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Fast burst fraction transients
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independent of the firing rate
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Abstract

Theories of attention and learning have hypothesized a central role for high-frequency
bursting in cognitive functions, but experimental reports of burst-mediated representations
in vivo have been limited. Here we used a novel demultiplexing approach by considering a
conjunctive burst code. We studied this code in vivo while animals learned to report direct
electrical stimulation of the somatosensory cortex and found two acquired yet independent
representations. One code, the event rate, showed a sparse and succint stiumulus
representation and a small modulation upon detection errors. The other code, the burst
fraction, correlated more globally with stimulation and more promptly responded to
detection errors. Bursting modulation was potent and its time course evolved, even in cells
that were considered unresponsive based on the firing rate. During the later stages of
training, this modulation in bursting happened earlier, gradually aligning temporally with
the representation in event rate. The alignment of bursting and event rate modulation
sharpened the firing rate response, and was strongly associated behavioral accuracy. Thus a
fine-grained separation of spike timing patterns reveals two signals that accompany stimulus
representations: an error signal that can be essential to guide learning and a sharpening
signal that could implement attention mechanisms.
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eLife assessment

This valuable study provides evidence that during learning of a simple detection
task, the change in the rate of spike bursts is a signal that is distinct from the change
in firing rate, and suggests that the change in bursting is more correlated with
learning than other measures of change in activity. However, the evidence for the
claim that bursting contributes to learning and attention is currently incomplete,
because the authors did not take into account the potentially differential effects of
learning-related changes in movement on bursting compared to non-burst spike
events, and there is no meaningful way to measure attention in their task. Also, the
study used an artificial microstimulation as the stimulus, which limits the
generalization of these results to normal sensory-motor learning.

https://doi.org/10.7554/eLife.98290.1.sa3

Introduction

Optimizing behaviour hinges heavily on adapting internal representations (1%, 2(#). Accordingly,

and two salient attributes have been identified. Firstly, there is functional reorganization, whereby
training is associated with an increase in the number of task-related neurons (8 @, 9 2). Secondly,

changes in representations are thought to be mediated by a combination of synaptic plasticity
(11 @), re-structuring local excitation and inhibition (12 @), and signals feeding back from other

Theory has hypothesized that two signals accompany these changes in representations. One is a
learning signal, a communication that enables efficient coordination of plasticity (14 -167). The

second is a sharpening signal, hypothesized to mediate the sharper responses observed under top-
down attention (10, 17 2). In search for evidence of such signals, we consider that both

but a reliance on time-averaging prevented investigators to resolve a precise temporal structure.
Observing the time course of burst codes is crucial to understanding the interplay between the
changes in representations through learning and the occurrence of both learning and sharpening
signals.

Here we study the neuronal representations while animals learn to detect an exogenous stimulus:
direct electrical micro-ampere stimulation (microstimulation). We have analyzed trial-averaged
single-neuron responses to microstimulation so as to obtain a time-resolved picture of bursting
modulation (29 ). Rates of different spike timing patterns were tracked, namely the firing rate,
event rate and burst fraction. In general, we found that the timecourse of burst fraction was
independent of that of firing rate or event rate. Training had the effect of increasing the number of
cells that are responding with an elevated event rate and, in a larger, independent and

overlapping group, increased the number of cells responding with increased burst fraction.
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Concomitantly, we found a delayed errorassociated signal that is characterized by an elevated
burst fraction. In trained animals, we found that the dynamics of burst fraction responses shifted
to earlier times, gradually aligning with the more stable event rate representation. The gradual
alignment of burst modulation with the event rate representation sharpened the firing rate
representation. Accordingly, the animals’ accuracy was strongly correlated with the early
component of the burst fraction. Thus, a burst fraction code resolves error and sharpening signals,
highlighting the importance of burst coding for theories of attention and learning.

Results

We have analyzed juxta-cellular recordings in primary somatosensory cortex (S1) next to a
random intervals and were rewarded if they licked within 1.2 s of stimulation (Fig. 1A 2). Any
licking after this response window was not rewarded. Juxta-cellular recordings were performed,
whereby stereotaxis and spike shape were utilized to help target L5 excitatory cells. We studied
the activity of cells in naive animals who have never been exposed to the microstimulation nor its
assocation with a reward, and in trained animals that have undergone 1-2 days of training before
electrophysiological recording. The same animals returned to the task on multiple subsequent
days while their accuracy continued to improve (Fig. 1B(®).

These recordings allowed us to unambiguously extract single-neuron responses, except during
microstimulation delivery where a stimulus artefact was preponderant. We could unambiguously
identify bursts of action potentials (Fig 1C @) without confounds induced by spike sorting
algorithms (36 ). Inspired by how synaptic dynamics may read temporal codes 292, 37 %), we
studied burst codes by focusing on trial-averages of different spike timing patterns (Fig 1D &2):
firing rates (FRs) are computed by trial-averages of any spikes, burst rates (BR) are computed by
trial averages of bursts, event rates (ERs) are computed by trialaverages of singlets and bursts (i.e.
without spikes within a burst). The burst fraction (BF) is computed by dividing the burst rate by
the event rate. We focused on ER and BF because they are expected to be modulated
independently when bursting arises predominantly from a conjunction of independent signals
62, 29C2).

To separate the direct effect of stimulation from its learned representation, we first compared
responses in naive animals with those in trained animals (Fig. 1 ®). Since electric fields fall as a
power law of distance to the stimulating electrode (38 (@), the strength of stimulation is expected
to be small at the location of the recording electrode more than 10 um away. Consistently, neither
the average firing rate nor the average burst fraction could reveal a correlate of microstimulation
in naive animals (Fig. 1E®). In trained animals, the microstimulation caused a decrease of the
average firing rate (Fig. 1E-F @2). This net stimulus-inducced reduction in firing rate does not arise
from a global reduction in firing after the microstimulation, as trained animals displayed a class of
cells responding with increases in firing rate (FR-ON cells, Fig. 1H2). The fraction of FR-ON cells
in trained animals, although small, was significantly larger than in naive animals (FR-ON cells, Fig.
1I1(@). These observations recapitulate those of functional reorganization in other animals (8 (3,

Both the burst fraction and the average number of spikes per bursts increased after training (Fig.
1E-G (@), consistent with previous reports of perceptual learning in auditory cortex (33(2).
Training also increased the fraction of neurons responding with an increase in BF, such that these
BF-ON cells (Fig. 1H @) were considerably more frequent than FRON cells (P <.001, proportion z-
test) and more frequent than BF-ON cells in the naive state (P <.001, proportion z-test; Fig. 11Z2).
Thus the functional reorganization that is required to bring about the perception of this

exogenous stimulus is accompanied with and increase in bursting.
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Fig. 1.

Learning to detect direct electrical microstimulation is associated with the appearance of cells responding with changes with
firing rate and cells responding with burst fraction. A Schematic of the experimental setup. B Progression of average
response accuracy through training days, averaged across individual animals. Training lasted 1 to 2 days depending on the
animal. After training, Pearson correlation of accuracy vs days after training was 0.86 (P =.085, bootstrap test). C Schematic of
the separation of spike trains into trains of bursts and events based on an interspike interval (ISI) threshold. D Schematic of
the calculation of burst fraction from the trial averaged burst and event rates. E Trial-averaged firing rate (black) and burst
fraction (red) averaged across all cells recorded in the naive (top) or trained (bottom) condition. F Total response relative to
the baseline FR (left) and BF (right) for naive (N) and trained (T) conditions. G Histogram of the number of action potentials
per bursts in naive (black) and trained (purple) condition. Inset shows the average burst length for naive and trained
condition (P =.001, rank sum test). H Flowchart for the classification of cells according to responses in either FR or BF. Cells
showing a significant response in FR are FR-ON cells and cells showing a significant response in BF are BF-ON cells. I Pie chart
of cell response class in trained animals. J The fraction of FR-ON cells (left) and BF-ON cells (right) in naive (N, black bar) and
trained (T, purple bar) conditions (FR-ON P =.011, BF-ON P =.002; proportion z-test). Shaded area along lines in E represents +
1 s.e.m. Response to both hits and miss trials are pooled.
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We then asked if BF contained the same information as the FR. The response time-course of single-
unit exemplars suggested an independence of FR and BF: while some cells showed a temporally
correlated response in FR and BF (Fig. S3), many cells showed non-correlated yet potent responses
that were characterized by either a peak time mismatch (Fig. 2(2), a decreasing FR with
increasing BF or a decreasing FR with constant BF (Fig. S3). Ordering cells according to the FR
response (Fig. 2B %) and showing BF response with the same ordering, we observed that the
structure of FR response was not detectable in BF responses (compare Fig. 2B(Z and C(#). The
same holds for comparing ER (Fig. S2) with BF, again suggesting an independence of the
representations. Consistently, the time-averaged response magnitude in ER and BF were not
correlated across the whole population (Fig. 2D ). The firing rate showed a small but significant
anti-correlation between FR and BF. These observations are consistent with ER and BF carrying
independent signals.

A widespread abstraction of single-unit response is the inhomogeneous Poisson model, whereby
firing is random under specific time-dependent firing rate. This model randomly produces spikes
at high frequencies, but the likelihood of these bursts follows the time-dependent fluctuations of
the firing rate. To test whether this model can explain the response statistics we observed, we
focused on BF-ON cells. Pooling all BF-ON cells revealed a threefold increase of the BF occurring
within the 200 ms of stimulation. This fast response relaxed slowly on the time scale of multiple
seconds (Fig. 2E @ ). A Poisson model matching the observed FR of each BF-ON cell (Fig. 2F @)
could not capture these large changes in BF, further indicating that fast burst fraction transients
carry information independent of the firing rate. To further test if an inhomogeneous Poisson
model combined with possible artefacts arising from performing a selection of responsive cells on
rate statistics made of a finite number of trials, we repeated all the data analysis steps on
surrogate data generated with a Poisson model that matched the observed firing rates and trial
structure (a form of parametric bootstrap, Fig. 2G @). In this model and unlike in the real data,
only FR-ON cells were selected as BF-ON cells. Accordingly, the model could not account for the
long lasting BF increase nor for how widespread BF-ON cells are in the population. Overall, the
Poisson model could not account for the independent modulation of BF and FR (black and red
curves follow the same time course in Fig. 2F-G(@). Thus, these observations extend previous
reports of FR-independent changes of bursting in monkeys (27 %, 31 (2, 39#) and in rodents (5,

show reliable changes within 200 ms.

Theoretical studies have demonstrated that providing neural networks with the ability to
independently process sensory information and error signals enables efficient coordination of
synaptic plasticity. Specifically, it is the event rate that has been hypothesized to mediate sensory
information while the burst fraction was hypothesized to represent error-related signals (152,

trained animals. We compared BF, ER and FR in trials where the animal failed to lick in the
response window (misses) with trials when the animal was rewarded (hits). While behavioral
report of perception is associated with higher levels of activity in higher-order cortex, this is
typically not the case for primary cortices (412 -43 ). If a signal is to tell the primary cortex that
the current representation gave rise to an erroneous response, it could only come after the time of
the perception and the expected time of the response. We thus expected a representation of errors
coming after the end of the response window. In some cells (Fig. 3A ), we observed increased
bursting in misses that occurred late in the trial and was not accompanied with a discernible
modulation of the ER. Across all cells, we found that misses were associated with an increase in BF
(Fig. 3B®) appearing 400 ms after the end of the response window. This error signal was also
apparent in the ER and FR, but became significant only later. The timing of these error signals did
not match any increase in lick rate (Fig. 3C2). Neither licking nor reward were associated with
these responses, as seen from catch trials when the stimulation was omitted and when licking was
not rewarded (Fig. 3D (@). Together, we found a delayed representation of error that appeared
first in BF but was also detectable in ER and FR.
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Fig. 2.

Burst fraction reveals information independent from that in the event rate. A For an exemplar cell, the raster of spikes (top,
black dots) and first spike in a burst (orange dots) is shown (top). The trial-averaged firing rate (FR, black line), event rate (ER,
blue line) and burst fraction (BF, red line, right axis) are shown as a function of time from stimulation (bottom). B Heat map
of the trial-averaged firing rate response to microstimulation (z-scored) ordered with most firing cells on top. C Heat map of
the trial-averaged burst fraction (z-scored) keeping the ordering used in B. D Scatter plot of post-stimulus z-score of FR
against BF and ER against BF. E Average FR and BF of all BF-ON cells (n =70 out of 153). F A Poisson model matching the firing
rate of each BF-ON cell recovers the ensemble FR but not the ensemble BF. G Average BF-ON cell response from BF-ON cells
(n =13 out of 279) found by searching through a surrogate Poisson population matching the FR of each cell in the experiment.
Shaded area along lines represents + 1 s.e.m. Response to both hits and miss trials are pooled.
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Fig. 3.

Delayed representation of errors in S1. A Raster plot for an exemplar cells (top) separating Hits (right) from misses (left).
Bottom panels shows associated trialaveraged firing rate (FR, black lines), event rate (ER, blue lines) and burst fraction (BF,
red lines, right axis). B Population averaged burst fraction (top), event rate (middle) and firing rate (bottom) for hits (full
lines) and misses (dashed lines). The black bar indicates the time bins for which a significant difference was observed (P < .05,
corrected for multiple comparison at every time bin). The vertical dotted line indicates the end of the response window. C
Trial and population averaged lick rates for hits (full line) and misses (dashed line). D Population averaged firing rate (black)
and burst fraction (red, right axis) for catch trials (no stimulation, but rewards are given on licks) separating hits (full lines)
from misses (dashed lines). Shaded area along lines represents + 1 s.e.m.
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In both hits and miss, changes in firing was apparent during the response window. We then
focused on hits only, and investigated whether the representations remained stable after the
initial 1-2 days of training period. After training, the animals that repeated the task on different
days upheld a high accuracy with a non-significant tendency to increase with further days of
training (Fig. 2A(2). Separating the data across later training days, we found that the fraction of
FR-ON cells did not show a significant correlation with training days (Spearman correlation p =
0.2, P =.74) nor accuracy (p = -0.1, P =.87), countering the hypothesis that functional reorganization
continued at this stage. Turning to the BF representation, we found a similar invariance of the
fraction of cells with a significant increase in BF (against days p = 0.67, P =.22, against accuracy p =
0.81, P =.089). Functional reorganization has thus taken place during the first 1-2 days of training
and was not noticeable at upon further training.

While the fraction of responsive cells remained constant, it was possible that the amplitude and
timing of the response kept evolving. Visual inspection of the responses of all cells suggested a
consistent change in the timing of BF response, and a consistent change in the amplitude of the FR
responses (Fig. S4). Focusing on cells not showing a firing rate response (FR-NR cells), we found
that-even in these cells-the significant BF responses appeared to shift to earlier times as training
progressed (Fig. 4A ). To quantify the timing changes in either FR, ER or BF, we calculated the
responses’ moments (see Methods). We found that the BF moment showed a strong and consistent
shift to earlier times on training days when the animals were more accurate (Fig. 4B ). Similarly,
the FR showed a negative correlation between moment and training days. The same effect,
however, was not detectable from the ER. Since the FR (and ER) responses in those cells were
always small, it suggests that the timing shift of BF occurs independently of the changes in FR. The
shift in BF timing was also significant when considering the whole population (Pearson
correlation between BF moment and training days -1.0, P < 0.001). During later training, then, it is
mainly the timing of bursting modulation which evolved.

If the burst modulation of all cells gradually shifts to enter the response window, then this would
generate more bursts in cells that were already firing more events while altering minimally the
firing rate of the other cells. Such a mechanism can sharpen the selectivity by increasing the
response mainly of the cells that were selectively responding to the stimulus and thus made the FR
representation more salient (Fig. 4C 2). To illustrate this, we have separated the responses of FR-
ON cells across training days. These cells showed very stable responses in ER (Fig. 4 @). In
addition, these cells had more salient BF responses on days when the animals were more accurate
(Fig. 4E@). This increased BF multiplies the ER to generate much increased FR responses (Fig.

4F 3), consistent with previous reports in rodent V1 (122, 44 2). Thus the sharpening of the
selectivity occurred as the timing of burst modulation came for all cells, enhancing the response
specifically of responsive cells.

Discussion

It has long been hypothesized that the distribution of interspike intervals may encode information
independent from the FR (45 (©2-48 (%), but to read out this information researchers required long

smooth yet at times quickly changing response that is independent of the firing rate. Such
reproducible changes in the burstiness have been shown to arise in computational models that
provide independent inputs to the apical dendrites (152, 29(%, 492 ?), a picture that is

fraction responses we observed were, however, generally noisier than firing rate responses.
Although this may reflect an unavoidable limitation of this neural code, ameliorating the decoding
methodologies will certainly improve decoding precision. Some methods have been proposed to
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The gradual temporal alignment of a global burst fraction modulation with the focal increase in event rate correlates with
behavioral accuracy. A Trial- and population-averaged burst fraction and firing rate for FR-NR cells for hits only, separating
recordings into subsequent days of recording and training. B The firing moment (see Methods) is shown as a function of
training days for FR (left), BF (middle) and ER (right), for FR-NR cells. The line indicates a significant correlation (Pearson
correlation -0.75 (P =.12), -0.99, (P <.0001), -0.9 (P =.042; bootstrap test), respectively). C Schematic: representations progress
in later training days mainly by having an earlier modulation of burst fraction. D-F Trial- and population-averaged event rate
(D), burst fraction (E) and firing rate (F) for FR-ON cells relative to baseline and separated according to training days (legend
in panel A). Inset shows relationship between representation in the response period and training days (Pearson correlation
-0.59 (P =.23), 0.83 (P =.84), 0.67 (P = .23) for ER, BF and FR, respectively). E, right Shows relationship between burst fraction
relative to baseline and accuracy. Pearson correlation was significant for the response period (0.89, P =.042, bootstrap test). F,
right Shows relationship between firing rate relative to baseline and accuracy. Pearson correlation was not significant (0.87, P
=.050, bootstrap test). Responses are for hit trials only.
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(e.g. interval threshold for burst detection). Alternatively, it may be possible to include models of
synaptic dynamics in a decoder (293, 37 2, 53 3). Furthermore, replacing ensemble averages by

decoding precision and allow to leverage representation via burst fraction for the decoding of
single trials (55%) or for establishing communication subspaces (56 5).

Understanding how the brain learns requires us to establish the precise nature of learning signals
and their communication (14 ). It was hypothesized that changes in BF are well suited for the

Previous studies have shown that error or reward signals are detectable from field or multi-unit
recordings in frontal and sensory cortices (57 %, 58 (2 ) with a delay ranging from 100 to 500 ms.
We found that the primary sensory cortex represented errors 400 ms after the response window
and 1.6 s after the onset of the stimulus. Thus, for these error signals to act on synaptic plasticity, it
requires eligibility trace that are of the order of one second (6 (4, 59(%).

The sharpening of a representation is thought to relate to the difference between responsive and
non-responsive cells. During the first stage of learning, a fraction of cells became responsive, but
the maximum firing rate of these cells remained small. It was during the second stage of learning
that the representation became more salient, increasing the firing rate of responsive cells without
changing the firing rate of non-responsive cells. This late stage sharpening of the FR was not due to
an increased ER, but rather to an alignment of the burst modulation to the increase in ER. Thus,
late-stage learning allowed a temporal alignment of the BF increase with the representation
learned in the first stage. Our findings thus implicate BF with both error and sharpening-related
information. Correspondingly, top-down modulation is known alter representations with temporal
precision (602, 61 %) and to regulate plasticity (34 (2). Despite the fact that we could not identify
the source of the burst modulation, the alignment of BF and ER representation could underlie the
construction of ‘vertical assemblies’ (47(2), that is, burst firing cells arising from the convergence
of sensory feedforward and ‘searchlight’ feedback information. Such findings will animate future
theoretical work at the intersection between predictive, learning and attention algorithms for

adapting representations (152, 164, 62(%).

Methods

Experimental methods

River) were housed in reverse 12h light/dark cycle andthe .&f)eriments were performed during
the animal’s night cycle. Experimental procedures were conducted following the guidelines of the
Landesamt fiir Gesundheit und Soziales Berlin.

Before starting head restraint habituation, a metal bolt was implanted on the skull of the animal
under ketamine/xylazine anesthesia (100 mg kg ~ 1 /5 mg kg ~ ). After removing the scalp and
periosteum, a thin layer of light-cured adhesive was applied (Optibond, Kerr and Charisma,
Kulzer). The head post was glued to the left side of the skull using dental cement (Paladur, Heraeus
Kulzer). At least 3 days after the head-post implant, head restraint habituation began. The animals
were habituated for 5 min on the first day, and for longer periods the following days until the
animal could sit calmly for one hour. Water restriction was established after the second day of
habituation (1 mL/day). The animals were then trained to obtain saccharin water (0.1%; Sigma-
Aldrich) from the lick port. The weight and general health of the animals was monitored every
day. Typical habituation time was 5 days. Craniotomy was performed two days before
microstimulation training. A 1.5 mm x 1.5 mm hole was made on the right barrel cortex centered
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at AP 2.5 mm, ML 5.5 mm from the bregma and a recording chamber was implanted for chronic
access. The dura was left intact and the craniotomy was covered with silicon (Kwik-Cast, World
Precision Instruments).

Animals were trained to respond to a 200 ms train of microstimulation pulses applied with
tungsten microelectrodes (Microprobes) 1500 um deep in barrel cortex. Stimulation times were
random with a refractory period of 1.7 s, corresponding to an exponential inter-trial interval
distribution with an average of 17 s. Initial intensity was 160 uA and for the first day, this
stimulation was paired with water reward (pairing period). These inter trial statistics were such
that only a very small fraction of trials were initiated during the time of the error signal (0.5% of
trial had an inter trial interval between 1.7 and 2.1 s). Testing was begun after five pairings. At this
stage, animals were only rewarded if they licked within 100 to 1200 ms of the start of the stimulus.
Tongue licks were detected using a beam breaker. Licks in the inter-trial intervals were mildly
punished by adding 1.5 s to the next stimulus. Once the animals reached 80 % hit rate, the pulse
intensity was gradually reduced down to a minimal intensity of 5 yA.

After head-restraint habituation for the naive animals, or after head-restraint habituation and
training for the trained animals, juxta-cellular recordings were performed from deep layer
neurons in S1. Animals were awake and behaving during the recordings. Glass pipettes (4-8 MO)
were filled with extracellular solution containing 135 mM NacCl, 5.4 mM KCl, 1.0 mM MgCl,,1.8 mM
CaCl,, and 5 mM HEPES (7.2 pH). Juxta-cellular signals were amplified and low-pass filtered at 3
kHz with a patch-clamp amplifier (NPI) and sampled at 25 kHz by a Power 1401 data acquisition
interface which was itself controlled by Spike2 software (CED).

Data analysis methods

Recorded neurons were separated into putative fast-spiking (FS) interneurons and regular spiking
(RS) pyramidal neurons based on the spike halfwidth and firing rate. Cells with spike half-width of
less than 0.5 ms and firing rate higher than 8 Hz were classified as FS. Only RS were used in this
study. Also, only cells responding that could be tracked for at least 40 repetitions were included.

Spike trains were parsed in two types of events: isolated spikes preceded and followed by
interspike interval larger than 15 ms, and bursts preceded with an interval larger than but
followed by one or multiple intervals smaller than 15 ms. Trial-averaging of all spikes was perform
to yield FRs. Trial averaging of singlets gave singlet rate (SR) and trial averaging of burst gave the
burst rate (BR). We defined the event rate as ER = SR+BR and the burst fraction as BR/ER ((293%)).
All trial averaging were calculated based on bins of 100 ms centred on the time of the stimulation.
Bins were non overlapping and no smoothing was performed in order to preserve the
independence of each trial averaged measure. For bins with an event rate of zero, the burst
fraction is undefined and this bin is excluded from the following population- or time-averages. It is
possible to replace bins were ER is zero by smoothed version of the ER, but we did not do so here
in order to ensure statistical independence of each time bin. The 1 s period before stimulation was
used to calculate the stationary BF, ER and FR (BF(, ERj and FRy, respectively) as well as their
standard deviation (o g, 0gg and opg)which were used to calculate the z-scores (

(e.g., z5r = (BF — BFg)vT/opr, Where T is the number of time bins in the temporal average BF taken
after stimulation). Classification of FR-ON and BF-ON cells was based on a z-score threshold of 3
(corresponding to P =0.001 for a two-tailed test z-test) for response to hit trials during the period
0.2 to 2.2 s poststimulus.

For Fig. 2F 2, an inhomogeneous Poisson model was simulated for each BF-ON cell with intensity
matching the trialaveraged FR in bins of 100 ms. A FR of 0 was artificially imposed during the
microstimulation. The average trialaverage FR and BF of the Poisson model was then contrasted
with observed quantities. For Fig. 2G 2, an inhomogeneous Poisson model was simulated for each
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cell in the experiment, with intensity matching the trial-averaged FR and number of trials
matching those of experiments. We then searched for BF-ON cells in the simulated response and
averaged the FR and BF of these cells.

Moment was calculated according to the formula Zj‘i 0 JAL(r(jAL) —10)?/ Z?:a (r(jAt) —rg)?

where r is the BF for the BF moment, and r is the FR for the FR moment. The integration limit M
was fixed to 2.0s post stimulus ((a, b)= (25, 20 %), A.t = 100 ms).

Bootstrapped estimates of the p-value of correlations was performed by first computing the
correlation of the data. We then shuffled the allocation between recorded cell and recorded day
and repeated the calculation of the correlation. We repeated the shuffling 50000 times in order to
build the null probability distribution. The p-value was calculated by taking the sum of the
probability distribution associated with a correlation whose absolute value is greater than the
observed correlation (two-sided test).
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Reviewer #1 (Public Review):
Summary:

In this paper, the authors' study aimed to test existing theories on the role of bursting in
learning and attention. They find evidence for both. It is not clear how these two can be
reconciled, but this is one of the first studies to explicitly test recent theories of spike
multiplexing in the brain. This will pave the way for future investigations, both experimental
and theoretical.

Strengths:

(1) A key strength of this study is the fact that it aims to test existing theories of spike
multiplexing, finding support for both attention-like and learning-like signals.

(2) The task setup is of particular interest to brain-machine interfaces, and how such setups
trigger learning and attention mechanismes.

Weaknesses:

(1) The fact that the teaching signal is an (artificial) stimulation of the primary sensory cortex,
makes it unclear how applicable are these results to a more general understanding of
learning and attention in the brain.

(2) It would have been useful to more directly compare the results obtained here with
existing burst-dependent computational models of learning and attention. This is particularly
important since there appears to be an interaction between learning and sharpening signals.

(3) There are inherent limitations in our current ability to read out bursting and non-bursting
signals, this is a brave first attempt, but at this point, it is unclear how can one robustly read
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out this information from noisy data.

https://doi.org/10.7554/eLife.98290.1.sa2

Reviewer #2 (Public Review):

Naud et al investigate whether single spikes and bursts encode different information in
behavior. To do this, they reanalyze juxtasomal recordings of deep-layer cortical neurons
from behaving rats collected in two previous studies by Doron et al. Rats were trained (in a
Go-NoGo design) to lick a spout for a water reward in response to electrical microstimulation
of the primary somatosensory cortex, which rats quickly learn to do in a single day.
Juxtasomal recordings near the site of micro stimuli are then divided up into single spikes
("events") versus high-frequency bursts ("bursts"). Training results in the appearance of
bursts, which do not seem to correlate with the rate of events, suggesting that bursts and
events carry different information. While the fraction of bursts is elevated during Hit trials,
errors appear to uniquely trigger additional bursts. The distribution of burst times appears to
shift from long after the stimulus (early in training) to shortly after the stimulus (later in
training). Bursts of layer 5 pyramidal neurons in particular are associated with apical tuft
activity that could enhance plasticity. The observed increased bursting is therefore suggestive
of a potential mechanism by which errors engage plasticity.

This paper has substantial strengths: the experiments appear to be well performed, the
dataset is substantial, and the questions and phenomena are interesting.

The exclusion of fast-spike (inhibitory) data, which the experiments seem to have generated,
is a weakness as these data could have provided an important control. If the bursts here
reflect apical dendrite activity, the same phenomena might be absent in inhibitory cells as
they lack apical tufts.

Another weakness is the need to better control movement, which could be an alternative
explanation to the top-down modulation of apicals that the authors suspect. For example, the
bursts on error trials could be due to the animals moving more when an error occurs. Layer 5
of the somatosensory cortex has increased activity during whisking or body movements. If
the mouse fidgets out of frustration that the reward has not occurred or whisks more, bursts
are highly likely due to less exotic purely bottom-up inputs.

https://doi.org/10.7554/eLife.98290.1.sa1

Reviewer #3 (Public Review):
Summary:

The burst fraction neural code has conceptual interest but has been little examined in vivo.
This study examines and compares the burst fraction, the standard firing rate (firing rate)
code, and the related event fraction (event rate) code using published data from an
experiment where rats learned to lick after detecting electrical microstimulation in the
somatosensory (barrel) cortex. Analyzing single-neuron spiking responses, the study reports
that the burst fraction identifies more and different neurons showing the effects of training
than the firing rate. The study further claims that the burst fraction (1) most promptly
responded to false-negative detection errors, (2) during further training of trained animals
(from 80% to 90% accuracy, over five days), correlates with behavioral accuracy, and (3) by
shifting earlier to align with the (relatively constant) event rate modulation, leads to the
observed sharpened firing rate response during this further training. The study concludes
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that 'a fine-grained separation of spike timing patterns [into burst fraction, firing rate, and
event rate] reveals two signals," an error signal and a sharpening signal.

Strengths:

The burst fraction is shown to discern more (and somewhat different) cells showing
significant responses in trained animals and also to reveal a larger absolute difference in the
fraction of responsive cells between naive and trained animals. The Poisson model analysis
particularly convincingly shows that the firing rate alone cannot explain either the spiking
pattern or the prevalence of burst fraction-ON cells, thereby furnishing strong evidence that
the burst fraction conveys independent information from the firing rate. The demonstration
of error signals on miss trials in all three neural codes (burst fraction, firing rate, event rate)
is interesting. It is also interesting to see that neural responses broadly shift earlier for
animals even during further training in an already 'expert’ stage and that the burst fraction
correlates with further accuracy increases.

Weaknesses:

The evidence is inadequate for the burst fraction as responding more promptly to missed
trials.

This key claim seems to rest solely on the timing of the first bins in Figure 3B showing
statistically significant differences. This reasoning implicitly draws inferences from the lack
of statistical differences, which cannot support a positive claim in general. Specifically, here,
the burst fraction is calculated with a division, which can magnify small differences and
impact the power of statistical tests. If I trace back from the first bin showing significant
differences to the first bin the signal starts rising, the timing seems to be comparable for all
three neural codes (~1.6 s).

Pertinently, what is the statistical test used in Figure 3B? A parametric test may be
inappropriate for the burst fraction, a ratio that like does not fulfill the normality
assumption. An inappropriate test would compound the problem of concluding from the lack
of (early) significant differences.

The evidence that burst fraction is responsible for sharpening is opaque due to insufficient
statistical reporting. Specifically, it seems there is a correlation between firing rate and
accuracy that is reported as non-significant.

Changes in the reaction times (or other movement parameters) over-training may confound
the correlation of the burst fraction to the accuracy and firing rate sharpening during further
training. Lack of control for changes in movement over training weakens the results.

The claim of independence of burst fraction and event rate/firing rate information is too
strong. The authors show a significant negative correlation between burst fraction and firing
rate (2D).

The claim that there is no 'functional reorganization' beyond day two is too strong. Although
this claim is not a core one to the study, it derives from an absence of statistical significance,
especially problematic here as the effect sizes are large. For example, the Spearman
correlation is 0.67/0.87 for the analyses with burst fraction. With only five data points, even
strong effects may not achieve statistical significance, making negative conclusions
problematic. Further, how are the p-values calculated (if using a parametric test, are the
assumptions met), and why should these analyses use Spearman's correlation when
analogous analyses in Figure 4E, F use Pearson's r?

Does the burst fraction correlate with accuracy in cross-training?
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If the burst fraction correlates with accuracy, it should be expected to do so also when the
animals progress from the naive to the trained stage. Moreover, the correlation in Figure 4E
can benefit from strengthening as it is now supported by only five points, is driven by only
three 'clusters,’ and only represents a narrow range of accuracies. If the data is available for
this analysis, it should be done to test and potentially strengthen the main claim of the study.

The text and figures contain numerous ambiguities that need to be clarified. These do not
include obvious typos, only elements that affect conceptual understanding.

- Some key terms in the main claims are never defined. For example, in the title, it is unclear
what 'fast' and 'transients' mean. The abstract uses, but the main text never defines,
'demultiplexing,' 'a *conjunctive* burst code,’ 'sparse and succinct [sic],' and 'correlated more
*globally*'

- Some paper components are un(der)explained and, sometimes, apparently internally
inconsistent. For example, in Figure 11, the fraction of firing rate-ON cells does not look like
the 6% shown in Figure 1], left. In Figure 2E-G, what is the total cell number, 279, in Figure 2G
legend, why is it different from the 153 total cells in Figure 2E legend, and what is the n =5’
within Figure 2G? All n numbers should be explained in general; more examples include the
245 in Figure 3C and the 49 in Figure 3B. In Figure 3C, what is the top horizontal bar (I
assume significant differences)? About catch trials, the Figure 3D legend says rewards are
given on licks, but the text says licking was not rewarded; which is the case? Figure 4B legend
says 'firing rate (left), burst fraction (middle) and event rate (right),' but the plot colors imply
a different order.

- The abstract states, 'The alignment of bursting and event rate modulation [...] was strongly
associated [sic] behavioral accuracy.' It seems to me it is not the alignment of burst fraction
and event rate but rather burst fraction per se that correlates with behavioral accuracy
(Figure 4E right). At least, the latter correlation is the only one tested.

https://doi.org/10.7554/eLife.98290.1.sa0
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