Supplementary Text S2: Statistical analyses of neural activities

In order to quantify spatial-related correlates of neural activity, the continuous two-dimensional input
space was discretized by a grid of 5 x 5 cm square regions (pixels). Let S denote the set of stimuli, i.e.
the set of locations s visited by the simulated animal while solving the task.

Place field area
For each neuron, the mean firing rate associated to each pixel s was computed by dividing the spike count
associated to s by the time spent by animal in s. The size of a receptive (place) field was then taken
as the number of adjacent pixels with a firing rate above the grand mean rate —i.e. total spike count
divided by the total time spent moving in the maze— plus the standard deviation (similarly to [1, 2]).

Spatial density of receptive fields
To assess the redundancy level of a spatial code —i.e. the average number of units encoding a spatial
location s ∈ S— the following density measure was used:
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where rj (s) is the response of a neuron j ∈ J when the animal is visiting the location s ∈ S, η denotes
the noise level activity, and H is the Heaviside function.

Sparseness and shape of the spatial code
The kurtosis function —i.e. the normalized fourth central moment of a probability distribution and
estimates its degree of peakedness— was applied to quantify the sparseness across the neural population
and across time (for single neurons) [3].

Population kurtosis
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with r̄J (s) and σJ (s) representing the mean and the standard deviation of the population activity distribution for a given stimulus s, respectively, was used to estimate how many neurons j in a population J
were, on average, simultaneously responding to a stimulus s.
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Single cell lifetime kurtosis
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with r̄j and σj being the mean and the standard deviation of the cell response rj to the set of stimuli S,
respectively, was employed to assess how rarely over time a neuron j responded to stimuli S.

Single cell skewness
In order to quantify the degree of asymmetry of spatial receptive fields, we used the skewness measure,
defined as the third moment of the place field firing rate distribution [4]. Given a random variable Xj
with N samples whose distribution matches the shape of the receptive field of the cell j, the skewness
Sk (j) is:
*
3 +
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Sk (j) =
σXj
i∈N

Spatial information content of the spatial code
An information theoretical analysis quantified how much information the neural responses r ∈ R conveyed
about spatial locations s ∈ S. Shannon mutual information I(R; S) [5,6] between neural responses R and
spatial locations S was computed:
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where p(r|s) indicates the conditional probability of recording a response r while having the simulated
rat visiting a region s; p(s) the
P a priori probability computed as the ratio between time spent at place
s and the total time; p(r) = s∈S p(s) · p(r|s) the marginal probability of observing a neural response
r; and I(R; s) is the stimulus-specific surprise [7, 8]. The continuous output space of a neuron R = [0, 1]
was discretized via a binning procedure (bin-width equal to 0.1). A correcting term C was subtracted to
mutual information to limit the sampling bias [9]:
P +
R − R+ − (|S| − 1)
(6)
C= s s
2N ln(2)
P
where Rs+ = r∈R
PH(p(r|s)) denotes the number of response bins in which the occupancy probability
p(r|s) > 0; R+ = r∈R H(p(r)) denotes the number of response bins where p(r) > 0; |S| is the number
of stimuli; N is the number of stimulus-response pairs (s, r).
While the kurtosis measures the shape of a response distribution, the mutual information quantifies
the reliability of the neural spatial representation in terms of decoding efficacy. Mutual information was
computed considering both the responses of single units j, Ij (R; S), and the neural population responses,
Ipop (R; S). The ratio:
Ipop (R; S)
I ∗ (R; S) = P
(7)
j∈J Ij (R; S)
was used to measure the “information sparseness” of a population code, or, conversely, the redundancy
level of the spatial information content of a neural code.
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Finally, for a given neuron j, the Pearson correlation coefficient P C(j) between the firing rate rj and
the stimulus-specific surprise Ij (R; s), was computed to measure the degree of localization of the spatial
code [8]:

Ij (R; s) − I¯j · (rj (s) − r̄j ) s∈S
(8)
P C(j) =
σ Ij · σ j
with I¯j and σIj being, respectively, the mean and the standard deviation of the stimulus-specific surprise
of neuron j for the set of stimuli S.
Mutual information measures the mean information content over the whole environment, but it does
not quantifies the specificity of the neuronal discharges. Thus, we employed an additional measure,
namely the information per spike Ispike [10] defined for a neuron j as:


X rj (s)
rj (s)
· log2
· p(s)
(9)
Ispike (j) =
r̄j
r̄j
s∈S

Behavioral relevance of neural responses
We estimated the mutual information It (R; F ) between task-related information (the phase f ∈ F of the
protocol, e.g. “Day 1”, “Day 2-14” or “Day 15” period) and the firing activity r ∈ R of a given neural
population:


XX
p(r, f )
It (R; F ) =
p(r, f ) log2
(10)
p(r) p(f )
f ∈F r∈R

where p(r, f ) is the joint probability of observing a population response r when solving the phase f of
the protocol; p(f ) indicates the a priori probabilityPcomputed as the ratio between the length of phase
f and the total length of the protocol; and p(r) = f ∈F p(r, f ) is the marginal probability of observing
the response r ∈ R.
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