www.cyberkeneticsinc.com/download.htm
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Fig. 2. Digitization procedure for converting spike patterns into letters or patterns (left). Colormap of the letters or patterns displaying how many cells
are active for a particular letter.

2.1. Organization of synchrony map

A group of responses from a selected population of cells
is broken down into discrete temporal bins and assigned a
letter depending on which cells fired within that bin. The
term letter should not be confused with the literal definition,
and it is simply a term originating from communications
theory (also, a set of letters is analphabet). We will refer to
letters aspatterns and the alphabet as the group of possible
patterns throughout the article because that is plainly what
the letters represent.Fig. 2 (left) shows an example of the
patterns for a six-cell population. For six cells, there are 26

= 64 possible firing patterns within a single bin (0–63). We
assign the patterns as binary numbers (e.g., 101001), and
then convert the binary numbers to decimal numbers (e.g.,
41) for faster recognition by the program. The colormap on
the right ofFig. 2 displays a color for each pattern that re-
flects the number of cells that fired within a single bin, ac-
cording to the definition of the pattern. By simply organizing
the patterns in numeric order, the synchrony map does not
express much information on correlated activity that may be
interpreted rapidly.

In Fig. 3, we reorganize the synchrony map so that spike
activity—from zero cells firing within a bin to all six cells
firing within a bin—is arranged along the diagonal from the
upper left corner to the lower right corner, respectively. The
patterns are also to some extent arranged from cell 1 to cell
6 along the diagonal from the lower left corner to the upper
right corner, respectively (i.e., orthogonal to the number of
cells firing in a pattern). The organizational principle is that
the strength of the synchronization is represented diagonally
from left to right and top to bottom (going from weak to
strong). Asynchrony occurs when only one cell fires within

a bin, while strong synchrony occurs whenall six cells fire
within a bin.

2.2. Post-experimentation view of normalized synchrony

The occurrence of multi-cell firing within a bin will
simply increase either with higher firing rates of the cells
or larger bins. To assess whether the synchrony map ac-
tual signals differences in the synchrony rather than just

Fig. 3. A reorganized colormap fromFig. 2 to orient no synchrony in
the upper left corner and strong synchrony in the lower right corner.
Orthogonally, the patterns roughly incorporate cell 1 (lower left) to cell
6 (upper-right).
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re-emphasizing changes in the firing rate, we establish a
normalization procedure to produce a synchrony map that
shows the variation of pattern occurrences from what would
be expected by chance based on the cells’ firing proba-
bilities. Our intended purpose of the post-experimentation
synchrony map is not to introduce a novel statistically re-
liable method of identifying synchronized assemblies. We
are only providing a view of anaverage application of the
real-time synchrony map to visualize how synchrony pat-
terns might change with variations in visual stimulation.
The first step is to calculate the empirical or observed prob-
ability P of each patternk occurring in each binb from M
stimulus repetitions:

P(k, b) = #occurrences

M
(1)

Next, we normalize the probability of each pattern occur-
ring based on the probabilities of each cell firing. The nor-
malization is essentially an ad hoc method that we derived
from the quantitative measurement of neuraldependency,
which quantifies the variation of probabilities from indepen-
dence based on mutual exclusivity (Johnson et al., 2001;
Samonds et al., 2003, 2004a). The first step in normaliza-
tion is to calculate the expected or independent probability
Pi of each patternk = 0 to 63 occurring based on the aver-
age probability of each cell (cell one through six or c1–c6)
firing within a bin. The independent probability of a pattern
pi is equal to the product of the appropriate probabilities of
each cell either firing or not firing (see alsoFig. 2, left):

Pi (1,b)=P(c1)×(1−P(c2))×(1−P(c3))×(1−P(c4))×(1−P(c5))×(1−P(c6))

Pi (63,b)=P(c1)×P(c2)×P(c3)×P(c4)×P(c5)×P(c6)

(2)

The pixel in the synchrony map SM for each binb is then
assigned the value according to the arrangement described
in Fig. 3:

SM(k, b) = P(k, b) − Pi(k, b)

Pi(k, b)
(3)

The sequence of synchrony maps (using a contour map of
the SM values) fromb = 1 to B is then used to produce an
animation of the synchrony (b can be viewed as a dimension
of time).

Although we describe the normalization forEq. (3) as
an ad hoc procedure, we derived the procedure on the ba-
sis of how well the synchrony maps express differences
in the synchrony of cell assemblies (for video displays).
As a reference for differences in synchrony we used de-
pendency (Samonds et al., 2004a). We did not directly use
the dependency method to quantify the variation from pat-
terns occurring simply from chance (independence) because
that method was based on the quantification of the differ-
ence acrossall patterns. The difference betweenlog2(P)
and log2(Pi ) (seeJohnson et al., 2001andSamonds et al.,
2003, 2004afor details) distorted the map towards strong

synchrony, while the difference betweenP andPi distorted
the map towards asynchrony (because the synchronous pat-
terns have such small probabilities).Eq. (3) provided the
clearest distinction between asynchrony and synchrony. We
must emphasize that this approach leads to a method for
qualitative visualization during real-time applications (that
we introduce below). The measurement of dependency, with
the necessary tests of statistical significance, provides a
more formal andquantitative assessment of the dependence
among a population of cells (Samonds et al., 2003, 2004).
Additionally, more formal methods are available ofidentify-
ing synchronous events with the appropriate statistical anal-
ysis for post-experimental data analysis (e.g.,Grun et al.,
2001a,b).

We also calculate which pixels in the synchrony map
are typically more active than chance by averaging the SM
values overB bins. BecauseEq. (3)can be positive or neg-
ative and an occurrence of five- to six-cell patterns will
lead to such large values (becausePi is so low) we would
end up with a false indication of an overbearing presence
of synchrony (larger cell patterns) by simply averaging the
SM values. We more accurately represent which pixels are
most active across bins by normalizing for the maximum
SM value for each bin:

SMavg(k) = 1

B

B∑
b=1

P(k, b) − Pi(k, b)

Pi(k, b)
/

63
max
k=0

×
[
P(k, b) − Pi(k, b)

Pi(k, b)

]
(4)

2.3. Real-time visualization of synchrony

For real-time visualization of synchrony, we employ an
8-bit grayscale map for the synchrony map. The data are
sampled at the bin width (e.g., 6–10 ms or 100–167 Hz) and
each pixel is assigned a pattern according to the digitiza-
tion procedure described above. A bin width of 6–10 ms is
chosen based on the past analysis of the temporal resolution
of the synchrony on the tested set of data (Samonds et al.,
2004a,b) and can be adjusted with respect to each individual
application. Because of the high sampling rate and because
only one pattern can be assigned to any single bin, we sub-
divide the display into 20 bin (120–200 ms) intervals. If a
particular pixel is activated at any time within that interval,
the pixel is held on until completion of the interval. All pix-
els are then cleared and the process starts again. Holding
therefore does not correspond to a sliding-window integra-
tor or convolution. The hold duration can also be adjusted
depending on experimental conditions and the ability of the
experimenter to perceive highlighted pixels.

Even though the images collect pixels over 120–200 ms
intervals, the image is not displayed at a slower frequency. In
other words, the video display is still shown at 100–167 Hz.
The high frame rate is beyond the capability of most typical
monitors and is even beyond what the experimenter would
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even be able to perceive. A slower display rate is not used
because the temporal resolution of the synchronization de-
mands 6 ms bin widths. Because we hold the active pixels
(therefore falsely displaying a collection of active pixels)
for up to 20 bins, the experimenter can still clearly identify
what pixels are activated while still perceiving a very high
sampling rate.

Because the patterns associated with strong synchrony
(e.g., 6 cells firing simultaneously) occur so infrequently,
we enhance these pixels by using increasing brightness from
single-cell patterns to six-cell patterns. Black pixels (no ac-
tivity) have a value of zero, while white pixels (six-cell pat-
tern) have a value of 255 (covering the entire 8-bit range).
Single-cell patterns have values of 130; two-cell patterns,
155; three-cell patterns, 180; four-cell patterns, 205; and
five-cell patterns, 230. The variation in brightness provides
an additional cue to enhance the identification and reten-
tion of any of the rare higher-number-of-cell-patterns (i.e.,
strong synchrony) being displayed.

Fig. 4. Synchrony map using probability calculations of patterns (pixels) occurring normalized by the probabilities of occurrence expected simplyby
chance. (A) A sample of 10 frames for three levels of synchrony. The synchrony maps use contour mapping with the standard hot-cold color scale to
represent large chances of occurrence (red) versus relatively small chances of occurrence (blue). (B) Average synchrony map of letters (pixels) based on
which patterns occur most often (for 509 responses of 2 s each, 6 ms bins).

3. Results

We tested the synchrony map methods on the UIEA
recordings described inSamonds et al. (2004a). Figs. 4 and
5 (as well as the downloadable videos) are representative ex-
amples from one of the four synchronized six-cell assemblies
described in our previous study for post-experimentation
and real-time visualization of synchrony, respectively. Other
examples from our recordings offer qualitatively similar
impressions, indicating that the procedure is sufficient for
subjective representation of degrees of synchronization. We
did not apply statistical analyses to the procedure since it is
solely for this purpose, and in all cases quantitative analysis
was subsequently done off-line.

3.1. Post-experimentation view of normalized synchrony

Fig. 4A represents a sample of 10 frames or 60 ms
of multi-unit activity displayed with the post-experiment
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Fig. 5. An example of the real-time synchrony map. (A) A sample of accumulations of 20 frames (100 total frames, 6 ms frames) for three levels of
synchrony. (B) A synchrony map of overall pattern probabilities (brighter pixels are higher probabilities) that has been enhanced for the lower probabilities.

normalized synchrony map. Windows Video Clips (.avi files)
are also available on the web of the entire set of frames for
each sample shown inFig. 4A: http://www.vuse.vanderbilt.
edu/∼samondjm/lab/synchronymapvideos.htm. In the
case of post-experiment viewing of the normalized syn-
chrony map, the frame rate was reduced 10-fold (16.7 Hz)
so that each 20-s video represents 2 s of average neural
activity (509 trials). The reduced frame rate enables per-
ception of the synchronous activity and accommodates the
sweep speeds of most monitors. Synchrony was classed
as weak, moderate and strong, with reference to quantita-
tive dependency analysis (Samonds et al., 2003, 2004a).
The weak synchrony (dependency rate, 3.6 bits/s; 47% of
the dependency rate for the preferred orientation) is the
activity response to a drifting sinusoid grating 14◦ from
the preferred orientation of the assembly. The moderate
synchrony (6.6 bits/s; 87%) is the response to 4◦ from
the preferred orientation and the strong synchrony (7.6
bits/s) is the response to the preferred orientation. The three
defined levels of synchrony are based on an orientation
tuning function of the dependency (preferred orientation
corresponds to the peak of the dependency tuning function

or the greatest amount of dependence among the six-cell
assembly).

Although the differences between the three levels of syn-
chrony are much clearer while viewing the video,Fig. 4A
also reveals these differences using only 10 of the 334 com-
puted frames for the averaged response. We use a contour
map for post-experimentation viewing of the synchrony map
only to provide a smoothed version of the synchrony map,
since we are presenting an average representation of the
data. The relationship between neighboring pixels (by cell
and number of cells; seeFig. 3) makes the contour map
ideal for smoothing. The contour map is normalized so a
color-scale legend is inappropriate (i.e., the display shows
relative differences between SM values). The response am-
plitude is less important than the spatial location of contours
for the synchrony map. We should note that the scale is the
typical hot-cold (red-blue) range (e.g., seeFig. 1) where hot
represents occurrences above chance and cold represents oc-
currences below chance. Red is the largest SM value, while
blue is the lowest SM value. We also emphasize usingFig. 3
as a guide when interpretingFigs. 4 and 5, as well as the
videos. The largest SM values for weak synchrony tend to

http://www.vuse.vanderbilt.edu/~samondjm/lab/synchrony_map_videos.htm
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occur in the upper left region. The largest SM values for the
moderate synchrony occur in the center region with a sub-
tle tendency towards the lower right region. The largest SM
values for the strong synchrony occur even more often in
the lower right region (i.e., strong synchrony). The hot spots
(red) are focused and relatively random (for these 10 frames)
so the difference between the three levels of synchrony can
be seen more clearly by looking at the more subtle contour
differences (i.e., rises), which are represented by the black
lines.

In order to quantify the differences for a direct demon-
stration of what may clearly be seen in the videos, we create
a synchrony map of the average frame seen by the observer
(seeSection 2.2for details). The synchrony map averaged
across all the bins or frames (seeFig. 4B) determines which
patterns (or pixels) tend to have the largest SM values more
often. The high points of the contour map move visibly from
weak synchrony to stronger synchrony (usingFig. 3 as a
guide) in the cases shown. Although the moderate synchrony
and strong synchrony maps are similar, there is a clear dif-
ference in the contour map for the 4◦ difference in orien-
tation. In the strong synchronization example, the contour
(and therefore, relative occurrence) is lowered in the weak
synchrony region and the peaks are increased in the stronger
synchrony region.

When looking at the strong synchrony map, the distinc-
tion as “strong” synchrony might seem inappropriate since
activation is not focused in the lower right quadrant. We have
found that in groups as large as six cells (taken from popula-
tions of about 25 cells) some cells do not tend to synchronize
at the preferred orientation or for any of the stimuli we tested.
For all of the pairs, we tested within the six-cell assemblies,
82.3% had noticeable synchrony (Samonds et al., 2004a).
While this is quite high, the probabilities of all cells synchro-
nizing simultaneously are vanishingly low. In the particular
example ofFig. 4B, the first cell (c1) included in the as-
sembly had a relatively weak response (<5 sps) and in turn,
weak synchronization with the other five cells. However, we
would expect larger UIEAs (e.g., 10× 10) to provide larger
samples of cells (e.g., >50) and in turn reveal larger and
stronger synchronized assemblies (J.M. Samonds, Z. Zhou,
H.A. Brown, A.B. Bonds, unpublished observations). Our
percentage of synchronized pairs within groups of similar
orientation preference with the 5× 5 UIEA (82.3%) is sim-
ilar to the percentage of synchronized pairs based on simi-
lar orientation preference found with two electrodes (75%)
(Ts’o et al., 1986), so we would predict a similar relation-
ship with greater numbers of simultaneous recordings.

The averaged contour map inFig. 4B also gives us some
indication of which cell patterns occur more often or at least
which cells fire more often. The bias towards the upper-right
corner is due to the relatively higher firing rate of the sixth
cell (c6) included in the assembly (seeFig. 1). There is also
some enhancement in the contour map due to the second
most active cell, the second cell (c2). However, the syn-
chrony map does not provide a straightforward tool for iden-

tifying which cells tend to link through synchrony. The syn-
chrony map is instead intended to determine the aggregate
synchrony across a particular group of cells rather than to
identify a synchronous subgroup within a larger group.

3.2. Real-time visualization of synchrony

The transition of the synchrony map to a real-time tool
is not necessarily straightforward. The post-experiment syn-
chrony maps represented changes in the occurrence of pixels
relative to what would be expected by chance. The averag-
ing and probability estimation required for these calculations
cannot be definitively executed until the collection of all
the data, hence there is no guarantee that the real-time syn-
chrony map does not just re-emphasize changes in the over-
all activity of the cell rather than changes in the strength of
synchrony. Without the probability estimations, formal sta-
tistical tests cannot be applied. However, the high temporal
resolution (small bin size) results in relative small probabil-
ities of any particular pattern and drastically smaller prob-
abilities of the patterns indicating strong synchrony. In our
example (seeFig. 1), the average probability of a cell firing
within a single bin is about 1/10. Assuming independence,
each five-cell pattern only has a 1/100,000 chance of oc-
curring and the probability of all six cells firing within the
same bin is 1/1,000,000. So the observation ofany of these
patterns or in fact any shift towards the strong synchrony
region over the course of a few seconds would indicate that
these patterns are occurring far beyond chance and that the
cells are strongly synchronized. For example, even though
the six-cell pattern occurs only about 10 times over 509 re-
sponses of 2 s each, this is a probability of 1/17,000, which
is 60-fold greater than what we would expect simply by
chance, obviating the need for formal statistical tests. The
differences are even more dramatic as we focus on particular
five-cell activity patterns.

Most of the activation will nonetheless tend to occur to-
wards the weak synchrony region. This means that some in-
terval of data collection will be required for reliable identi-
fication of different states of synchrony. Since we are exam-
ining a probabilistic system, the tool must be applied over
a handful of trials (with hundreds of bins) in order to ob-
serve strong synchrony. Although this constraint seems to
contradict the idea of real-time observation of synchrony, in
practice strong synchrony is readily seen when present.

Fig. 5A shows a sequence of 5 sections, each with activ-
ity accumulated over 20 bins. Each picture thus represents
120 ms of accumulated activity and the sequence of 5
pictures represents the activity over a 600 ms stimulation
period. All the real-time synchrony maps are samples from
the same dataset used to construct the post-experiment
synchrony maps shown inFig. 4. The three examples of
real-time synchrony maps demonstrate an abundance of
activation in the region of asynchrony, but clearly even one
600 ms slice of activity can show greater activation towards
the regions of stronger synchronization. The difference
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between the three levels of synchrony is even clearer when
looking at the videos that have a sample of 10 2-s trials for
each orientation (see the website above).

Fig. 5Breemphasizes the fact that while most activity oc-
curs in the asynchronous region of the synchrony map, there
are clear differences between the three levels of synchrony.
The three images represent the total probability (across all
trials and all bins) of each pattern occurring, where white
represents the highest probability and black represents a
probability of zero. In order to show the differences be-
tween each level of synchrony, we enhanced the pixels in
the strong synchrony region of the map by taking the log
of each probability. The procedure enhances the patterns or
pixels in the lower right corner so that differences are clearer
in that region.

4. Discussion

We have introduced a straightforward method that permits
rapid identification of the strength of synchrony of a small
group of simultaneously recorded cells. The most important
aspect of this method is that we translate detailed temporal
information (i.e., synchrony) into easily identifiable spatial
information with the synchrony map. We tested the syn-
chrony map on microelectrode array recordings (Samonds
et al., 2004a) by first using probabilities calculated from the
repetitions of recordings and normalized for the synchrony
that would occur simply from chance. With the real-time
synchrony map, we demonstrated that despite the rarity of
very strong synchronization (even when it occurs far beyond
chance), subtle differences in synchrony can be identified
with the synchrony map because of the temporal-to-spatial
translation of information. The synchrony map enhances ex-
perimental planning by helping to isolate stimuli that result
in synchronization. Once those circumstances are roughly
identified, an efficient stimulus protocol can be combined
with offline analysis for formal identification and quantifi-
cation of neural cooperation.

4.1. Details about cooperation

We have tested the synchrony map on data that we ana-
lyzed for cooperative discrimination of orientation (Samonds
et al., 2004a). The analytical methods (type analysis; see
Johnson et al., 2001) we employed in the study were virtu-
ally unconstrained, making it difficult to draw any definitive
conclusions about the nature of the neural coding. We were
able to show that synchronous activity likely contributed to
cooperative discrimination of fine angle differences by look-
ing at the dependency among cells and using additional an-
alytical methods (Aertsen et al., 1989; Gerstein et al., 1985;
Samonds and Bonds, 2004). We were also able to resolve
how the temporal coordination of responses can encode a
small angle difference whereas the spike rate provides al-
most no reliable information (Samonds and Bonds, 2004).

The synchrony map (Figs. 4 and 5) compared toFig. 1 ba-
sically confirms this notion.

In addition, the synchrony map (both post-experimentation
and real-time) provides us with more detailed information
than that from the nearly unconstrained methods (Samonds
et al., 2004a). Type analysis produces a “distance” measure-
ment that tells us how different two neural responses are
based on classification theory. Although the distance results
from the firing patterns described in this article, it does not
reveal how the patterns contribute to the distance. A major
technical hurdle of employing type analysis is the sampling
requirements. The total number of possible response pat-
terns exponentially grows with both population size and
temporal dependencies, making it increasingly difficult to
record a sufficient number of samples for adequate estima-
tions. This underscores the importance of a synchrony map
to plan experimentation, so that we can concentrate on the
stimuli that yield the most meaningful response patterns.

If we had employed the synchrony map during recording
we would have likely had an easier time obtaining an even
better sample of synchronized cells. We focused on groups
of 5–7 cells and chose groups with similar preferred orienta-
tions, which typically is a very strong indicator of synchrony
(Gray et al., 1989; Samonds et al., 2004a; Ts’o et al., 1986).
With the synchrony map, we would have been able to use
synchrony directly as a tool for identifying groups of cells. In
addition, the synchrony map would have made determining
an accurate preferred orientation for the aggregate assembly
much easier and in turn, resulting in a more comprehensive
and meaningful range of stimulation. We will describe what
we believe will be even more useful applications of the syn-
chrony map below.

4.2. Adaptation and enhancement

One of the pitfalls of the synchrony map is that the ex-
perimenter is still required to choose a candidate subgroup
of cells for synchronization study. To overcome this uncer-
tainty, the synchrony map could be examined while varying
the selection of cells to be included in the pattern assign-
ments. In addition, the choice of cells can be limited simply
by observing cell activity (e.g.,Fig. 1), since a synchronized
group of cells will of course have to also be an active group
of cells. The synchrony map is also certainly adaptable to
accommodate differing numbers of cells that could be tested
for synchronization. The steps described inFigs. 2 and 3
provide a straightforward method regardless of the assembly
size. The size of the synchrony map merely changes with
the number of cells: 2numberofcells.

An enhancement that could be added to the synchrony
map is audio feedback. Audio feedback has always been
useful in neurophysiology experiments as an additional cue
to real-time oscilloscope displays of single-cell electrode
recordings. The action potentials result in a distinct sound
in the audio output of the electrode signal so that the exper-
imenter can estimate changes in the firing rate of the cell.
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Audio feedback can enhance the synchrony map by play-
ing sounds assigned to each bin with varying frequencies,
such that activation of more cells in a pattern yields a higher
frequency, similar to the variation in brightness (grayscale
value) used inFig. 5.

4.3. Possible applications

Although we point out the advantages that we would have
gained in applying the synchrony map to previous experi-
ments, our purpose in developing the tool was for answering
questions related to correlation theory (von der Malsburg,
1981). The main idea is that groups of cells dynamically
link (through correlated or synchronized firing) depending
on the features of the visual input such as object relation,
context, coherence, etc. For example, one of the earliest tests
of this theory was measuring changes in the synchrony be-
tween pairs of cells with the coherence of visual stimula-
tion (light bar) of both cells (Eckhorn et al., 1988; Gray
et al., 1989). From the perspective of grating stimulation,
there are two examples of perceptual phenomena that can
be utilized to test the correlation theory: (i) figure-ground
separation (Marr, 1976) and (ii) the coherency/transparency
phenomenon (Adelson and Movshon, 1982).

We are quickly able to identify multiple and overlapping
objects with spatiotemporal features and organization within
a background that may also have spatiotemporal features and
organization. The ability to distinguish the object from the
background even when both would result in similar general
response characteristics when shown independently is know
as figure-ground separation (Marr, 1976). The correlation
theory has been one way to account for this phenomenon,
but this has not received support from recordings of pairs
of cells (Lamme and Spekreijse, 1998). Figure-ground sep-
aration can be tested using a circular aperture grating com-
bined with a surrounding annular grating (Sillito and Jones,
1996). Using this stimulation protocol with microelectrode
array recordings and the synchrony map (along with the tra-
ditional array feedback) will allow the experimenter to ad-
just the characteristics and positioning of the “figure” and
“ground” grating. The relatively fast adjustment will best
test the relationship of figure and ground with respect to the
synchrony of various neural assemblies before collecting the
large amounts of data needed for more comprehensive cor-
relation and synchrony analysis.

When two gratings are superimposed, the gratings are
either seen as a plaid moving in a single direction (co-
herence) or as two independently drifting gratings (trans-
parency) depending on the relative contrasts, spatial fre-
quencies, and directions of motion of the gratings (Adelson
and Movshon, 1982). Contradictory results have been found
when experimentally testing the correlation theory for the
transition between coherency and transparency with pairs of
cells (Castelo-Branco et al., 2000; Thiele and Stoner, 2003).
Using two independent gratings, synchronized assemblies
that have an ideal relationship of their respective preferred

orientations (i.e., the difference is near the coherency and
transparency transition) could be identified during an ex-
periment. Once the ideal population of cells and ideal grat-
ing characteristics are chosen, superimposed gratings can be
used for meticulous testing of the correlation theory.

The examples described above are just two scenarios
where the synchrony map can be utilized for real-time
feedback for multi-unit recordings. As neurophysiology
continues to move from the single-cell recordings to larger
multi-unit recordings, tools such as the synchrony map
need to be developed in order to overcome the technical
and conceptual complexities that arise when studying the
dynamic and multifaceted coordination that occurs among
neural networks within the brain.
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