Accounting for network states in cortex: are (local) pairwise correlations sufficient?

Introduction

Schneidman et al. (2006) showed that weak pairwise correlations are prevalent in
retinal ganglion cell (RGC) networks in vitro, and that their influence on network
behaviour is significant, yielding predictions of network state probabilities orders of
magnitude better than if the cells are assumed to be independendent. Furthermore,
the influence of higher-order correlations was deemed insignificant. Shlens et al.
(2006) additionally found that not only pairwise, but local pairwise correlations
were suflicient to explain RGC activity. These results point to usetul simplifications
that reduce what could be a combinatorial explosion involving many higher-order
neuronal correlations into a much more tractable (local) pairwise problem. This
makes analysis considerably easier for the experimenter, and perhaps decoding
casier for downstream areas in the brain.

We wondered: do these results generalize to in vivo cortical networks?

Methods

We recorded extracellularly from mul- I i
tiple units in area 17 (V1) of anes-
thetized cat using silicon polytrodes’
(right) and a variety of natural and ar-
tificial visual stimuli. We also recorded
with multiple tetrodes in awake behav-
ing rat pre-frontal cortex (PFC) dur-
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ing a radial arm maze task.

opike trains for each neuron were
binned and digitized to create a tem-  Via
poral binary code (rows, lower panel).
If a neuron spiked one or more times
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within a time bin, its activity was rep-
resented by a 1 for the duration of that
bin. Otherwise, its activity was repre-
sented by a 0. Taking the binary codes
of all the neurons together, the state of the network at any time bin could then
be represented as a binary word of length N neurons (columns, lower panel).
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0000000000
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0000000000
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0000000000
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100000000
000000 010
0000000000
0000000101
000100010
00710000101
0000000001
0000000000

Typically, groups of N = 10 neurons and bin widths of T' = 20 ms were used.
Results were insensitive to changes of ~ an order of magnitude of these parameter
values. Results were also insensitive to temporal bin phase.
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The correlation coefficient (p) of a pair of neurons was calculated by Eq 1, where x
and y are the binary codes of the two neurons, and xy is the mean of the element-
wise product of the two codes. p was calculated for all possible neuron pairs.

Results
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In V1, p ~ 0.05-0.07, substantially more than p ~ 0.01 in RGCs!. Furthermore, p
values in V1 were generally independent of the visual stimulus used. This suggests
that spatial correlations in stimuli such as natural scene movies are removed by
the time they reach V1. In comparison, rat PFC had no correlations whatsoever

(p = 0.00). This might be related to the highly sparse firing we found in PFC.
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ously active, while maximizing total en-
tropy to prevent introduction of any
higher-order correlations. As in RGCs', the independent model (blue) was orders
of magnitude off in many of its network state frequency predictions, and the pair-
wise model (red) performed much better. For the pairwise model, the probability
P of a specific network state is given by

observed state frequency (Hz)
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where o; is the binary state of neuron ¢, /N is the number of neurons, h; is the

activity weight, J;; 1s the interaction weight, and Z 1s the normalizing partition
function. The model was fit in Python (scipy.maxent, conjugate gradients).

Jensen-Shannon divergence (D;g, right) was

RGCs

used to measure the amount of network state tre- 4 "

: P, vs P S
quency scatter of a given model from the y = x S
(prediction = data) line. D ;g was calculated , :
for 500 groups of N = 10 neurons. The inde- | g
pendent model resulted in equally high predic- 2
tion scatter in both RGCs and V1. The pair- 0 ®

wise model reduced prediction scatter in V1, but 0.001 0.01 0.1

not as much as in RGCs. D g for the pairwise = V1
model in V1 was ~ an order of magnitude higher é, 4 T pbl-pTalr\)lee
than in RGCs. In rat PFC, the pairwise model e
showed almost no improvement over the inde- ;
pendent model. This is sensible, given that pair- 2 g
wise correlations in PFC were non-existent (left). 8
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In V1, the pairwise model accounted for 80— Jensen-Shannon divergence (bits)

85% of reduction in entropy due to correlations

(above), ~ 10% less than in RGCs!. I and Iy are, respectively, entropy reductions
due to pairwise correlations and those due to all order of correlations. Again, these
were calculated for 500 groups of N = 10 neurons.
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Next, the pairwise model was limited to local

pairwise correlations. As R decreased, the pair- all V1

wise model was given fewer p values, and network pairs ’

state frequency prediction gradually degraded 0

(reght). At R = 200um, only a small fraction 4 st o

of possible p values were available. Given these,

the pairwise model performed only marginally —R=500um:-

better than the independent model (3rd panel).

After shuffling neuron position labels, the same j 0001 001 01
small fraction of p values was provided to the
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Conclusions

e Pairwise correlations were weak in vivo in V1, but were stronger than reported
in mitro in RGCs. Their strengths were generally invariant to different visual
stimuli with different spatiotemporal structure. In awake behaving rat PFC,
pairwise correlations were non-existent.

e In V1, ignoring pairwise correlations and assuming independence resulted in poor
predictions of network state frequencies. In V1, using a pairwise maximum en-
tropy model greatly improved these predictions, but by ~ an order of magnitude
less than in RGCs. The pairwise model offered no improvement in rat PFC.

e [t was suggested that weak pairwise correlations may be important and suflicient
for explaining neuronal network states in non-RGC networks!?. Here we show in
vivo that pairwise correlation strengths are different in cortex, that they depend
on cortical area (and perhaps species/anesthesia), and that as a result, they need
not always be important or suflicient for explaining network state frequencies.

e Local pairwise correlations in V1 seem to be the strongest, and have the greatest
influence on network state frequencies. However, unlike in RGCs?, local pairwise
correlations on their own seem insufficient to explain network behaviour in V1.

e Pairwise correlation strengths seem key: too weak and they have no influence
(awake behaving rat PFC); too strong and a pairwise model becomes less effective
(anesthetized cat V1), perhaps because as pairwise correlations increase past

some threshold, higher-order correlations inevitably arise®.
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