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ABSTRACT

Visual processing in the cortex involves various aspects of neuronal properties
such as morphological, electrophysiological and molecular. In particular, the
neural firing pattern is an important indicator of dynamic circuitry within a
neuronal population. Indeed, in microcircuits, neurons act as soloists or
choristers wherein the characteristical activity of a ‘soloist’ differs from the firing
pattern of a ‘chorister’. Both cell types correlate their respective firing rate with
the global populational activity in a unique way. In the present study, we sought
to examine the relationship between the spike shape (thin spike neurons and

broad spike neurons) of cortical neurons recorded from V1, their firing levels and
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their propensity to act as soloists or choristers. We found that thin spike neurons,
which exhibited higher levels of firing, generally correlate their activity with the
neuronal population (choristers). On the other hand, broad spike neurons
showed lower levels of firing and demonstrated weak correlations with the
assembly (soloists). A major consequence of the present study is: estimating the
correlation of neural spike trains with their neighboring population is a predictive
indicator of spike waveforms and firing level. Indeed, we found a continuum
distribution of coupling strength ranging from weak correlation-strength
(attributed to low-firing neurons) to high correlation-strength (attributed to high-
firing neurons). The tendency to exhibit high- or low-firing is conducive to the
spike shape of neurons. Our results offer new insights into visual processing by
showing how high-firing rate neurons (mostly thin spike neurons) could modulate

the neuronal responses within cell-assemblies.

Keywords: soloists, choristers, visual cortex, thin spike neurons, broad spike
neurons, visual processing, firing rate.

Abbreviations:

CCG: cross-correlogram
HF: high firing
LF: low firing

1. Introduction



Sensory information is represented in the cortex by networks of co-activated
neurons which coordinate their firing activity, thus forming functional assemblies
[25]. Encoding stimulus attributes involves a variety of strategies considering the
anatomical and functional divergence within neuronal populations. Indeed, based
on their intrinsic electrophysiological properties, cortical cells are classified into
different types such as regular-spiking (RS), fast-rhythmic-bursting (FRB), fast-
spiking (FS) and intrinsically bursting (IB) neurons [35]. Despite the fact that
neurons exhibit large panoply of firing properties, their correlated activities within
assemblies efficiently code the stimulus features rather than the independent
spiking of each involved neuron [25]. As a matter of fact, it is largely reported that
neurons coding for similar attributes exhibit high levels of correlation and are thus
functionally strongly connected to each other [1, 7, 12, 20, 34, 39] yet, the debate
remains controversial [28, 29, 32, 38]. However, in spite of the stimulus-selective
correlation aspect, each neuron may also show coupling with its neighboring
local population [27] as if it belongs to a “neuronal orchestra” [15]. It was recently
shown in the mouse primary visual cortex and monkey area V4 that, regardless
of neuronal preferences, population coupling may lead to discrimination between
the choristers (highly coupled) and soloists (weakly coupled) [27]. These two
groups differ in many aspects. For instance, highly correlated neurons may
receive stronger synaptic drive from neighboring cells [27]. In addition, noise
correlation (Rs.) is higher for choristers than soloists in IT cortex [18]. Anatomical
differences were also observed since the cortical laminar distribution for these

types of units is distinct [18]. In mouse V1, population coupling varies between



the narrow-spiking and regular-spiking neurons; however, this difference was
reported to be smaller than the class-variability [27]. In the present investigation,
we sought to examine the relationship between the cell-type (thin spike and
broad spike neurons), the firing rate (high-firing and low-firing) and the population
coupling of above classes in adult anaesthetized cats (columnar-organized
cortex). We found that thin spike neurons systematically exhibited higher firing
levels than broad spike neurons. In addition, high-firing (HF) neurons displayed

higher coupling strength than the low-firing (LF) neurons.

We report that within a sub-network, LF neurons (which were mostly broad spike
neurons and weakly coupled) and HF neurons (mainly thin spike neurons and
highly coupled) likely play distinct roles in information coding where high-firing

neurons may orchestrate the sensory selectivity of the neighboring cells.

2. Materials and methods

2.1 Ethical Approval

Animal surgery procedures and electrophysiological recordings followed the
guidelines of the Canadian Council on Animal Care and were approved by the
Institutional Animal Care and Use Committee of the University of Montreal.
Animals were supplied by the Division of Animal Resources of the University of
Montreal. The experiments were conducted in accordance with the Guide
for Care and Use of Laboratory Animals of the National Institutes of Health

(USA).



Details of animal surgery, electrophysiology, visual stimulation and isolation of

neurons are described in Bachatene et al., 2015 [4].

2.2 Cross-correlation computations

Cross-correlogram shows the conditional probability of a spike at time to+t on the
condition that there is a reference event (or reference spike, spike-by-spike
analysis) at time to. The spike train of each neuron was cross-correlated with the
population rate activity (the multi-unit activity) at its preferred orientation (Fig.
1A). Time axis is divided into bins. The first bin is defined as: XMin, XMin+Bin.
The next bin is XMin+Bin, XMin+Bin*2, etc. We calculated the distances from

each spike to all spikes of the spike train as follows:

dli] = ts[i] — ref[k]

where ts[i] represents the spike train, and reffk] is each timestamp.

Bin counts were then divided by the number of reference events to normalize the
counts per bin into probabilities. 95% statistical threshold for the significance of
the bins was used. Each bin-width was set at 1 ms and a Gaussian filter width of

3 bins was used. Probabilities were calculated from the counts/bin as follows:



where N/T is the neuron frequency and b represents the bin size of the
calculated firing of the neuron. T represents the total time interval and N the

number of spikes within this interval.

The 95% confidence limit was calculated assuming that the expected bin count

(C) has a Poisson distribution:

C =P X Nref

where Nref is the number of reference events.

The 95% confidence limit is calculated as follows:

Low Conf.= x such that Prob (S < x) = 0.005

High Conf.= y such that Prob (S > y) = 0.005

where S represents a random variable which has a Poisson distribution with

parameter C.

Raw cross-correlograms were corrected by using a shift-predictor procedure in
order to eliminate the putative significant peaks resulting from the coincident

firing due to simultaneous visual drive during each trial [4, 13].

3. Results

3.1 Coupling strength strategy

We performed electrophysiological recordings in primary visual cortex of adult

anaesthetized cats (n = 8) that were visually stimulated (drifting sine-wave



grating patches covering the excitatory fields, spatial frequency = 0.24 cycle/°,
temporal frequency = 1.0-2.0 Hz, contrast = 80%, orientations: from 0° to 157.5°,
25 trials, stimulus duration: 4.1s [5]). Recordings were performed from multiple
cortical sites using multi-channel electrodes. Spiking responses were sorted from
the multi-unit activity. In addition to the distinct waveforms, the isolation of cells
was based on the classical procedure, i.e., principal component analysis,
autocorrelograms and cluster separation (Mahalanobis distance and mean

cluster distance) [5, 8].

We cross-correlated the firing activity of each neuron with the firing of the global
population of neurons (multi-unit activity) using the shift-corrected cross-
correlation computation (see materials and methods for details). Figure 1A shows
the population coupling strategy: raster plots of three simultaneously recorded
cells and their coupling strength indicated by the peak straddling zero in the
corresponding correlograms along with the population rate (three superimposed
cross-correlograms with the respective color code for each neuron) are
displayed. In this example, the green cell exhibited larger correlation-strength
than the blue and purple cells. The histogram distribution of all values for
correlation-strengths is displayed in Fig. 1B. Note that the values of coupling
strengths were normalized (minimum value corresponds to zero, maximum value
corresponds to 1) due to the variability between all experiments (n = 73 neurons).
The absence of a bimodal mode suggests that the coupling strength ranges from
low to high values. However, differences were observed based on two

parameters: the spike-type and the firing rate (see next sections).



3.2 Spike-types and coupling strength

In total, 73 neurons were isolated and classified into two major types, namely thin
spike neurons (n = 30) and broad spike neurons (n = 43). Spike-width was
guantified as the interval between the trough and peak of the average spike
wave-shape of the neuron, allowing for the distinction between broad waveforms
(spike-width = 0.5 ms) and narrow waveforms (spike-width < 0.5 ms) [4, 9, 22,
31]. An example is shown in Fig. 2A where thin spike neurons and broad spike
cells have distinct waveform with a trough-to-peak latency of 0.33 ms and 0.55
ms, respectively. Superimposed spike-waveforms of 20 cells are shown for each
type in Fig. 2B. The bold traces represent the average waveforms. Figure 2C
illustrates the distribution of the thin spike neurons (black) and the broad spike
neurons (orange) depending on their trough-to-peak interval (trough-to-peak
interval < 0.5 ms, mean = 0.30 + 0.04 ms, for thin spike cells, trough-to-peak
interval 2 0.5 ms, mean = 0.52 + 0.04 ms, for broad spike cells [4, 9, 22, 31]).

Averaged spike-widths are displayed in Fig. 2D.

Figure 2E illustrates the respective cross-correlation of a thin spike neuron and a
broad spike neuron (the spike shapes are represented above each CCG) with
the populational activity. Indeed, the correlation-strength indicated by the
significant peaks in the cross-correlograms was notably different for the thin
spike neurons (black CCG, CCG magnitude = 0.005) and the broad spike
neurons (orange CCG, CCG magnitude = 0.0003). Figures 2F and G display

examples of cross-correlograms between the populational activity and the firing



rate of thin spike cells (black) and broad spike cells (orange), respectively. This
tendency was observed for all sampled neurons. The averaged values were
0.003 £ 0.0009 and 0.001 £ 0.0004 for thin spike cells and broad spike cells,

respectively (t-test, p < 0.05, Fig. 2H).

3.3 Firing rate, spike-type and categorization of soloists and choristers

Correlating the spike trains of each neuron with the population rate generates
two notable behaviors within the assembly: neurons acting as soloists show a
weak correlation index whereas neurons acting as choristers exhibit strong
correlation with the population activity. It has been suggested that soloists are
distinct from choristers in many aspects such as the synaptic connectivity [27]
and the laminar distribution [18]. We examined the relationship between the
waveform type, the firing rate and the correlation-strength of the cells’ firing with
the population activity. Typical examples of response-frequency plots to optimal
orientation are shown in Fig. 3A (same neurons as in Fig. 2F, G). The
relationship between the firing rate and the presented oriented stimuli is
displayed in Fig. 3B; polar plots of two neurons (thin and broad spikes) exhibit
differences in their orientation tuning and firing rate. It may be worthwhile to
underline that poorly tuned cells are often associated with thin spike neurons
whereas highly tuned neurons are related to broad spike neurons [2, 3, 6, 10, 16,

17, 21, 24, 36].



Moreover, we found that thin spike cells presented higher levels of firing rate in
comparison to broad spike cells (responses measured for optimal orientations,

Figure 3C, t-test, p < 0.01).

In addition, we sought to examine the relationship between the firing rate and the
coupling strength. Figure 3D illustrates these correlations for all experiments. We
observed significantly higher correlations between the firing rate and the coupling

activity as the R-squared ranged from 0.75 to 0.99.

4. Discussion

In the current study, we classified simultaneously recorded neurons from primary
visual cortex of adult anaesthetized cats into thin spike neurons and broad spike
neurons and studied their firing rate patterns. These two parameters (spike
waveforms and firing rate level) were then related to the coupling strength of
neurons with the neighboring population. The firing activity of a neuron
characterized as a ‘chorister’ is highly correlated with the firing rate of the global
population. On the other hand, a ‘soloist’ tends to be more autonomous,
exhibiting independent firing [23, 27]. Here we found a systematic relationship
between the cell-class, the firing pattern and the correlation-strength of neurons.
Despite the large diversity of cell-types, cortical neurons coordinate their spiking
activity forming functional sub-networks which, when co-activated encode the
attributes of stimuli [25]. It is extensively reported that sensory neurons may

exhibit different levels of correlation depending largely on their selectivity to



specific sets of stimuli [1, 7, 12, 20, 34, 39], though the debate persists [28, 29,

32, 38].

It has been reported that the correlation properties are inherent characteristics of
neurons [27]. Indeed, for both stimulation condition and spontaneous activity,
soloists and choristers maintain their distinct firing-patterns such as carrying
more general information for choristers than soloists [23, 27]. On other hand, this
correlation seems to be independent of neuronal sparseness and plays a key

role in predicting visual search efficiency in humans [18].

Moreover, in rodent sensory cortex, it has been shown that soloists and
choristers can be dissociated based on several features. Soloists were reported
to be less functionally connected as they were driven less effectively by
optogenetic activation [27]. Significant distinction in noise correlation, which
represents the correlation coefficient of spike count responses to the
presentation of a stimulus [11], has also been reported; noise correlation (Rsc)
was much higher for choristers than for soloists in IT cortex [18]. Laminar
differences were observed in macaque IT where soloists are common at 0.2 and
1.2 mm depth, whereas choristers are rare in layer 4 and are located in non-
granular output layers [18]. In the present investigation, we report that in cat’s
primary visual cortex, which exhibits a columnar organization, thin spike neurons
exhibited higher firing levels and tend to differ in their coupling with their
ensemble from broad spike neurons exhibiting lower firing levels and weaker
population coupling. It has been reported that thin spike neurons and broad spike

neurons exhibit different tuning properties (2, 3, 6, 10, 16, 17, 21, 24, 36]; thin



spike cells being poorly tuned to orientation stimuli whereas broad spike cells

being more highly tuned.

Furthermore, in cat’s visual cortex, large number of excitatory neurons exhibit
narrow spikes making the spike-width a non-valid parameter, therefore not
permitting the distinction between pyramidal cells and inhibitory interneurons
[26]. A recent study demonstrated that in cat V1, neurons show similar diversity
in their spike-widths. In addition, neurons with a broad spike exhibit higher
correlation levels between each other [31]. On the contrary, we found that
correlating the spiking activity of each spike-waveform with the population activity
shows the opposite trend: cells with a narrow spike-shape (also highly firing)
exhibited greater coupling strengths than cells with a broad spike-shape. It is to
be emphasized that on a cell-pair basis, the firing rates and peak magnitudes in

CCG'’s are unrelated [14, 30, 33].

Complex circuitry mechanisms of individual neurons and the assemblies they
form are involved in visual information processing [19]. Thus, measuring
correlated spike-trains between neurons and the entire group predicts the spike
shape and the firing rate pattern as the coupling level can be distinguishable
between broad spike neurons (mainly LF neurons) and thin spike neurons
(mainly HF neurons). Synchrony within a restricted space such as a cortical

orientation domain can be accomplished by their specific relationships [37].

Combined with our recent finding which confers to the thin spike neurons higher
gamma activity [8], these findings provide new insights into visual information

processing. Indeed, within a cell-assembly comprising different cell-types, HF



neurons may modulate the inputs and contribute to the selectivity of broad spike
neurons in a recurrent “broad spike — thin spike” neuronal ensemble. A
schematic model of a neuronal population is illustrated in Fig. 4 where a stimulus
is coded by a cell-assembly; the HF neurons (black) are more correlated with the
neuronal ensemble. This may occur to ensure an efficient firing of neurons
preferring the presented stimulus. LF neurons (orange) are less coupled to the
population but exhibit correlations with neighboring neurons preferring the same

orientation.
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Legends to figures
Fig. 1. Correlation strategy.

(A) Schematic representation of the correlation procedure between three
recorded neurons and the populational rate. Raster plots of the spiking activity of
the neurons and respective superimposed cross-correlograms are displayed. (B)
Histogram distribution of the coupling strengths for all experiments (n = 73).

Fig. 2. Population coupling and types of neurons.

(A) Examples of two simultaneously recoded neurons showing the
measurements of the spike-widths (trough-to-peak intervals). (B) Superimposed
spike-waveforms of 20 cells from each type. The bold traces represent the
average waveforms. (C) Histogram distribution of the trough-to-peak intervals for
all neurons (n = 73). Orange and black histograms reflect the broad spike and the
thin spike cells, respectively. (D) Averaged spike-widths for each cell-type. (E)
Cross-correlograms between two neurons (the respective spike-waveforms are



shown above each CCG) and the global spiking activity of the neuronal
population. X-axis represents the time-window and Y-axis indicates the
magnitude of the CCG. (F and G) Cross-correlograms between a group of thin
spike cells (black) and the population rate (F), and between broad spike cells
(orange) and the populational rate (G). (H) Global statistics on the correlation-
strength for all neurons (n = 73).

Fig. 3. Firing rate, spike-type and coupling strength.

(A) Frequency plots of typical examples of thin spike neurons (black) and broad
spike neurons (orange). Note the differences on Y-axis scales. (B) Polar plots of
two neurons showing the relationship between the stimulus and the firing rate.
The broad spike neuron (orange) exhibit higher selectivity (sharply tuned). (C)
Global statistics on the difference in firing rate levels between thin spike neurons
and broad spike neurons. (D) Regression analyses between the firing rate and
the correlation-strength for all experiments. R-squared values are indicated for
each graphic.

Fig. 4. Schematic model of a neuronal ensemble and the respective putative
functional connections between thin spike neurons (HF neurons) and broad spike
cells (LF neurons).
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