www.nature.com/scientificreports

SCIENTIFIC
REPORTS

natureresearch

W) Check for updates

Neuronal On- and Off-type
heterogeneities improve
population coding of envelope
signals in the presence of stimulus-
iInduced noise

Volker Hofmann & Maurice J. Chacron®

Understanding the mechanisms by which neuronal population activity gives rise to perception and
behavior remains a central question in systems neuroscience. Such understanding is complicated by
the fact that natural stimuli often have complex structure. Here we investigated how heterogeneities
within a sensory neuron population influence the coding of a noisy stimulus waveform (i.e., the noise)
and its behaviorally relevant envelope signal (i.e., the signal). We found that On- and Off-type neurons
displayed more heterogeneities in their responses to the noise than in their responses to the signal.
These differences in heterogeneities had important consequences when quantifying response similarity
between pairs of neurons. Indeed, the larger response heterogeneity displayed by On- and Off-type
neurons made their pairwise responses to the noise on average more independent than when instead
considering pairs of On-type or Off-type neurons. Such relative independence allowed for better
averaging out of the noise response when pooling neural activities in a mixed-type (i.e., On- and Off-
type) than for same-type (i.e., only On-type or only Off-type), thereby leading to greater information
transmission about the signal. Our results thus reveal a function for the combined activities of On- and
Off-type neurons towards improving information transmission of envelope stimuli at the population
level. Our results will likely generalize because natural stimuli across modalities are characterized by a
stimulus waveform whose envelope varies independently as well as because On- and Off-type neurons
are observed across systems and species.

Understanding the set of transformations by which sensory input leads to behavioral responses remains a cen-
tral problem in neuroscience. It has been widely observed that neurons display heterogeneities, even within
the same class'®. Although much effort has focused on understanding how heterogeneities affect population
coding’~'%, considerably less effort has focused on uncovering their role in determining neural responses to the
often-complex features of behaviorally relevant stimuli. Here we used the electrosensory system of the weakly
electric fish Apteronotus leptorhynchus (Fig. 1A) to demonstrate how neural heterogeneities can improve signal
transmission at the population level of a behaviorally relevant signal that is embedded in stimulus-induced noise.

Weakly electric fish rely on perturbations of an electric field self-generated around their body through the
quasi-sinusoidal electric organ discharge (EOD) in order to sense their surroundings and communicate with
conspecifics. Interactions between the EODs of two or more moving conspecifics creates complex electrosen-
sory stimuli consisting of a relatively fast time-varying amplitude modulation of the EOD whose amplitude (i.e.,
the envelope) varies more slowly'*!*. The time-varying envelope carries behaviorally relevant information about
the distance between conspecifics'® and behavioral studies have shown that information about the detailed time
course of the envelope is retained within the brain'>. EOD perturbations are detected by electroreceptors scattered
on the animal’s skin surface whose afferents synapse onto pyramidal neurons within the electrosensory lateral line
lobe (ELL). There are two main types of ELL pyramidal neurons: On-type cells that respond with increased firing
activity to increases in the stimulus as they receive direct excitatory input; and Off-type cells that instead respond
with increased firing activity to decreases in the stimulus as they receive indirect inhibitory input from afferents
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Figure 1. Experimental setup and behavioral responses to electrosensory stimulation. (A) Recordings were
made during stimulation with spatially uniform (‘global’) stimuli mimicking those encountered during
interactions with a conspecific. Inset: Stimuli consisted of modulations of the self-generated EOD (not shown).
Specifically, stimuli were constructed as non-repetitive low-pass filtered (15 Hz cutoff) Gaussian white noise
(i.e., the “noise”; gray) whose amplitude, varied sinusoidally with frequency 1 Hz, (i.e., the “signal”; orange). The
gray shading shows each cycle of the signal. (B) Electrosensory stimuli are sensed by electroreceptor afferents
(EAs, left) on the skin that project to pyramidal neurons in the hindbrain electrosensory lateral line lobe (ELL,
center) that are either of the On- or Off-type variety: On-type neurons (green) receive direct excitatory EA input
while Off-type neurons (magenta) receive EA input indirectly via inhibitory granular interneurons (GR). Both
project to higher order brain areas such as the midbrain torus semicircularis. (C) The signal (orange) elicited
behavioral responses (black) that consisted of the animal tracking the stimulus waveform through changes in
EOD frequency. (D,E) Quantification of behavioral responses to envelopes using linear systems identification
techniques from N = 7 fish used in the study. Shown are the gain (D; 0.040+0.017Hz - mV~! - cm™!) and phase
(E; —31+23°).

vialocal interneurons (Fig. 1B)!"!8, The responses of single ELL pyramidal neurons to the stimulus waveform'-*?
and the envelope®-32 have been extensively characterized. In particular, single neurons will respond to both the
stimulus waveform and its envelope'#*°. However, how ELL pyramidal neurons encode envelopes at the pop-
ulation level, which is most likely required to elicit the observed behavioral responses, has not been investigated
to date.

Here we investigated how ELL pyramidal neural populations encode envelope signals. To do so, we focused
on the fact that envelopes are independent of the underlying stimulus waveform'**. As such, we considered the
envelope to be the signal while the stimulus waveform was considered to be noise and will henceforth refer to the
envelope as the signal and the stimulus waveform as the noise. Our results show that heterogeneities in the ELL
pyramidal neuron population help make their responses to the noise more independent, which allows for better
averaging out when pooling neural activities and thus greater information transmission about the signal, as com-
pared to that obtained for more homogeneous neural populations.

Results

We recorded the activities of n =41 ELL pyramidal neurons from awake behaving animals. Specifically, our stim-
uli impinged on most of the sensory epithelium in a uniform fashion (Fig. 1A). ELL recordings were categorized
into On- and Off-type using an AM stimulus (i.e., 0-120 Hz noise) that was independent of that used throughout
the remainder of our study (see methods). Consistent with previous results, On-type cells typically responded
during the AM stimulus upstrokes (Supplementary Fig. S1A, green) while Off-type cells typically responded dur-
ing the AM stimulus downstrokes (Supplementary Fig. S1A, magenta). The spike triggered averages (i.e., the aver-
age AM stimulus waveform preceding the action potential) from On-type cells displayed positive slopes before
the action potential (Supplementary Fig. S1B) while those of Off-type cells instead displayed negative slopes
(Supplementary Fig. S1C). We thus computed the average slope of the spike triggered average during a time
window preceding the action potential (see Methods) and found a clear bimodal distribution (Supplementary
Fig. S1D). Based on this classification, our dataset consisted of n =21 On-type and n =20 Off-type neurons.
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Our study focused on how On- and Off-type ELL pyramidal neurons responded to a noisy stimulus wave-
form (0-15Hz, the “noise”) whose amplitude (the envelope or “signal”) varied sinusoidally at 1 Hz (Fig. 1A,B).
The sinusoidal signal could be extracted directly from the noise stimulus waveform via standard nonlinear
transformations (Supplementary Fig. S2A, brown). By construction, signal and noise were independent of one
another (Supplementary Fig. S2B). It is important to note that the signal was behaviorally relevant as it elicited
robust behavioral responses during which the animal’s EOD frequency faithfully followed the signal (Fig. 1C-E).
Further, behavioral responses were significantly more correlated with the original sinusoidal signal than with the
extracted signal (Supplementary Fig. S2C). We note that it is likely that variability in the behavioral responses
are due to internal noise within the brain as well as within the electric organ generating the behavior, and that
such variability cannot be inferred from the stimulus waveform itself. This result demonstrates that information
about the detailed time course of the sinusoidal signal is transmitted by ELL pyramidal neuron populations and
retained within higher order brain areas. We thus considered the sinusoidal signal throughout this study and
investigated how neural responses to the noise stimulus waveform (i.e., the noise) influence coding of the signal
by ELL pyramidal neural populations.

On- and Off-type pyramidal neuron responses are out of phase with respect to the noise, but in
phase with respect to the signal.  Our results show that On- and Off-type pyramidal neurons responded
preferentially during either the upstrokes or downstrokes of the noise, respectively (Fig. 2A, inset). As such,
the responses of On- and Off-type neurons were approximately out of phase with one another (Fig. 2B). This
is expected based on their classification (Supplementary Figs. 1B-D) and previous results'”'#33, In contrast,
On- and Off-type neurons responded with similar increases in firing rate (Fig. 2A, black lines) to increases in
the signal. These responses were largely in phase with one another (Fig. 2C), confirming previous results?*?’.
Mutual information rate (MI) values between the single neuron spiking activities and the signal were on aver-
age comparable for On- and Off-type pyramidal neurons (Fig. 2D). We note that, while useful to illustrate the
phase relationship between responses of ELL pyramidal neurons, low-pass filtering the spiking activities to obtain
time-dependent firing rates such as those shown in Fig. 2A will attenuate responses to the noise, which has higher
frequency content than the signal by construction. These firing rates are thus shown for illustrative purposes only
and are not considered for further analysis.

Effects of neural heterogeneities on signal and noise response similarity. We next investigated
how heterogeneities in responses to the noise and signal affect coding by pyramidal neuron populations. To do
s0, spike trains were converted into spike counts using non-overlapping time windows (see Fig. 3A & meth-
ods) whose length were smaller than the duration of the envelope cycle (Fig. 3A, gray shading). The similarity
between the spike counts sequences from pairs of non-simultaneously recorded spike trains was then quanti-
fied using the correlation coeflicient (see Methods). Signal response similarity was quantified using the correla-
tion between spike count series that were randomly shuffled according to the signal cycle, thus eliminating the
response to the noise which is not repeated across signal cycles (Fig. 3A, gray shading). Noise response similarity
was instead quantified using the correlation coefficient between the residual spike counts (Fig. 3B, see methods).
Residual spike counts were obtained by subtracting the signal-cycle average (Fig. 3A, black) from each spike
count sequence (Fig. 3A, green and magenta), thereby revealing responses to the noise. There are three possible
types of pairs: same-type pairs consisting of either two On- (On-On) or two Off-type (Off-Off) neurons, and
opposite-type pairs consisting of one On-type and one Off-type neuron (On-Off). Figure 3C,D show the residual
spike counts plotted for example same-type (Fig. 3C) and opposite-type (Fig. 3D) pairs. Noise response similarity
was positive and large in magnitude for the same-type pair (Fig. 3C) and much closer to zero for the opposite-type
pair (Fig. 3D). We note that this is expected based on the fact that the responses of On- and Off-type cells to the
noise were maximal at different times during the cycle, which leads to differences in the residuals that attenuate
their similarity (Fig. 3A,B).

We looked at all possible pairings for neurons in our dataset and calculated both signal response similarity
(i.e., similarity between the responses to the signal) and noise response similarity (i.e., similarity between the
responses to the noise). Figure 4 (main panel) shows the relationship between signal and noise response simi-
larity for On-On pairs (green triangles), Oft-Off pairs (magenta triangles), and On-Off pairs (blue circles). We
found that signal response similarity values were positive on average for all types of pairs (Fig. 4, y-axis; On-Off:
0.047 £0.05; On-On: 0.051 + 0.054; Off-Off: 0.043 £ 0.043) and significantly different than zero (On-Off: p=6.83
-107%%; On-On: p=28.44 - 10~%}; Off-Off: p=2.40 - 10, t-test). Furthermore, the signal response similarity dis-
tributions strongly overlapped and did not differ significantly from one another for all pair types (Fig. 4, right
panels, Kruskal-Wallis, p=0.219). It is important to note that signal response similarity values were small on
average but significantly different from zero (at p =0.05; see Methods) for the vast majority of pairs on our dataset
(On-OfF: 412 out of 420 pairs; On-On: 208 out of 210 pairs; Off-Off: 185 out of 190 pairs;; see Methods).

We found that noise response similarity values were larger than signal response similarity values in magni-
tude (On-On: p=1.0 - 107%%; Off-Off: p=6.6 - 107?*) and positive for same-type pairs (Fig. 4, x-axis; On-On:
0.12540.110; Oft-Off: 0.096 £ 0.082), while they were closer to zero for opposite-type pairs (Fig. 2, On-Oft:
0.019 £ 0.07). Noise response similarity values were significantly different from zero (at p=0.05; see Methods)
for the vast majority of pairs (On-Off: 385 out of 420 pairs; On-On: 203 out of 210 pairs; Off-Off: 182 out of 190
pairs). As such, population-averaged noise response similarity values were positive and significantly different
from zero (On-Off: p=1.3-10"7; On-On: p=1.0- 10~*%; Off-Off: p=1.7 - 10~ ¥, t-test). We found that the dis-
tribution obtained for opposite-type pairs (blue) was shifted to the left relative to those obtained for same-type
pairs (green & magenta). As such, noise response similarity values were on average smaller in magnitude for
opposite-type pairs than for same-type pairs (Fig. 4, bottom panels; Kruskal-Wallis; p=2.1 - 10~*5). We hypothe-
sized that this decrease in noise response similarity is due to the fact that the responses of On- and Off-type cells
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Figure 2. On- and Off-type pyramidal neuron responses to the noise are more heterogeneous than those to

the signal. (A) Stimulus waveform (top) consisting of a noisy carrier (“noise”; gray) with sinusoidally varying
signal (“signal”; orange) and extracellular recorded spiking responses of example On- (middle, green) and
Off-type (bottom, magenta) ELL pyramidal neurons. For both neurons, the time-varying firing rates (black
traces) obtained by low-pass filtering the spike train with a cutoff of 3 Hz are also shown (see Methods). Spiking
responses were out of phase with respect to the noise (see dashed arrows in the inset) but instead in phase

with respect to the signal (see main panel, black traces). The gray shading indicates the cycle of the signal. (B)
Response phase distributions to the noise differed significantly (Kruskal Wallis, p = 2.148 - 10°) between On-
(39.0° £ 86.9° green, n = 21) and Off-type (160.9° £ 45.5°% magenta, n = 20; data is shown as a cumulative
histogram such that no datapoints are hidden and each neuron is counted once). We note that the stimulus used
to classify cells as either On- or Off-type (0-120 Hz noise; see Supplementary Fig. S1 & methods) was different
than that shown in A (0-15Hz amplitude modulated noise). (C) Response phase distributions to the signal
were not significantly different from one another (Kruskal-Wallis, p = 0.32) for On- (30.5° 4= 42.1°; green) and
Oft-type (39.9° + 35.8°% magenta) neurons (data is shown as a cumulative histogram such that no datapoints are
hidden and each neuron is counted once). (D) Population-averaged mutual information rate (MI) with respect
to the signal for On- (0.150 £ 0.150 bits/s; green) and Off-type (0.120 & 0.145 bits/s; magenta) neurons were not
significantly different from one another (Kruskal Wallis, p = 0.51).

to the noise tended to be out of phase and were thus more heterogeneous than those of either On- or Off-type
cells. To test this prediction, we computed the similarity between the spike-triggered averages (i.e., the tuning
similarity) of individual neurons. Overall, there was a strong positive correlation between tuning similarity and
the noise response similarity (Supplementary Fig. S3), confirming our prediction. We further note that the rela-
tionships between signal response similarity and noise response similarity was comparable in pairs that were
recorded simultaneously and non-simultaneously (Fig. 5).

The results obtained above were robust to changes in the time window length used to compute signal and
noise response similarity within the interval 1-500 ms (Fig. 6A & E). Specifically, while signal response similar-
ity values were positive on average and did not significantly differ from one another between all types of pairs
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Figure 3. Computing signal and noise response similarity for ELL pyramidal neuron pairs. (A) Noise waveform
(gray) and signal (orange) with the spike count sequences of two example On-type cells (green) and one Oft-
type cell (magenta). Cells were recombined from our dataset and not recorded simultaneously. For each cell,
average spike count sequence over the envelope cycle (gray shading) is shown (black, plotted as concatenated
repetitions). (B) Noise waveform (gray) and signal (orange) with the residual spike count sequences (i.e., the
spike count minus the average spike count in response to the signal) corresponding to the example neurons
shown in A. (C) Residual spike counts of On-type cell 2 as a function of that of On-type cell 1 together with
levels curves and best-fit straight line (red). The similarity between the residual spike counts (i.e., the noise
response similarity) was quantified by the correlation coeflicient. For this pair, we obtained a value of 0.48,
which was at the higher end of the range observed experimentally. (D) Same as C, but for Off-type cell 1 as a
function of On-type cell 2. Note the much weaker noise response similarity of 0.02, which was at the median of
the range observed experimentally.

(Fig. 6B-D), noise response similarity values obtained for opposite-type (On-Off) pairs were closer to zero on
average and significantly lower than those obtained for same-type pairs (On-On & Off-Oft) (Fig. 6F-H). It is
important to note that signal response similarity values increased with increasing time window length (Fig. 6A).
This is expected because there is greater variation in the signal over longer time periods.

Thus, our results have shown that all pair types displayed comparable signal response similarity values. This
is expected because the response profiles to the signal of single On- and Off-type cells were comparable overall
(Fig. 2C). In other words, there was comparable heterogeneity across responses to the signal for the different pair
types. In contrast, noise response similarity values were near zero for opposite-type pairs, whereas they were
positive for same-type pairs. Again, this is expected because the response profiles to the noise of single On- and
Off-type cells were quite different from one another (Fig. 2B). In other words, there was more heterogeneity
across responses to the noise when considering both On- and Off-type cells then when considering either only
On- or Off-type cells. Specifically, although both On- and Off-type cells encode the slow signal similarly, they
encode the faster noise differentially, which leads to lower noise response similarity.

Heterogeneities increase signal information transmission by neural populations. What are
the consequences of the results obtained above on information transmission by neural populations? To answer
this question, we considered physiologically realistic decoders that take into account the fact that both On- and
Off-type ELL pyramidal neurons make direct excitatory connections with neurons within the midbrain torus
semicircularis (TS; Fig. 1B)*. Indeed, previous studies have shown that the relative contribution between On- and
Off-type ELL input varies considerably across the TS neural population®. Specifically, while some TS neurons
likely receive primarily input from either On- or Off-type ELL neurons, others likely receive equal amounts of
input from both sources. As such, we considered populations that were either mixed-type (i.e., 50% On-type and
50% Oft-type; Fig. 7A) or same-type (i.e., all On-type or all Off-type; Fig. 7B). We expect that, for mixed-type
populations, the decreased noise response similarity observed for opposite-type pairs as compared to same-type
pairs leads to greater independence between the noise responses overall, which then allows for better averaging
away the noise responses and therefore increase signal information transmission®”. The fact that, with increasing
population size, the number of possible opposite-type pairs increases at a faster rate than the number of possible
same-type pairs (see Material & Methods) also implies that the relative difference between the information trans-
mitted by mixed-type and same-type populations should increase as a function of increasing population size.
Our results confirmed these predictions. Indeed, the mutual information (MI) for mixed-type populations
was significantly greater than that obtained for same-type populations with the same size (Fig. 7C, compare dark
blue and black curve). As an example, for a population size of n =18 neurons (Fig. 7D), the resulting mutual
information was more than 30% higher for a mixed-type population (i.e., 9 On-type and 9 Off-type cells, dark
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Figure 4. The relationship between signal and noise response similarity depends on cell type. Signal response
similarity as a function of noise response similarity for all possible pairs (n = 820 pairs) in our dataset (see
Methods). Signal and noise response similarities were computed using a time window length of 100 ms from
spike counts and spike count residuals, respectively. Shown are data from same- (On-On: green triangles, n

= 210; Off-Off: magenta triangles, n = 190) and opposite-type pairs (On-Off: blue circles, n = 420). The large
dots indicate the mean values of signal and noise response similarity for each pair type. The ellipses show

the centroid fitted to the 95% confidence level of the two-dimensional distributions. Right: Signal response
similarity distributions strongly overlapped for all types of pairs and were thus not significantly different from
one another (On-Off, blue: 0.047 & 0.050; On-On, green: 0.051 & 0.054; Oft-Off, magenta: 0.043 4 0.043;
Kruskal Wallis, p = 0.219). Bottom: Noise response similarity distributions strongly overlapped for On-On and
Oft-Off pairs (On-On, green: 0.125 £ 0.110; Off-Off, magenta: 0.096 = 0.082). However, the distribution for On-
Oft pairs (On-Off, blue: 0.019 & 0.070) was significantly different from the other two (Kruskal Wallis; p = 2.1 -
107%). Asterisk indicates significant difference between groups.

blue) than for same-type populations (i.e., 18 On-type or 18 Off-type cells, black). Further, the relative difference
in information between mixed-type and same-type populations indeed increased with increasing population
size (Fig. 7E). It is important to note that this result is primarily if not solely attributable to differences in noise
response similarity between same-type and opposite-type pairs. This is because making the noise responses of
neurons independent from one another (i.e., setting noise response similarity to zero for all pairs) by shuffling the
spike count series with respect to the signal cycle (see Methods; Fig. 7C inset, solid vs. light colors), the mutual
information was not significantly different between balanced and unbalanced populations (Fig. 7C main panel &
Fig. 7D, light blue vs. gray). Moreover, information from opposite-type and same-type pairs were not significantly
different from one another when noise response similarity values were comparable (Fig. 8A,B). Finally, making
the noise responses of neurons independent from one another (i.e., setting noise response similarity to zero)
through shuffling (see Methods) increased information in neuron pairs when noise response similarity values
were positive and decreased information when noise response similarity values were negative (Fig. 8C). Thus, our
results show that the reduced magnitude of noise response similarity in On-Off pairs has a significant effect on
information transmission when combining them, as occurs in the Torus semicircularis.

Discussion

We have provided experimental evidence showing that heterogeneities in the responses of a sensory neuron
population affect population coding of a slowly time varying signal in the presence of stimulus-induced noise.
Specifically, we considered how On- and Off-type ELL pyramidal neurons within the electrosensory system of
weakly electric fish responded to a noisy stimulus and its time-varying envelope signal. While single On- and
Off-type cells displayed equal levels of heterogeneity in their responses to the signal, they displayed much larger
heterogeneities in their responses to the noise. Specifically, single On- and Off-type cell responses were largely
in phase with respect to the signal but out of phase with respect to the noise. These differences have important

SCIENTIFIC REPORTS |

(2020) 10:10194 | https://doi.org/10.1038/s41598-020-67258-1


https://doi.org/10.1038/s41598-020-67258-1

www.nature.com/scientificreports/

A OnOn
2> asimultaneous
= non-simultaneous
& 0.2 T R j
‘= |
£ !
© I
v I
c 0.1 \ a j
o l A
7y 1 AL A ﬁ
1] I A N
= T A
© OF-—-—- -2~ Al agh Z A _4 _ _ _ _ A V,f -
c i A
o A7
‘»n ]
|
_0.1 1 : L I
I
I
B OffOff
- v simultaneous
£ non-simultaneous
& 0.2¢ T i
= v v
E |
= : v
o |
c 0.1} I _
5 ‘
o 7 A4
wv
v ; ¥
= Ob-———_) o v ] ,T,,
c v
2 I
wv |
|
_0'1 L : L L
H
|
C OnOff
> e simultaneous
T non-simultaneous
& 02t ‘ i
= |
£ ‘
© I
2 01] -° ‘ K
g NS ° \ A o 4
% L 1Y ®
g d o: °
] L _ .. _® ¢ e _ e e e -
g 0 o*
o :
7] i
|
_0'1 L i L '
— . -
I

-0.2 0 0.2 04
noise response similarity

Figure 5. The relationship between signal and noise response similarity did not differ when computed from
neuron pairs whose activities were recorded either simultaneously or non-simultaneously. (A) Signal response
similarity as a function of noise response similarity for same type On-On pairs (simultaneous recordings:
green, n = 13; non-simultaneous recordings: gray, n = 210). Distributions of signal response similarity (right,
boxplots) and noise response similarity (bottom) were not significantly different from one another (signal
response similarity: Kruskal Wallis, p = 0.48; noise response similarity: p = 0.12). (B) Same as A. but for same
type Off-Off pairs (simultaneous: magenta, n = 11; non-simultaneous: gray, n = 190). Distributions were not
different from one another (signal response similarity: Kruskal Wallis, p = 0.82; noise response similarity: p =
0.12). (C) Same as A. but for opposite type On-Off pairs (simultaneous: blue, n = 21; non-simultaneous: gray, n
= 420). Distributions were not different from one another (signal response similarity: Kruskal Wallis, p = 0.96;
noise response similarity: p = 0.17).

consequences when considering how On- and Off-type cells encode the signal as a population. Indeed, we
showed that, while signal response similarity was similar for all pair types (i.e., On-On, Off-Off, and On-Off),
there were important differences in noise response similarity. Specifically, On-Off pairs displayed on average less
noise response similarity (i.e., greater heterogeneities in their responses) as compared with On-On and Off-Off
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Figure 6. The relationship between signal and noise response similarity was robust to changes in the time
window length. (A) Signal response similarity values increase as a function of increasing time window length
for On-Off (blue), Off-Off (magenta) and On-On pairs (green). White lines depict the mean, colored bands
show 1 SEM, gray bands show 1 STD. Vertical dashed lines indicate the time window length for which the signal
response similarity values shown in B — D were computed. (B) Signal response similarity values obtained for

a time window length of 50 ms (mean =+ std: On-On, green: 0.030 £ 0.031; Off-Off, magenta: 0.026 £ 0.027;
On-Off, blue: 0.026 £ 0.029; Kruskal Wallis, p = 0.137). (C) Same as B. but for a time window length of 100 ms
(mean = std: On-On, green: 0.051 £ 0.054; Off-Off, magenta: 0.043 = 0.043; On-Off, blue: 0.047 +0.050;
Kruskal Wallis, p = 0.219). (D) Same as B. but for a time window length of 250 ms (mean =+ std: On-On, green:
0.097 £ 0.098; Off-Off, magenta: 0.079 & 0.070; On-Off, blue: 0.087 £ 0.088; Kruskal Wallis, p = 0.0776). (E)
Noise response similarity values increase as a function of increasing time window length for Off-Off (magenta)
and On-On pairs (green) but were largely constant and negligible for On-Off pairs (blue). Vertical dashed lines
indicate the time window lengths at which the noise response similarity values shown in F — H were taken.

(F) Noise response similarity values obtained for a time window length of 50 ms (mean = std: On-On, green:
0.003 £ 0.110; Off-Off, magenta: 0.088 4 0.085), opposite-type pairs displayed significantly lower noise response
similarity values (On-Off, blue: —0.001 + 0.070; Kruskal Wallis, p = 1.9 - 107%%). (G) Same as E. but for a time
window length of 100 ms (mean = std: On-On, green: 0.125 £ 0.110; Off-Off, magenta: 0.096 & 0.082; On-Off,
blue: 0.019 4 0.070 Kruskal Wallis; p = 2.1 - 10~*°). (H) Same as E. but for a time window length of 250 ms
(mean =+ std: On-On, green: 0.120 +0.118; Off-Off, magenta: 0.110 £ 0.104; On-Off, blue: —1.5- 10~*£0.098;
Kruskal Wallis, p = 1.1 - 10~*). Asterisk indicates significant differences between groups at the p = 0.05 level.

pairs. As such, when pooling the activities of On- and Off-type cells (i.e., mixed-type population), the lesser noise
response similarity displayed by On-Off pairs relative to same-type (i.e., On-On and Oft-Off) pairs implies that
their noise responses are more independent of one another, which allows for better averaging of these responses
and thereby increase signal information transmission.

Impact of neural heterogeneities on population coding of behaviorally relevant electrosensory
stimuli. We note that the effect of increased heterogeneity in the responses of On- and Off-type neurons to
the stimulus-induced noise is best seen when pooling the activities of On- and Off-type neurons in a mixed-type
population as compared to a same-type population of the same size (Fig. 7C). This is because mixed-type ELL
populations display more heterogeneities (i.e., less similarity or more independence) in their responses to the
stimulus-induced noise, which is beneficial as it allows for better averaging out the noise when pooling neural
activities. Moreover, since On- and Off-type cells displayed on average similar responses to the signal, the benefit
of increased heterogeneities in responses to the stimulus-induced noise is not mitigated by increased heteroge-
neities in responses to the signal, thereby allowing for increased information transmission. We note that such a
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Figure 7. Population coding by ELL pyramidal neuron populations. (A,B). We considered decoders integrating
spiking activity from ELL pyramidal neuron populations that were either (A) mixed-type (i.e., 50% On- and
50% Off-type), or (B) same-type (top: On-type only; bottom: Off-type only) (C) Mutual information rate

(MI) as a function of population size for mixed-type (dark blue) and same-type (black) populations. The error
bars show 1 SEM. Lines are best-fit log functions to the data and were used to extrapolate to larger population
sizes for same-type populations (dashed). Light colors indicate MI for mixed-type (light blue) and same-type
(gray) populations when shuffling the spike trains with respect to the signal (see below) prior to calculation

of MI, which renders the responses to the noise independent of one another. Inset: Noise response similarity
for mixed-type (dark blue) and same-type (black) pairs before shuffling. Noise response similarity for
mixed-type (light blue) and same-type (gray) pairs after shuffling. Noise response similarity before shuftling
was significantly higher for same-type pairs than for mixed-type pairs (p = 1.7 - 10~ Kruskal-Wallis with
Bonferroni correction for multiple comparisons; see also Fig. 4). Moreover, while shuffling significantly reduced
noise response similarity for both opposite-type and same-type pairs (opposite-type: p = 2.8 - 107°% same-type:
p = 1.1-107%, Kruskal-Wallis with Bonferroni correction), there was no significant difference between noise
response similarity after shuffling obtained for opposite-type and same-type pairs (p = 1.0, Kruskal-Wallis with
Bonferroni correction). (D) MI values for populations of 18 neurons that are mixed-type (blue: 0.37 £0.14

bits - s!) or same-type (black: 0.29 £ 0.06 bits - s!) before shuffling. Also shown are MI values for populations
of 18 neurons that are mixed-type (light blue: 0.50 £ 0.20 bits - s!) or same-type (gray: 0.51 £0.14 bits - s~ )
after shuffling corresponding to the gray shading in the main plot of panel C. Before shuffling, MI values were
significantly higher for the mixed-type population than for the same-type population (p = 1.1 - 10~%, Kruskal-
Wallis with Bonferroni correction). After shuffling, MI values were not significantly higher between the mixed-
type and the same-type population (p = 1; Kruskal-Wallis with Bonferroni correction). (E) Relative difference
in MI between mixed-type and same-type population before shuffling as a function of population size (solid)
computed from the fits to the data shown in C. The dashed curve is extrapolated from the fitted data.
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Figure 8. Effects of noise response similarity on information transmission. (A) Mutual information for
opposite-type (i.e., On-Off, blue) and same-type (i.e., On-On and Off-Off, black) pairs as a function of noise
response similarity. The dots show the raw data while the vertical lines show the errorbars (=1 STD) obtained
when binning the data using a binwidth of 0.02. In no case there was significant difference between the MI for
opposite-type (blue) and same-type (black) pairs (One-way ANOVA, p > 0.14 in all cases). (B) Distribution of
data shown in A for opposite-type (top, blue) and same-type (bottom, black) pairs. (C) Normalized change in
mutual information for opposite-type (blue) and same-type (black) neuron pairs before and after shuffling with
respect to the signal cycles. In all cases, a significant negative correlation was observed (same-type: r = —0.26,
p =4.3-1077; opposite-type: r =—0.33, p = 1.1 - 107"} all data: r = —0.37, p = 1.3 - 10%°). The large dots show
the mean values and the ellipses show the 64% probability curve for the data (i.e., 64% of the data lies within the
ellipse).

decoding scheme is physiologically realistic in the electrosensory system given that previous studies have shown
that TS neurons receive excitatory input from both On- and Off-type ELL pyramidal neurons*>*. Specifically,
some “On-Off” TS neurons receive inputs that are matched in strength from On- and Off-type neurons, while
other TS neurons receive input predominantly from either On- or Off-type neurons?»**3%3. We hypothesize that
these “On-Off” neurons will best respond to the signals considered in the present study and thus mediate the
animal’s behavioral responses. Further studies are needed to verify this prediction.

We also note that the decoding scheme considered here is linear since we summed the neural activities.
Previous studies have shown that TS neurons integrate input from ELL in a nonlinear fashion, which likely con-
tributes to increased response selectivity®*!. As such, the information estimates reported here constitute a lower
bound on the information available to downstream areas*>**. Future studies should thus investigate how encoding
by TS neurons are influenced by nonlinear integration of afferent ELL input from On- and Off-type pyramidal
neurons. In particular, the location of receptors within the dendritic tree as well as the presence of subthreshold
membrane conductances such as T-type calcium channels* should be investigated. This is because these nonlin-
earities could further decrease the similarity (or, equivalently, make them even more independent) between the
inputs from ELL pyramidal neurons in response to the stimulus-induced noise, as seen in other systems*~*. It
is important to note here that it is not expected that electrosensory neural circuits will explicitly compute simi-
larities between neural responses to the signal or the stimulus-induced noise. Rather, our results suggest that, by
combining inputs that are matched in strength from On- and Off-type ELL pyramidal neurons, electrosensory
circuits can significantly reduce the deleterious effects of similarities in responses to the stimulus-induced noise,
which is detrimental to averaging when pooling neural activities. It is important to note that On- and Off-type
ELL pyramidal neurons also respond to other stimuli, such as those caused by objects whose conductivity is
greater or lesser than that of the surrounding water. Specifically, On- and Off-type cells are excited by objects
whose conductivity is greater and lesser than that of the surrounding water, respectively*’48,

What causes differences in the level of heterogeneities within the responses of On- and Off-type cells to the
signal and the stimulus-induced noise considered here? Response heterogeneities within the pyramidal neuron
population arise in part due to strong descending input from higher brain regions. Previous studies have shown
that descending input can strongly affect single ELL pyramidal neuron responses not only to the signal but also
to the stimulus-induced noise?**%#>%°, Further studies are needed to determine how descending input mediate
coding by the ELL pyramidal neuron population.

Finally, it is important to point out that the current study did not take into account correlations between
neural activities that arise from shared synaptic input*. Indeed, these so-called “noise correlations” can impact
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population coding by introducing either synergy or redundancy®-¢. Noise correlations can only be assessed by
recording neural activities simultaneously®?. Previous studies have shown that ELL pyramidal neurons display
noise correlations that most likely originate from shared afferent input®*®*. However, these noise correlations
are “local” in that their magnitude decreases with decreased receptive field overlap. The fact that similar levels of
signal and noise response similarity were observed between simultaneously and non-simultaneously recorded
pairs of neurons in our dataset suggests that noise correlations might not strongly impact population coding in
the context considered here. We hypothesize that this is because the signal and stimulus-induced noise consid-
ered here are “global” because they recruit most if not all of the pyramidal neuron population. Previous studies
have shown that noise correlation magnitude is reduced when “global” stimuli are presented®*, which supports
our hypothesis. It is nevertheless important to point out that noise correlations are likely to have a much stronger
impact on the coding of other behaviorally relevant stimuli, such as those caused by prey. Further studies are
however needed to verify this prediction.

Implications for other systems.  Our results are likely applicable to population coding in other sensory
systems. This is because behaviorally relevant slowly varying envelope signals such as the one considered here are
also found across various modalities (visual?%°, vestibular®’, auditory®®; mechanosensory®). Importantly, these
slowly varying envelope signals are independent of other stimulus features, which can thus be considered noise

(auditory’®%; visual’?; vestibular®’?). On- and Off-type neurons are also found across multiple sensory modali-

ties (visual’*"";, chemosensation’®, thermosensation’, audition®, vestibular®') and multiple functional roles have
been proposed for having both cell types such as metabolically efficient signaling of opposite changes in the stim-
ulus®>® and improving the representation of natural signals’. We predict that On- and Off-type neurons in other
systems will also demonstrate better encoding of a slow varying signal in the presence of stimulus-induced noise
because their response heterogeneities to the noise are greater than those to the signal, as demonstrated here for
the electrosensory system.

Future studies should therefore take into account noise response similarity and examine their effects on
population coding. This can be achieved by using stimulation paradigms in which the envelope signal and
the stimulus-induced noise are independent of one another (i.e., the signal is repeated across trials but not the
stimulus-induced noise), as in the current study. This stimulation paradigm differs from those typically used
for which instead both the envelope signal and the stimulus-induced noise would be repeated from trial to trial.
We argue that the former stimulation paradigm is more realistic than the latter because it better mimics the
known structure of natural stimuli and the fact that higher order neurons can respond to the envelope signal
independently of the stimulus-induced noise. Such neurons are found not only in the electrosensory system?? but
also in the visual® as well as auditory®® systems. As such, we predict that population coding will most likely be
influenced by the stimulus-induced noise as studied here.

Material & Methods

Animals. Specimens of Apteronotus leptorhynchus were obtained from tropical fish suppliers and housed in
groups of up to 15 (water temperature 29 & 2 °C; water conductivity of 100-300 puS - cm™?) as per published guide-
lines®. All housing and experimental procedures were approved by McGill University’s animal care committee
according to the guidelines of the Canadian Council on Animal Care. All procedures were carried out under
animal use protocol number 5285.

Experimental Design and recording. Electrophysiological recordings were made from the hindbrain
electrosensory lateral line lobe (ELL) of N=12 fish (13 2 cm). Animals were immobilized with an intramus-
cular injection of tubocurarine chloride hydrate (Sigma-Aldrich; 200 ul injection; 2mg - ml~!) and respirated
with a constant flow of water over their gills (= 10 ml - min™!). After topical application of local anaesthesia (2%
lidocaine, Western Medical Supply, Arcadia, CA, USA), a small craniotomy (=~ 5 mm?) was made in the dorsal
skull to access the hindbrain. Recordings were performed with two metal-filled recording micropipettes (0.5-1
MQ) inserted into the lateral segment (LS) of the ELL. Electrode signals were amplified and filtered (x1000,
300-5kHz; AM differential amplifier 1700; AM Systems, Sequim, WA USA), digitized at 20 kHz (CED Power
1401, Cambridge Electronic Design, Cambridge, UK), and stored for further analysis (Spike II, v7.16 x86, CED).
Recordings were either performed simultaneously (i.e. one isolated unit on each of the two recording electrodes
simultaneously; n = 68 neuron pairs) or non-simultaneously (i.e. one isolated unit on only one of the recording
electrodes; n = 50). We chose to record from pyramidal neurons within LS because these display the largest recep-
tive fields®”® and the greatest sensitivity to both the stimulus waveform® and its envelope signal®. As such, we
expect that neural responses to the stimulus waveform will have the greatest impact when considering population
coding of the envelope signal in this segment.

Under immobilization, Apteronotus leptorhynchus specimens continue to emit the EOD signal due to the
neurogenic nature of their electric organ. As such, they remain capable of displaying electrosensory behaviors
consisting of changes in the EOD frequency (Fig. 1C,D). Stimuli consisted of amplitude modulations of the
animal’s self-generated electric organ discharge, applied by multiplying (MT3 analog multiplier, Tucker-Davis
Technologies, Alachua, FL USA) the desired waveform (described below) with a train of single-cycle sinusoidal
waveforms that were phase-locked to the animal’s EOD?. For this, the EOD zero-crossings were detected (121
Window discriminator, World Precision Instruments WPI, Sarasota, FL USA) to trigger a waveform generator
(33220 A LXI arbitrary waveform generator, Agilent, Santa Clara, CA USA) that generated one cycle of a sinewave
per EOD cycle. The output of the multiplier was isolated from ground (A395 linear stimulus isolation unit, WPI)
and delivered to the animal via two steel wire electrodes located about 15 cm from each side of the animal. Our
stimuli consisted of zero-mean low-pass filtered (15 Hz cut-off frequency, 8" order Butterworth) Gaussian white
noise (i.e., the noise) with a duration of 90s, whose amplitude (i.e., envelope) was modulated sinusoidally at 1 Hz
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(the signal). The noise was independent of the envelope by construction (see Supplementary Fig. S2). While the
sinusoidal envelope stimulus used in this study is not naturalistic, we note that it has been previously shown that
responses of ELL pyramidal neurons to sinusoidal envelopes can be used to predict their responses to natural
envelope waveforms?. Stimulus contrast was adjusted to 15-20%. For data analysis (described below), each enve-
lope cycle was considered one repetition (Fig. 1A) and the low-pass filtered white noise was not repeated from
cycle to cycle. The same stimulus waveform was presented to all neurons.

Data Analysis. For behavior, the recorded times at which the EOD crosses zero from below were converted
into a series of events with 30 kHz sampling rate. For visualization purposes, this series of events was low pass
filtered (2" order Butterworth filter, 3 Hz cutoff) and detrended. We used linear systems identification techniques
to assess behavioral gain and phase as done previously'>?>?2891_ Specifically, gain was calculated as:

gain — Abehavior

envelope ( 1 )

where Ajp,q.i0, is the amplitude of the EOD frequency modulation as determined by fitting a sinusoid to the aver-
age time-varying EOD frequency during one envelope cycle and A, is the amplitude of the electrosensory
envelope as extracted from a local dipole electrode (1 mm tip spacing) that was placed close to the skin of the
animal. We further determined the phase shift between the behavioral responses and the envelope stimulus as:
Tmax(E) - Tmax(EOD)

Tmax(E) (2)

0 =2m

where T;,,, denotes the times at which either the envelope (E) or the EOD frequency (EOD) reach their maximum
values during the envelope cycle.

For neuronal data, spike times were detected from the recorded traces using a threshold and assigned to dif-
ferent neurons based on waveform, interspike intervals, and PCA with subsequent k-means or normal-mixtures
clustering (Spike II, CED). Further analyses were carried out using Matlab (MATLAB R2015b v8.6.0, MathWorks
Inc., Natick, MA, US). Specifically, for each neuron, spike times were converted into a binary sequence with a
bin width of 0.5 ms. The binwidth was chosen to be smaller than the absolute refractory period of ELL pyramidal
neurons (~ 2ms) such that at most one spike can occur within any given bin. Time-dependent firing rates were
obtained by low-pass filtering the binary sequence (3 Hz cut-off frequency, 2" order Butterworth) and multiply-
ing by the sampling frequency of 2000 Hz. Negative values of the firing rate were set to zero.

In order to test that a neuron responded significantly to the envelope signal, we computed the vector strength®
as done previously?. Only neurons with a vector strength higher than 0.085 were used for further analysis (sin-
gle neurons: n = 41; neuron pairs: n = 46). Vector strength values for neurons included in the analysis ranged
between 0.0859 and 0.4503.

We categorized recorded cells into either On- or Off-type by using their responses to an AM stimulus wave-
form as done previously®. Importantly, for this we used a stimulus (Gaussian white noise, 120 Hz cutoff fre-
quency, 8 order Butterworth low-pass filter) that is independent from the one used to investigate population
coding. Specifically, we computed the spike triggered average (STA) stimulus waveform and determined the
time-averaged STA slope within an evaluation window (8 ms wide) centered 8 ms before the trigger point (t,) to
account for the average action potential transmission delay from the skin surface to the hindbrain ELL. Neurons
for which the STA slope was on average positive during the evaluation window were classified as On-type whereas
those for which the STA slope was negative were classified as Off-type (Fig. 2). We furthermore quantified tuning
similarity by computing the correlation coefficient between the STA waveforms for each neuron pair.

The average phase difference between the binary sequence and the 0-15Hz noise was computed as a function
of frequency fusing:

imag{ b, (f)]
= arctan| —2rsV 21
o(f) = arc an[ reallP. ()] 3

where arctan denotes the arctangent, while imag and real denote the imaginary and real parts, respectively. P, (f)
is the cross-spectrum between the noise and the binary sequence computed using the function “cpsd” in Matlab.
The phase difference was then averaged over the frequency range 0-15 Hz.

The average phase difference between the neural response and the signal was calculated by fitting a sinusoidal
function to the phase histogram obtained over 90 consecutive cycles of the envelope cycle (i.e., each spike time
was converted to a phase based on where it occurred during the cycle of the sinusoid as done above for the EOD
zero crossings). Response phase was determined as the phase for which the fitted function was maximum as done
previously?.

We quantified the similarity between responses by the correlation coefficient between pairs of spike count
sequences. Spike count sequences were obtained from each spike train by counting the number of spikes occur-
ring during successive and non-overlapping time windows that were always aligned with respect to the sinusoidal
signal and whose length ranged between 1 and 250 ms. Spike count sequences were tested for stationarity using
an augmented Dickey-Fuller test (function “Adftest” in MATLAB). For all data, the null hypothesis of nonstation-
arity could be rejected (p < 107* in all cases). We then computed the correlation coefficient between the two spike
count sequences using Pearson’s correlation coefficient:
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Cov(nn,)
./ Var(n)) Var(n,) (4)

To compute signal response similarity, we considered the segments of the spike count sequence obtained
during each signal cycle and randomly permuted their order to obtain shuffled spike counts. It is important to
note that this shuffling procedure does not affect the envelope signal itself. The signal response similarity was
quantified as the correlation coefficient between the shuffled spike counts for each neuron pair as per Eq. (4)
averaged over 20 independent realizations of the shuffling procedure. It is important to note that signal correla-
tions will trivially be null when the duration of the time window is equal to the signal period (1), this is because
the signal does not vary over that time window length by definition. We thus considered time windows whose
length was up to a quarter of the envelope cycle. We did not use the filtered firing rates (Fig. 4) during analysis
because low-pass filtering with a cutoff frequency of 3 Hz greatly attenuates the stimulus-induced noise whose
impact on information transmission we are studying. We note that using a time window length of 100 ms would
roughly correspond to a cutoff frequency of 10 Hz. For each pair, significance was assessed by computing signal
response similarity for surrogate datasets in which the binary sequences for that pair were randomized in order
to eliminate any correlation between then (i.e., signal response similarity should be zero in theory). An experi-
mentally obtained value of signal response similarity without shuffling was deemed to be significant if that value
was greater in magnitude than the 95% confidence interval of the signal response similarity value distribution
obtained from 100 surrogate datasets.

Finally, noise response similarity was quantified as the correlation coefficient between the spike count residual
sequences. The spike count sequences were first averaged over signal cycles (Fig. 3A) and the mean spike count
sequence was then subtracted from the spike counts for each cycle to obtain the residual spike counts sequences
(Fig. 3B). Significance for noise response similarity was assessed in a manner analogous to that described above
for signal response similarity.

To investigate the effects of neural correlations on information transmission, we computed the mutual infor-
mation rate (MI) between the signal and the summed binary sequences for a given neural population using*:

B(NF

] — sV

B.(F)P(f) (5)

where P, (f) is the cross-spectrum between the stimulus and the summed response computed using the function
“cpsd” in Matlab, P,,(f) is the summed response power spectrum computed using the function “pwelch” in Matlab,
and P(f) is the signal power spectrum computed using the function “pwelch” in Matlab. We considered
“same-type” populations consisting either of n On-type or Off-type neurons only, or “mixed-type” populations for
which #/2 neurons were On-type and the remaining /2 were Off-type. We note that for a mixed-type population
of n neurons, the number of same-type pairs (On-On + Off-Off) is given by n?%/4-n/2, while the number of
opposite-type pairs (On-Off) is given by n%/4 respectively. As such, with increasing n, the number of opposite-type
pairs in the population will always be greater than the number of same-type pairs and their difference, which is
equal to n/2, grows linearly with population size n. For a given population size, results were obtained from ran-
dom re-combinations of neurons from our dataset and were averaged over the highest number of possible itera-
tions up to 200. Plots of mutual information as a function of population size were fitted using either A log(n) or
A./n. Overall, the logarithm function gave better fits to the data as determined from rmse values ranging between
0.0099-0.0272 (log) vs. 0.0148-0.109 (sqrt). As such, we only show the fit for the log function in the figure.
Mutual information rates were also computed after randomly shuffling the segments of binary sequences with
respect to the signal cycles, such as to make the responses to the noise independent of one another across the
population.

MI = — fdﬂog2

Statistical Analysis. Statistical significance was assessed using Kruskal-Wallis non-parametric tests, one
sample or paired sample or Wilcoxon signrank tests or paired t-tests. P-values are given in the text and figure
legends. In all figures, asterisk indicates statistical significance. Values are reported as mean = std throughout the
text unless otherwise stated.

Data availability
The datasets generated during and/or analysed during the current study are available in the figshare repository at
https://doi.org/10.6084/m9.figshare.10380131.

Received: 20 November 2019; Accepted: 4 June 2020;
Published online: 23 June 2020

References
1. Bannister, N. J. & Larkman, A. U. Dendritic morphology of CA1 pyramidal neurones from the rat hippocampus: II. Spine
distributions. Journal of Comparative Neurology 360, 161-171 (1995).
2. Bannister, N. J. & Larkman, A. U. Dendritic morphology of CA1 pyramidal neurones from the rat hippocampus: I. Branching
patterns. Journal of Comparative Neurology 360, 150-160 (1995).
. Goldberg, J. M. Afferent Diversity and the Organisation of central vestibular pathways. Exp Brain Res 130, 277-297 (2000).
. Bastian, J. & Nguyenkim, J. Dendritic modulation of burst-like firing in sensory neurons. ] Neurophysiol 85, 10-22 (2001).
5. Marder, E. & Goaillard, J. M. Variability, compensation and homeostasis in neuron and network function. Nat Rev Neurosci 7,
563-574, https://doi.org/10.1038/nrn1949 (2006).
6. Schulz, D. J., Goaillard, J. M. & Marder, E. Variable channel expression in identified single and electrically coupled neurons in
different animals. Nat Neurosci 9, 356-362, https://doi.org/10.1038/nn1639 (2006).

[N

SCIENTIFIC REPORTS |

(2020) 10:10194 | https://doi.org/10.1038/s41598-020-67258-1


https://doi.org/10.1038/s41598-020-67258-1
https://doi.org/10.1038/nrn1949
https://doi.org/10.1038/nn1639

www.nature.com/scientificreports/

11

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.
43.

44.

45.

46.

47.

. Marsat, G. & Maler, L. Neural heterogeneity and efficient population codes for communication signals. | Neurophysiol 104,

2543-2555, https://doi.org/10.1152/jn.00256.2010 (2010).

. Padmanabhan, K. & Urban, N. N. Intrinsic biophysical diversity decorrelates neuronal firing while increasing information content.

Nat Neurosci 13, 1276-1282, https://doi.org/10.1038/nn.2630 (2010).

. Mejias, ]. E. & Longtin, A. Optimal heterogeneity for coding in spiking neural networks. Phys Rev Lett 108, 228102 (2012).
. Tripathy, S. J., Padmanabhan, K., Gerkin, R. C. & Urban, N. N. Intermediate intrinsic diversity enhances neural population coding.

PNAS 110, 8248-8253, https://doi.org/10.1073/pnas.1221214110 (2013).

. Stocks, N. G. Suprathreshold stochastic resonance in multilevel threshold systems. Physical Review Letters 84, 2310-2313 (2000).
12.

Beiran, M., Kruscha, A., Benda, J. & Lindner, B. Coding of time-dependent stimuli in homogeneous and heterogeneous neural
populations. ] Comput Neurosci 44, 189-202, https://doi.org/10.1007/s10827-017-0674-4 (2018).

Yu, N., Hupe, G., Garfinkle, C., Lewis, J. E. & Longtin, A. Coding conspecific identity and motion in the electric sense. PLoS Comput
Biol 8, €1002564, https://doi.org/10.1371/journal.pcbi. 1002564 (2012).

Metzen, M. G. & Chacron, M. J. In Electroreception: Fundamental Insights from Comparative Approaches Springer Handbook of
Auditory Research (eds B. Carlson, J. Sisneros, A. Popper, & R. Fay) Ch. Chapter 9, 251-277 (Springer, 2019).

Metzen, M. G. & Chacron, M. J. Weakly electric fish display behavioral responses to envelopes naturally occurring during
movement: implications for neural processing. ] Exp Biol 217, 1381-1391, https://doi.org/10.1242/jeb.098574 (2014).

Maler, L. The posterior lateral line lobe of certain gymnotiform fish. Quantitative light microscopy. Journal of Comparative Neurology
183, 323-363 (1979).

Saunders, J. & Bastian, J. The physiology and morphology of two classes of electrosensory neurons in the weakly electric fish
Apteronotus Leptorhynchus. Journal of Comparative Physiology A 154, 199-209 (1984).

Gabbiani, E, Metzner, W., Wessel, R. & Koch, C. From stimulus encoding to feature extraction in weakly electric fish. Nature 384,
564-567 (1996).

Marsat, G., Longtin, A. & Maler, L. Cellular and circuit properties supporting different sensory coding strategies in electric fish and
other systems. Curr Opin Neurobiol 22, 686-692, https://doi.org/10.1016/j.conb.2012.01.009 (2012).

Krahe, R. & Maler, L. Neural maps in the electrosensory system of weakly electric fish. Curr Opin Neurobiol 24, 13-21, https://doi.
org/10.1016/j.conb.2013.08.013 (2014).

Clarke, S. E., Longtin, A. & Maler, L. Contrast coding in the electrosensory system: parallels with visual computation. Nat Rev
Neurosci 16, 733744, https://doi.org/10.1038/nrn4037 (2015).

Huang, C. G. & Chacron, M. J. SK channel subtypes enable parallel optimized coding of behaviorally relevant stimulus attributes: A
review. Channels (Austin) 11, 281-304, https://doi.org/10.1080/19336950.2017.1299835 (2017).

McGillivray, P., Vonderschen, K., Fortune, E. S. & Chacron, M. J. Parallel coding of first- and second-order stimulus attributes by
midbrain electrosensory neurons. ] Neurosci 32, 5510-5524, https://doi.org/10.1523/J]NEUROSCI.0478-12.2012 (2012).

Stamper, S. A., Fortune, E. S. & Chacron, M. J. Perception and coding of envelopes in weakly electric fishes. ] Exp Biol 216,
2393-2402, https://doi.org/10.1242/jeb.082321 (2013).

Metzen, M. G. & Chacron, M. J. Neural heterogeneities determine response characteristics to second-, but not first-order stimulus
features. ] Neurosci 35, 3124-3138, https://doi.org/10.1523/J]NEUROSCI.3946-14.2015 (2015).

Huang, C. G. & Chacron, M. ]. Optimized Parallel Coding of Second-Order Stimulus Features by Heterogeneous Neural Populations.
J Neurosci 36, 9859-9872, https://doi.org/10.1523/J]NEUROSCI.1433-16.2016 (2016).

Huang, C. G., Zhang, Z. D. & Chacron, M. J. Temporal decorrelation by SK channels enables efficient neural coding and perception
of natural stimuli. Nat Commun 7, 11353, https://doi.org/10.1038/ncomms11353 (2016).

Martinez, D., Metzen, M. G. & Chacron, M. J. Electrosensory processing in Apteronotus albifrons: implications for general and
specific neural coding strategies across wave-type weakly electric fish species. ] Neurophysiol 116, 2909-2921, https://doi.
org/10.1152/jn.00594.2016 (2016).

Metzen, M. G., Huang, C. G. & Chacron, M. J. Descending pathways generate perception of and neural responses to weak sensory
input. PLoS Biol 16, €2005239, https://doi.org/10.1371/journal.pbio.2005239 (2018).

Huang, C. G., Metzen, M. G. & Chacron, M. J. Feedback optimizes neural coding and perception of natural stimuli. Elife 7, €38935,
https://doi.org/10.7554/eLife.38935 (2018).

Huang, C. G., Metzen, M. G. & Chacron, M. J. Descending pathways mediate adaptive optimized coding of natural stimuli in weakly
electric fish. Science Advances, https://doi.org/10.1126/sciadv.aax2211 (2019).

Hofmann, V. & Chacron, M. J. Novel Functions of Feedback in Electrosensory Processing. Front Integr Neurosci 13, 52, https://doi.
org/10.3389/fnint.2019.00052 (2019).

Fotowat, H., Harrison, R. R. & Krahe, R. Statistics of the electrosensory input in the freely swimming weakly electric fish
Apteronotus leptorhynchus. | Neurosci 33, 13758-13772, https://doi.org/10.1523/J]NEUROSCI.0998-13.2013 (2013).

Enger, P. S. & Szabo, T. Activity of central neurons involved in electroreception in some weakly electric fish (Gymnotidae). J
Neurophysiol 28, 800-818, https://doi.org/10.1152/jn.1965.28.5.800 (1965).

Gjorgjieva, J., Meister, M. & Sompolinsky, H. Functional diversity among sensory neurons from efficient coding principles. PLoS
Comput Biol 15, 1007476 (2019).

Carr, C. E., Maler, L., Heiligenberg, W. & Sas, E. Laminar organization of the afferent and efferent systems of the torus semicircularis
of gymnotiform fish: morphological substrates for parallel processing in the electrosensory system. ] Comp Neurol 203, 649-670,
https://doi.org/10.1002/cne.902030406 (1981).

Zohary, E., Shadlen, M. N. & Newsome, W. T. Correlated neuronal discharge rate and its implications for psychophysical
performance. Nature 370, 140-143, https://doi.org/10.1038/370140a0 (1994).

Parthridge, B. L. & Heiligenberg, W. Three’s a crowd? Predicting Eigenmania’s response to multiple jamming. Journal of Comparative
Physiology 136, 153-164 (1980).

Rose, G.J. & Call, S. J. Temporal filtering properties of midbrain neurons in an electric fish: implications for the function of dendritic
spines. ] Neurosci 13, 1178-1189 (1993).

Fortune, E. S. & Rose, G. J. Voltage-gated Na+ channels enhance the temporal filtering properties of electrosensory neurons in the
torus. ] Neurophysiol 90, 924-929 (2003).

Chacron, M. J. & Fortune, E. S. Subthreshold membrane conductances enhance directional selectivity in vertebrate sensory neurons.
J Neurophysiol 104, 449-462, https://doi.org/10.1152/jn.01113.2009 (2010).

Rieke, F,, Warland, D., de Ruyter van Steveninck, R. R. & Bialek, W. Spikes: Exploring the Neural Code. (MIT, 1996).

Roddey, J. C., Girish, B. & Miller, J. P. Assessing the Performance of Neural Encoding Models in the Presence of Noise. Journal of
Computational Neuroscience 8, 95-112 (2000).

Doiron, B, Litwin-Kumar, A., Rosenbaum, R., Ocker, G. K. & Josic, K. The mechanics of state-dependent neural correlations. Nat
Neurosci 19, 383-393, https://doi.org/10.1038/nn.4242 (2016).

de la Rocha, J., Doiron, B., Shea-Brown, E., Josic, K. & Reyes, A. Correlation between neural spike trains increases with firing rate.
Nature 448, 802-806 (2007).

Renart, A. et al. The asynchronous state in cortical circuits. Science 327, 587-590, 327/5965/587 [pii] https://doi.org/10.1126/
science.1179850 (2010).

Bastian, J. Electrolocation II. The effects of moving objects and other electrical stimuli on the activities of two categories of posterior
lateral line lobe cells in Apteronotus albifrons. Journal of Comparative Physiology A 144, 481-494 (1981).

SCIENTIFIC REPORTS |

(2020) 10:10194 | https://doi.org/10.1038/s41598-020-67258-1


https://doi.org/10.1038/s41598-020-67258-1
https://doi.org/10.1152/jn.00256.2010
https://doi.org/10.1038/nn.2630
https://doi.org/10.1073/pnas.1221214110
https://doi.org/10.1007/s10827-017-0674-4
https://doi.org/10.1371/journal.pcbi.1002564
https://doi.org/10.1242/jeb.098574
https://doi.org/10.1016/j.conb.2012.01.009
https://doi.org/10.1016/j.conb.2013.08.013
https://doi.org/10.1016/j.conb.2013.08.013
https://doi.org/10.1038/nrn4037
https://doi.org/10.1080/19336950.2017.1299835
https://doi.org/10.1523/JNEUROSCI.0478-12.2012
https://doi.org/10.1242/jeb.082321
https://doi.org/10.1523/JNEUROSCI.3946-14.2015
https://doi.org/10.1523/JNEUROSCI.1433-16.2016
https://doi.org/10.1038/ncomms11353
https://doi.org/10.1152/jn.00594.2016
https://doi.org/10.1152/jn.00594.2016
https://doi.org/10.1371/journal.pbio.2005239
https://doi.org/10.7554/eLife.38935
https://doi.org/10.1126/sciadv.aax2211
https://doi.org/10.3389/fnint.2019.00052
https://doi.org/10.3389/fnint.2019.00052
https://doi.org/10.1523/JNEUROSCI.0998-13.2013
https://doi.org/10.1152/jn.1965.28.5.800
https://doi.org/10.1002/cne.902030406
https://doi.org/10.1038/370140a0
https://doi.org/10.1152/jn.01113.2009
https://doi.org/10.1038/nn.4242
https://doi.org/10.1126/science.1179850
https://doi.org/10.1126/science.1179850

www.nature.com/scientificreports/

48.
49.
50.
51.

52.
53.

54.
55.
56.
57.
58.
59.
60.
61.

62.
. Chacron, M. J. & Bastian, ]. Population coding by electrosensory neurons. ] Neurophysiol 99, 1825-1835, https://doi.org/10.1152/

64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.

80.
. Duensing, F. & Schaefer, K. P. [The activity of single neurons in the region of vestibular nuclei in horizontal acceleration, with special

82.
83.
84.
85.

86.

87.

88.

Clarke, S. E., Longtin, A. & Maler, L. A neural code for looming and receding motion is distributed over a population of
electrosensory ON and OFF contrast cells. ] Neurosci 34, 5583-5594, https://doi.org/10.1523/J]NEUROSCI.4988-13.2014 (2014).
Mejias, J. E, Marsat, G., Bol, K., Maler, L. & Longtin, A. Learning contrast-invariant cancellation of redundant signals in neural
systems. PLoS Comput Biol 9, 1003180, https://doi.org/10.1371/journal.pcbi.1003180 (2013).

Clarke, S. E. & Maler, L. Feedback Synthesizes Neural Codes for Motion. Curr Biol 27, 1356-1361, https://doi.org/10.1016/j.
cub.2017.03.068 (2017).

Averbeck, B. B., Latham, P. E. & Pouget, A. Neural correlations, population coding and computation. Nat Rev Neurosci 7, 358-366
(2006).

Averbeck, B. B. & Lee, D. Effects of noise correlations on information encoding and decoding. ] Neurophysiol 95, 3633-3644 (2006).
Franke, F. et al. Structures of Neural Correlation and How They Favor Coding. Neuron 89, 409-422, https://doi.org/10.1016/j.
neuron.2015.12.037 (2016).

Schneidman, E., Bialek, W. & Berry, M. J. II. Synergy, redundancy, and independence in population codes. J Neurosci 23,
11539-11553 (2003).

Latham, P. E. & Nirenberg, S. Synergy, redundancy, and independence in population codes, revisited. ] Neurosci 25, 5195-5206
(2005).

Abbott, L. F. & Dayan, P. The Effect of Correlated Variability on the Accuracy of a Population Code. Neural Computation 11, 91-101
(1999).

Romo, R., Hernandez, A., Zainos, A. & Salinas, E. Correlated neuronal discharges that increase coding efficiency during perceptual
discrimination. Neuron 38, 649-657 (2003).

Cohen, M. R. & Maunsell, . H. Attention improves performance primarily by reducing interneuronal correlations. Nature
Neuroscience 12, 1594-1600 (2009).

Ecker, A. S. et al. Decorrelated neuronal firing in cortical microcircuits. Science 327, 584-587, 327/5965/584 [pii] https://doi.
org/10.1126/science.1179867 (2010).

Zylberberg, J., Cafaro, J., Turner, M. H., Shea-Brown, E. & Rieke, F. Direction-Selective Circuits Shape Noise to Ensure a Precise
Population Code. Neuron 89, 369-383, https://doi.org/10.1016/j.neuron.2015.11.019 (2016).

Beaman, C. B., Eagleman, S. L. & Dragoi, V. Sensory coding accuracy and perceptual performance are improved during the
desynchronized cortical state. Nature communications 8, 1308, https://doi.org/10.1038/s41467-017-01030-4 (2017).

Cohen, M. R. & Kohn, A. Measuring and interpreting neuronal correlations. Nature Neuroscience 14, 811-819 (2011).

jn.01266.2007 (2008).

Hofmann, V. & Chacron, M. J. Differential receptive field organizations give rise to nearly identical neural correlations across three
parallel sensory maps in weakly electric fish. PLoS Comput Biol 13, 1005716, https://doi.org/10.1371/journal.pcbi.1005716 (2017).
Hofmann, V. & Chacron, M. J. Population Coding and Correlated Variability in Electrosensory Pathways. Front Integr Neurosci 12,
56, https://doi.org/10.3389/fnint.2018.00056 (2018).

Mareschal, I. & Baker, C. L. Jr. Cortical processing of second-order motion. Visual neuroscience 16, 527-540 (1999).

Carriot, J., Jamali, M., Cullen, K. E. & Chacron, M. ]. Envelope statistics of self-motion signals experienced by human subjects during
everyday activities: Implications for vestibular processing. PLoS One 12, 0178664, https://doi.org/10.1371/journal.pone.0178664
(2017).

Shannon, R. V., Zeng, E. G. & Wygonski, J. Speech recognition with altered spectral distribution of envelope cues. ] Acoust Soc Am
104, 2467-2476 (1998).

Chang, A. E. B., Vaughan, A. G. & Wilson, R. I. A Mechanosensory Circuit that Mixes Opponent Channels to Produce Selectivity
for Complex Stimulus Features. Neuron 92, 888-901 (2016).

Attias, H. & Schreiner, C. E. Low-order temporal statistics of natural sounds. Advances in Neural Information Processing Systems 9,
27-33(1997).

Theunissen, F. E. & Elie, J. E. Neural processing of natural sounds. Nat Rev Neurosci 15, 355-366, https://doi.org/10.1038/nrn3731
(2014).

Mante, V., Frazor, R. A., Bonin, V., Geisler, W. S. & Carandini, M. Independence of luminance and contrast in natural scenes and in
the early visual system. Nat Neurosci 8, 1690-1697, https://doi.org/10.1038/nn1556 (2005).

Carriot, J., Jamali, M., Chacron, M. ]. & Cullen, K. E. The statistics of the vestibular input experienced during natural self-motion
differ between rodents and primates. J Physiol 595, 27512766, https://doi.org/10.1113/JP273734 (2017).

Gjorgjieva, J., Sompolinsky, H. & Meister, M. Benefits of pathway splitting in sensory coding. J Neurosci 34, 12127-12144, https://
doi.org/10.1523/J]NEUROSCI.1032-14.2014 (2014).

Wassle, H., Boycott, B. B. & Illing, R. B. Morphology and mosaic of on- and off-beta cells in the cat retina and some functional
considerations. Proceedings of the Royal Society of London. Series B, Biological sciences 212, 177-195 (1981).

Wassle, H., Peichl, L. & Boycott, B. B. Morphology and topography of on- and off-alpha cells in the cat retina. Proceedings of the
Royal Society of London. Series B, Biological sciences 212, 157-175 (1981).

Joesch, M., Schnell, B., Raghu, S. V., Reiff, D. F. & Borst, A. ON and OFF pathways in Drosophila motion vision. Nature 468,
300-304, https://doi.org/10.1038/nature09545 (2010).

Chalasani, S. H. et al. Dissecting a circuit for olfactory behaviour in Caenorhabditis elegans. Nature 450, 6370, https://doi.
org/10.1038/nature06292 (2007).

Gallio, M., Ofstad, T. A., Macpherson, L. J., Wang, J. W. & Zuker, C. S. The coding of temperature in the Drosophila brain. Cell 144,
614-624, https://doi.org/10.1016/j.cell.2011.01.028 (2011).

He, J. On and off pathways segregated at the auditory thalamus of the guinea pig. J Neurosci 21, 8672-8679 (2001).

reference to vestibular nystagmus]. Arch Psychiatr Nervenkr Z Gesamte Neurol Psychiatr 198, 225-252 (1958).

Schiller, P. H., Sandell, J. H. & Maunsell, J. H. Functions of the ON and OFF channels of the visual system. Nature 322, 824-825,
https://doi.org/10.1038/322824a0 (1986).

Westheimer, G. The ON-OFF dichotomy in visual processing: from receptors to perception. Prog Retin Eye Res 26, 636-648, https://
doi.org/10.1016/j.preteyeres.2007.07.003 (2007).

Dai, J. & Wang, Y. Representation of surface luminance and contrast in primary visual cortex. Cereb Cortex 22, 776-787, https://doi.
org/10.1093/cercor/bhr133 (2012).

Zhou, Y. & Wang, X. Cortical processing of dynamic sound envelope transitions. ] Neurosci 30, 16741-16754, https://doi.
org/10.1523/J]NEUROSCI.2016-10.2010 (2010).

Hitschfeld, E. M., Stamper, S. A., Vonderschen, K., Fortune, E. S. & Chacron, M. J. Effects of restraint and immobilization on
electrosensory behaviors of weakly electric fish. ILAR journal / National Research Council, Institute of Laboratory Animal Resources
50, 361-372 (2009).

Shumway, C. Multiple electrosensory maps in the medulla of weakly electric Gymnotiform fish. I. Physiological differences. J
Neurosci 9, 4388-4399 (1989).

Maler, L. Receptive field organization across multiple electrosensory maps. I. Columnar organization and estimation of receptive
field size. ] Comp Neurol 516, 376-393, https://doi.org/10.1002/cne.22124 (2009).

SCIENTIFIC REPORTS |

(2020) 10:10194 | https://doi.org/10.1038/s41598-020-67258-1


https://doi.org/10.1038/s41598-020-67258-1
https://doi.org/10.1523/JNEUROSCI.4988-13.2014
https://doi.org/10.1371/journal.pcbi.1003180
https://doi.org/10.1016/j.cub.2017.03.068
https://doi.org/10.1016/j.cub.2017.03.068
https://doi.org/10.1016/j.neuron.2015.12.037
https://doi.org/10.1016/j.neuron.2015.12.037
https://doi.org/10.1126/science.1179867
https://doi.org/10.1126/science.1179867
https://doi.org/10.1016/j.neuron.2015.11.019
https://doi.org/10.1038/s41467-017-01030-4
https://doi.org/10.1152/jn.01266.2007
https://doi.org/10.1152/jn.01266.2007
https://doi.org/10.1371/journal.pcbi.1005716
https://doi.org/10.3389/fnint.2018.00056
https://doi.org/10.1371/journal.pone.0178664
https://doi.org/10.1038/nrn3731
https://doi.org/10.1038/nn1556
https://doi.org/10.1113/JP273734
https://doi.org/10.1523/JNEUROSCI.1032-14.2014
https://doi.org/10.1523/JNEUROSCI.1032-14.2014
https://doi.org/10.1038/nature09545
https://doi.org/10.1038/nature06292
https://doi.org/10.1038/nature06292
https://doi.org/10.1016/j.cell.2011.01.028
https://doi.org/10.1038/322824a0
https://doi.org/10.1016/j.preteyeres.2007.07.003
https://doi.org/10.1016/j.preteyeres.2007.07.003
https://doi.org/10.1093/cercor/bhr133
https://doi.org/10.1093/cercor/bhr133
https://doi.org/10.1523/JNEUROSCI.2016-10.2010
https://doi.org/10.1523/JNEUROSCI.2016-10.2010
https://doi.org/10.1002/cne.22124

www.nature.com/scientificreports/

89. Krahe, R., Bastian, J. & Chacron, M. J. Temporal processing across multiple topographic maps in the electrosensory system. J
Neurophysiol 100, 852-867, https://doi.org/10.1152/jn.90300.2008 (2008).

90. Bastian, J., Chacron, M. J. & Maler, L. Receptive field organization determines pyramidal cell stimulus-encoding capability and
spatial stimulus selectivity. ] Neurosci 22, 4577-4590, 20026423 (2002).

91. Thomas, R. A., Metzen, M. G. & Chacron, M. ]. WeaKkly electric fish distinguish between envelope stimuli arising from different
behavioral contexts. ] Exp Biol 221, jeb178244, https://doi.org/10.1242/jeb.178244 (2018).

92. Mardia, K. V. & Jupp, P. E. Directional Statistics. (Wiley, 1999).

Acknowledgements

This research was supported by the Deutsche Forschungsgemeinschaft DFG (VH; HO5912/1-1) and the Canadian
Institutes of Health Research (MJC). The funders had no role in the study design, data collection and analysis,
decision to publish or preparation of the manuscript. Data analysis was carried out in parts using computing
resources of Calcul Québec (www.calculquebec.ca/en) and Compute Canada (www.computecanada.ca).

Author contributions

Conceptualization: V.H. & M.].C.; Data curation: V.H.; Formal analysis: V.H,; Funding acquisition: V.H. & M.].C;
Investigation: V.H.; Methodology: V.H. & M.].C.; Project administration: V.H.; Resources: M.].C.; Software:
V.H. & M.J.C.; Supervision: M.J.C.; Validation: V.H. & M.]J.C.; Visualization: V.H.; Writing - original draft: V.H.;
Writing review & editing: V.H. & M.J.C.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-67258-1.

Correspondence and requests for materials should be addressed to M.]J.C.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

o | icense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFIC REPORTS |

(2020) 10:10194 | https://doi.org/10.1038/s41598-020-67258-1


https://doi.org/10.1038/s41598-020-67258-1
https://doi.org/10.1152/jn.90300.2008
https://doi.org/10.1242/jeb.178244
http://www.calculquebec.ca/en
http://www.computecanada.ca
https://doi.org/10.1038/s41598-020-67258-1
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Neuronal On- and Off-type heterogeneities improve population coding of envelope signals in the presence of stimulus-induced ...
	Results

	On- and Off-type pyramidal neuron responses are out of phase with respect to the noise, but in phase with respect to the si ...
	Effects of neural heterogeneities on signal and noise response similarity. 
	Heterogeneities increase signal information transmission by neural populations. 

	Discussion

	Impact of neural heterogeneities on population coding of behaviorally relevant electrosensory stimuli. 
	Implications for other systems. 

	Material & Methods

	Animals. 
	Experimental Design and recording. 
	Data Analysis. 
	Statistical Analysis. 

	Acknowledgements

	Figure 1 Experimental setup and behavioral responses to electrosensory stimulation.
	Figure 2 On- and Off-type pyramidal neuron responses to the noise are more heterogeneous than those to the signal.
	Figure 3 Computing signal and noise response similarity for ELL pyramidal neuron pairs.
	Figure 4 The relationship between signal and noise response similarity depends on cell type.
	Figure 5 The relationship between signal and noise response similarity did not differ when computed from neuron pairs whose activities were recorded either simultaneously or non-simultaneously.
	Figure 6 The relationship between signal and noise response similarity was robust to changes in the time window length.
	Figure 7 Population coding by ELL pyramidal neuron populations.
	Figure 8 Effects of noise response similarity on information transmission.




