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ABSTRACT

We report a theoretical study aimed at investigating the impact of cochlear synapse loss (synaptopathy)
on the encoding of the envelope (ENV) and temporal fine structure (TFS) of sounds by the population of
auditory nerve fibers. A computational model was used to simulate auditory-nerve spike trains evoked
by sinusoidally amplitude-modulated (AM) tones at 10 Hz with various carrier frequencies and levels.
The model included 16 cochlear channels with characteristic frequencies (CFs) from 250 Hz to 8 kHz.
Each channel was innervated by 3, 4 and 10 fibers with low (LSR), medium (MSR), and high spontaneous
rates (HSR), respectively. For each channel, spike trains were collapsed into three separate ‘population’
post-stimulus time histograms (PSTHs), one per fiber type. Information theory was applied to reconstruct
the stimulus waveform, ENV, and TFS from one or more PSTHs in a mathematically optimal way. The
quality of the reconstruction was regarded as an estimate of the information present in the used PSTHs.
Various synaptopathy scenarios were simulated by removing fibers of specific types and/or cochlear re-
gions before stimulus reconstruction. We found that the TFS was predominantly encoded by HSR fibers
at all stimulus carrier frequencies and levels. The encoding of the ENV was more complex. At lower lev-
els, the ENV was predominantly encoded by HSR fibers with CFs near the stimulus carrier frequency. At
higher levels, the ENV was equally well or better encoded by HSR fibers with CFs different from the AM
carrier frequency as by LSR fibers with CFs at the carrier frequency. Altogether, findings suggest that a
healthy population of HSR fibers (i.e., including fibers with CFs around and remote from the AM carrier
frequency) might be sufficient to encode the ENV and TFS over a wide range of stimulus levels. Find-
ings are discussed regarding their relevance for diagnosing synaptopathy using non-invasive ENV- and
TFS-based measures.
© 2022 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

ral fine structure or TFS) whose instantaneous frequency may vary
over time around the characteristic frequency (CF) of the cochlear

The mammalian cochlea separates the frequency components of
sounds such that low and high frequencies cause mechanical vibra-
tions in apical and basal cochlear regions, respectively. For complex
sounds, such as speech, the vibration of each cochlear site consists
of slow amplitude fluctuations (referred to as the envelope or ENV)
superimposed on faster amplitude fluctuations (termed the tempo-
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site in question. The ENV and TFS are responsible for several as-
pects of auditory perception, including speech recognition, pitch
perception or sound source localization (e.g., Lorenzi et al., 2006;
Rosen, 1992; Shannon et al., 1995; Smith et al., 2002; Van Tasell
et al., 1987). Therefore, normal auditory perception requires both
ENV and TFS to be accurately encoded in the auditory nerve (AN).

Envelope and TFS coding in the AN has been extensively inves-
tigated. Most animal studies have analyzed the response of indi-
vidual AN fibers to sinusoidally amplitude-modulated (AM) pure-
tones with carrier frequencies that match the CF of the fiber (e.g.,
Johnson, 1980; Joris and Yin, 1992; Kale and Heinz, 2012). The

0378-5955/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)


https://doi.org/10.1016/j.heares.2022.108621
http://www.ScienceDirect.com
http://www.elsevier.com/locate/heares
http://crossmark.crossref.org/dialog/?doi=10.1016/j.heares.2022.108621&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:ealopezpoveda@usal.es
https://doi.org/10.1016/j.heares.2022.108621
http://creativecommons.org/licenses/by-nc-nd/4.0/

PT. Johannesen, T. Leclére, A. Wijetillake et al.

use of AM tones is convenient because they allow direct control
over the ENV and TFS (i.e., the TFS is the AM carrier tone while
the ENV is the modulating signal). However, limiting the exami-
nation to just the responses from individual fibers with the same
CF as the AM carrier frequency may not provide the full picture
of ENV and TFS coding. The AN contains thousands of fibers with
different CFs and dynamic ranges and it is possible that encoding
limitations of individual fibers are compensated for by the myriad
fibers (e.g., Wever, 1949; Lopez-Poveda and Barrios, 2013; Lopez-
Poveda, 2014). For example, fibers with high-spontaneous rates
(HSRs) have lower thresholds and narrower dynamic ranges, while
fibers with medium- (MSR) and low-spontaneous rates (LSRs) have
higher thresholds and wider dynamic ranges (e.g., Liberman et al.,
1978). It is possible that HSR fibers with CFs different from the car-
rier frequency and/or LSR fibers with CFs at the carrier frequency
encode the ENV in their discharge rate at stimulus levels at which
HSR fibers with CFs at the carrier frequency cannot because they
discharge at saturation (Carney, 2018; Encina-Llamas et al., 2019;
Kohlrausch et al., 2000). Because of this, rather than assessing the
encoding capacity of individual fibers, it would be more appropri-
ate and enlightening to investigate the encoding capacity of the
whole AN.

Assessing ENV and TFS encoding by the population of AN
fibers would be particularly important to understand the impact
of fiber loss and/or synapse degradation (synaptopathy) on au-
ditory perception. It has been suggested that synaptopathy af-
fects predominantly LSR and MSR fibers (Furman et al., 2013;
Schmiedt et al., 1996), although recent studies have questioned this
notion (Suthakar and Liberman, 2021). In rodents, synaptopathy
can occur with noise exposure (Kujawa and Liberman, 2009) and
aging (Sergeyenko et al., 2013), even when audiometric thresholds
remain clinically normal. In humans, synaptopathy occurs with
aging (Makary et al., 2011; Viana et al., 2015; Wu et al., 2019)
but the influence of noise exposure remains controversial (e.g.,
Bramhall et al., 2019; Johannesen et al., 2019). In theory, synap-
topathy could degrade the neural encoding of the ENV and/or the
TFS, which might contribute to the hearing difficulties experienced
by older people with clinically normal-hearing thresholds (Lopez-
Poveda and Barrios, 2013; Lopez-Poveda, 2014; Plack et al., 2014).

A Model of the auditory periphery
BM
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Experimental support to these notions, however, remains elusive
(e.g., Johannesen et al., 2019; Carcagno and Plack, 2021). Under-
standing to what extent synaptopathy degrades the encoding of
the ENV and TFS could help elucidating these issues and might also
guide the design of non-invasive methods to diagnose synaptopa-
thy in humans.

Here, we investigate the effect of synaptopathy on ENV and TFS
encoding by the population of AN fibers. Addressing this aim ex-
perimentally would be practically infeasible as it would require
recording simultaneous responses (spike trains) from multiple AN
fibers with different SRs and CFs to a single sound instance. For
this reason, we instead use a computational model of the AN re-
sponse. Furthermore, we apply information theory to reconstruct
(i.e., ‘decode’) the ENV and TFS from the simulated spike trains in a
mathematically optimal manner. The quality of the reconstruction
is used as a metric of the ENV and TFS information encoded in the
nerve. Various synaptopathy scenarios are simulated by removing
fibers of specific types and/or from specific cochlear regions before
reconstruction.

2. Materials and methods
2.1. Experimental design

Our approach is depicted in schematic form in Fig. 1. A com-
putational model of the auditory periphery was used to simulate
the timing at which spikes occur in the AN (spike trains) in re-
sponse to sound (Fig. 1A). The model simulated the nonlinear vi-
bration of the basilar membrane (BM) at multiple cochlear sites,
or CFs. The simulated BM vibration at each site served as the in-
put to a biophysical model of the inner hair cell (IHC). Each THC
was innervated by 3, 4 and 10 simulated AN fibers with LSR, MSR
and HSR, respectively. For each cochlear site, the simulated spike
trains were collapsed into three separate post-stimulus time his-
tograms (PSTHs), one per fiber type (Fig. 1B). Information theory
was applied to design a filter (Fig. 1C) that served to optimally
reconstruct a reference signal (Fig. 1D) from one or more PSTHs.
The reconstructed estimate was compared to the reference signal
(Fig. 1E) and the quality of the reconstruction was regarded as a
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Fig. 1. Schematic representation of our approach. A. The auditory model with its various stages. B. Summation of spike trains. C. The reconstruction filter. D. The reference
signal, i.e., the signal to be reconstructed from the spike train(s). In this study, three reference signals were considered: the waveform, the ENV and the TFS of the simulated
BM response at the cochlear site whose CF matched the frequency of the AM tone carrier. E. The reconstruction noise used to calculate the information metric.
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metric of the information about the reference signal present in the
used PSTHs.

Stimuli were sinusoidally AM pure tones with various carrier
frequencies (fcs) and levels. A single AM tone was presented at a
time. The modulation frequency was always 10 Hz. This value was
chosen because the frequency side bands would not be resolved
and all of the information about the ENV would be in the tem-
poral fluctuations of AN discharges rather than in the rate profile
(e.g., Moore and Glasberg, 2001). The modulation depth was al-
ways 100%. To minimize transient effects that may affect the in-
formation metric, stimuli included silence before and after the AM
tone for a duration equal to that of the reconstruction filter plus 5
ms.

The approach was applied to quantify the information about the
modulating signal (ENV), the carrier tone (TFS), and the full wave-
form (i.e., combined ENV and TFS) present in the AN. Reconstruc-
tion filters were calculated using all available PSTHs or a subset
of them, depending on the question of interest (Fig. 1 illustrates a
hypothetical example case where the ENV of the simulated BM re-
sponse for channel #k was reconstructed using only the PSTH for
LSR fibers innervating that channel). Synaptopathy was simulated
by removing spike trains or entire PSTHs for specific fiber types
and/or cochlear regions before reconstruction.

We addressed the following questions:

(1) Which fiber type(s) contributes the most to ENV and TFS en-
coding across a range of levels?

(2) To what extent is the ENV and TFS encoded by fibers with
CFs equal to and different from the frequency of the AM
tone carrier?

(3) Is there an appropriate stimulus to diagnose LSR fiber loss?

2.2. Model of the auditory periphery

There exist various computational models (and versions of
them) of the AN response to arbitrary acoustic stimulation (re-
viewed by Lopez-Poveda, 2005; Meddis and Lopez-Poveda, 2010;
Osses Vecchi et al., 2022). Here, we used the computational model
of the guinea pig auditory periphery of Sumner et al. (2003a). This
model accurately reproduces a wide range of phenomena and char-
acteristics of experimental AN responses including rate-level func-
tions to on- and off-CF stimuli for different fiber types (Figs. 3 and
4 in Sumner et al., 2002), phase locking and synchronization of AN
discharges (Fig. 6 in Sumner et al., 2002), refractoriness, and dif-
ferent discharge-rate adaptation characteristics for different fiber
types (Sumner et al., 2003b). It also reproduces the temporal rep-
resentation of speech-like stimuli in the AN (Holmes et al., 2004).
For a review of the merits of this model, see Table I in Lopez-
Poveda (2005). Only a brief description of the model is given here
because full details can be found in the original publications. The
limitations of this model are discussed later.

The input to the model is an acoustic pressure waveform and
its output is a collection of spike trains for several AN fibers with
different CFs and SRs. The model consists of several stages where
the output signal from each stage is used as the input to the next
stage (Fig. 1A). The first stage models the velocity of stapes motion
using a linear filter whose frequency response matches the com-
bined frequency response of the outer and middle ear. The sec-
ond stage consists of a bank of dual-resonance nonlinear (DRNL)
filters (Lopez-Poveda and Meddis, 2001; Meddis et al., 2001). The
output from each DRNL filter models the velocity of BM vibration
at a cochlear site whose CF matches the filter CF. Here, we used
16 DRNL filters with CFs spanning the frequency range from 250
Hz to 8 kHz. The output from each DRNL filter is used as the in-
put to a biophysical model of the IHC receptor potential (modi-
fied from Shamma et al., 1986). The receptor potential is used to

Hearing Research 426 (2022) 108621

Table 1

Simulated synaptopathy profiles. CF: Characteristic frequency;
HSR: high-spontaneous rate; MSR: medium-spontaneous rate;
LSR: low-spontaneous rate.

Synaptopathy profile Fiber count per CF

HSR  MSR LSR  Total

Normal hearing 10 4 3 17
Large loss of MSR/LSR fibers 10 2 1 13
Total loss of LSR fibers 10 1 0 11
Large loss of HSR fibers 4 4 3 11
Total loss of HSR fibers 0 4 3 7

drive a model of the synapse between the IHC and the AN (mod-
ified from Meddis, 1986). The synapse model has two elements:
one to simulate the presynaptic calcium processes that lead to
the release of neurotransmitter, and one to simulate the manu-
facture, release, loss, and reuptake of neurotransmitter vesicles at
the synapse (Sumner et al., 2002). Two parameters control the cal-
cium processes and can be adjusted to create synapses for LSR,
MSR and HSR fibers. Depletion of neurotransmitter produces adap-
tation of the firing rate specific to each fiber type (Sumner et al.,
2003b) and reproduces well the experimental data of Miiller and
Robertson (1991). The shapes of the rate-level functions (shown
in Fig. 2) are ‘saturating’ for HSR fibers, with lower thresholds,
steeper slopes, and narrower dynamic ranges; ‘sloping saturation’
for MSR fibers, with low-medium thresholds and typically wider
dynamic ranges; and ‘straight’ for LSR fibers, with higher thresh-
olds, shallower slopes, and wider dynamic ranges (Winter et al.,
1990; Sumner et al., 2002, 2003a).

Unless otherwise stated, each IHC was innervated by 17 AN
fibers: 10 HSR + 4 MSR + 3 LSR. This number and the distribu-
tion of SRs reflect corresponding experimental values in cat (61%
HSR, 23% MSR, and 16% LSR, respectively; Liberman, 1978). Synap-
topathy was simulated by reducing the number of fibers per IHC
(as shown in Table 1). Note that in this approach, fiber loss (deaf-
ferentation) is equivalent to synapse loss (synaptopathy).

2.3. Information metric

ENV and TFS encoding in the AN have been classically assessed
using vector strength (e.g., Johnson, 1980; Joris and Yin, 1992) or
spike correlograms (e.g., Louage et al., 2004; Joris et al., 2006). The
former is only appropriate for periodic signals while the latter may
be generalized to aperiodic signals. Here, we used an information
theory approach with a view to generalize the present analyses in
the future to investigate the effect of synaptopathy on the AN en-
coding of complex stimuli like speech.

Information theory provides tools for estimating the amount of
information about an input signal transmitted through a commu-
nication channel to the output. In the present case, the input is the
reference signal, the AN model is the communication channel and
the multiple spike trains are the outputs. The transmitted informa-
tion (or mutual information) between input and output (in units of
bit/sec) may be interpreted as the reduction of uncertainty about
what was the reference signal having observed one particular set
of spike trains. For example, if 100 bits/sec were transmitted, the
number of potential reference signals that evoked the spike train
in question would be reduced by a factor 2190, Therefore, a higher
bitrate means less uncertainty about the reference signal.

Of the several approaches that exist to estimate the mu-
tual information between the reference signal and the corre-
sponding AN response, we chose one that consists of two steps
(Bialek, 1991; see Section 3.2.3 in Rieke, 1997; Warland et al., 1997;
Mesgarani et al., 2008; Pasley et al., 2012; Zai et al., 2015). Step #1
involved reconstructing an optimal estimate of the reference sig-
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Fig. 2. Model rate-level functions for HSR, MSR and LSR fibers with different CFs (indicated at the top of each panel). Vertical arrows indicate the neural threshold for HSR
fibers. Discharge rates were average values calculated from responses to pure tones at the fiber's CF.

nal from one or more spike trains. Step #2 involved assessing the
quality of reconstruction. The latter was used as a proxy for the
information encoded in the spike trains.

2.3.1. Step #1: Reconstruction of the reference signal

Reconstruction was done using the method of Warland
et al. (1997). In this method, one or more spike trains are input
to an optimal reconstruction filter that produces an estimate (u)
of the reference signal (s). The optimal reconstruction filter is de-
fined as the one that minimizes the root-mean-square (RMS) dif-
ference between the reference and reconstructed estimate signals,
i.e., the filter that minimizes the reconstruction noise (n=s-—u,
Figs. 1E and 3D). Although the filter’s coefficients can be found
using an analytic mathematical expression (see the Appendix), we
instead used MATLABS gmres function to solve the associated ma-
trix equation to find the optimal reconstruction filter. This proce-
dure is justified because the matrices involved here are large but
sparse and hence the iterative solution implemented in gmres is
computationally convenient. In using gmres, the maximum num-
ber of inner iterations was set to 10, the maximum total itera-
tions was set to 40, and the error tolerance was set to 104, If
gmres did not converge, a second try was done with the addi-
tional use of a preconditioner matrix (incomplete Cholesky factor-
ization with threshold dropping). We set the reconstruction filter
duration equal to 100 ms.

The reconstruction filter is designed to optimally reconstruct
a reference signal from one or more spike trains. In theory, the
quality of the reconstruction should improve by using a greater
number of spike trains, a result that would be indicative that
more spike trains convey more information about the reference
signal than fewer spike trains. On the other hand, multiple spike
trains evoked by a single instance of the stimulus are somewhat
correlated with each other and the computational load increases
with increasing the number of spike trains used for reconstruction.
Here, to reduce the computational load as well as the risk for arte-
factual reconstruction (see the Results), we sample-wise summed
the spike trains for all fibers of the same type innervating a given
IHC (Figs. 1B and 3B). This approach resembles that of Encina-
Llamas et al. (2019). As a result, reconstruction could be done using
up to 48 summed spike trains (3 fiber types x 16 CF channels), al-
though it was often done with only a subset of them. The summed
spike trains may be thought of as PSTHs, although they are the re-
sult of summing spike trains from multiple fibers to a single in-
stance of the stimulus, rather than summing spike trains from a
single fiber evoked by multiple stimulus instances.

2.3.2. Step #2: Reconstruction quality and information metric
The reconstructed estimate (u, Fig. 1C) was compared with the
reference signal (s, Fig. 1D) to assess the quality of the recon-
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Fig. 3. An example of the reconstruction process. The stimulus was an AM tone
with a carrier frequency of 1025 Hz. A. The reference signal, i.e., the output signal
from the DRNL filter whose CF matched the carrier frequency. B. Summed spike
train for the 10 HSR fibers innervating the relevant channel. C. Reconstructed esti-
mate overlaid with the reference signal. D. Reconstruction noise, calculated as the
difference between the reference signal and the reconstructed estimate.

struction and thus the amount of information from the reference
signal present in the summed spike trains. A lower limit of the
information encoded in the spike trains in units of bit/sec can
be found by comparing the reference signal with the reconstruc-
tion noise (Bialek, 1991; see Section 3.2.3 in Rieke, 1997). An al-
ternative metric, called the coding fraction (Wessel et al., 1996;
Gabbiani and Metzner, 1999), however, is a simpler metric of the
fidelity of the representation of the stimulus in the spike trains
and is also a measure of (or a proxy for) the transmitted infor-
mation. The coding fraction, y, is defined as the proportion of the
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standard deviation (STD) of the reference signal accounted for by
the reconstructed estimate (Wessel et al., 1996; Gabbiani and Met-
zner, 1999):
STD(Reconstruction noise)
STD(Reference signal)

(1)

If all information is transmitted, the reconstructed estimate is
identical to the reference signal, the reconstruction noise is zero
and the coding fraction equals one. Conversely, if there is zero in-
formation transmission, the reconstruction noise and the reference
signal will have similar amplitude variance and the coding fraction
will be zero.

We noted that the coding fraction is similar to the time-domain
signal-to-noise ratio (SNR), where the only difference is the re-
moval of the mean signal amplitude (i.e., the direct-current, DC,
component) in the formulae for standard deviation. Because the
SNR is simpler and more intuitive, we decided to remove any DC
component from all signals, and use the time-domain reconstruc-
tion SNR (in decibels) as the metric for reconstruction quality and
information. The reconstruction SNR is defined as follows:

Reconstruction SNR

0. log10< RMS|[Re ference signal — M(Re ference signal)] )

RMS][Reconstruction noise — M (Reconstruction noise)]
(2)

where RMS and M are the root-mean-square and mean opera-
tors, respectively. Note that the higher the reconstruction SNR,
the greater the quality of the reconstructed estimate and thus the
greater the amount of information about the reference signal con-
veyed in the summed spike trains.

2.4. The reference signals

The choice of the reference signal is important and generally
depends on the aim of the investigation. The tonotopic organiza-
tion of the auditory system constitutes a ‘place code’ for sound
frequency. For broadband stimuli, an accurate information metric
should preserve this place information. The stimuli used here (pure
tones modulated at 10 Hz) were narrowband. Nonetheless, to em-
phasize the appropriateness of preserving the place information in
more general applications of our approach for complex stimuli, we
chose to reconstruct the simulated BM responses rather than the
acoustic stimulus (Fig. 1). Specifically, we chose to reconstruct the
output signal from the DRNL filter whose CF matched the carrier
frequency of the AM tone. Given the very low AM rate, this signal
was like the acoustic stimulus except that it may have included
nonlinear cochlear effects (e.g., compression, distortion, etc.) simu-
lated by the DRNL filters (Meddis et al., 2001; Lopez-Poveda, 2003).

To separately quantify the encoded information about the mod-
ulating signal (ENV), the carrier tone (TFS), and the full waveform,
we first extracted the ENV and TFS (Fig. 1) from the simulated
BM response waveform and used either of them or the full wave-
form, as appropriate, as the reference signal (Fig. 1E). The ENV was
calculated as the modulus of the Hilbert transform of the DRNL
filter output waveform. The TFS was calculated as the cosine of
the unwrapped phase of the Hilbert transform. The TFS was cal-
culated only when the instantaneous amplitude of DRNL filter out-
put waveform (i.e. the BM velocity in m/s) was above the neural
threshold for each CF channel in the model; otherwise, the am-
plitude of the TFS was set to an arbitrary low value (10-20). This
prevented low-level signals from producing TFS without percep-
tual relevance. Neural threshold (indicated by arrows in Fig. 2) was
defined as the pure tone level where HSR fibers discharged at a
rate equal to the spontaneous rate plus 5% of their dynamic range,
where the dynamic range was the difference between the maxi-
mum and the spontaneous discharge rate of the fiber.

Hearing Research 426 (2022) 108621

Depending on the question of interest, the reconstruction of the
ENV, TES or full waveform was done using (1) summed spike trains
from fibers that had the same CF as the DRNL filter (on-frequency
reconstruction, as illustrated in Fig. 1); (2) summed spike trains
from fibers whose CF was different from that of the DRNL filter
(off-frequency reconstruction); or (3) summed spike trains from
all fibers. In all three cases, summed spike trains were separately
available for each fiber type and CF. Because the reconstruction fil-
ter was optimal (by calculation) for each combination of reference
signal and set of summed of spike trains, the filter was different
for each reconstruction.

2.5. Implementation

The model and analyses were implemented in MATLAB® (ver.
2019a). Processing was done with a sampling frequency of 20 kHz
except for the IHC synapse model, which was run with a sampling
frequency of 100 kHz (after Sumner et al., 2003a). To ensure the
same sampling frequency for all signals, the output spike trains
from the model were binned every 0.05 ms (1/20000) without dis-
carding any spike.

3. Results

3.1. Reconstruction

The first step to quantify the encoded information was to opti-
mally reconstruct a chosen reference signal from a set of summed
spike trains. Fig. 3 illustrates an example of the process when the
reference signal is the full waveform. The figure illustrates the ref-
erence signal, i.e., the output waveform from the DRNL filter-bank
channel whose CF matched the AM carrier frequency (1025 Hz in
this case) (Fig. 3A); the summed spike train obtained by summing,
for each time instant, the spikes from the 10 HSR fibers innervat-
ing the channel’s IHC (Fig. 3B); the reconstructed estimate overlaid
with the reference signal (Fig. 3C); and the reconstruction noise
calculated as difference time waveform between the reference sig-
nal and the reconstructed estimate (Fig. 3D). The figure shows only
the first 400 ms of the signals involved in the reconstruction. The
spikes before the onset of the AM tone (at 105 ms) are the spon-
taneous activity of the 10 HSR fibers.

3.2. Artefactual reconstruction

To avoid artefactual reconstruction, the method requires that
summed spike trains are sufficiently longer in duration than the
reconstruction filter and that those trains contain a minimum
number of spikes. In practice, we found that spike trains should
have a duration of at least six times that of the reconstruction filter
and they should contain at least five spikes. Furthermore, we con-
trolled for any artefactual reconstruction when it was more likely
to occur, e.g., when it was done with all three fiber types and
many CF channels. The control involved redistributing all spikes
randomly in time (‘shuffling’) before reconstruction. Because shuf-
fled spikes are unrelated to the reference signal, any reconstruction
from shuffled spike trains would be artefactual. We found that, in
these cases, the artefactual reconstruction SNR was always <1.0 dB.

3.3. On-frequency information encoding across CFs

We first assessed the information encoded by on-frequency
fibers across channels. Stimuli were AM tones with carrier frequen-
cies at the CF and were presented 20 dB above the threshold for
HSR fibers at each CF (defined above). One AM tone was presented
at a time. Only spike trains from fibers with CFs at the carrier
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Fig. 4. On-frequency encoding as a function of CF. Each data point is the information encoded by fibers innervating the cochlear channel whose CF matched the frequency
of the AM tone carrier. Two information metrics are shown: the coding fraction (top) and the reconstruction SNR (bottom). Each metric is shown as a function of CF and
for the waveform (A, D), the ENV (B, E), and the TFS (C, F). Stimuli were 20 dB above the neural threshold for each individual CF (see the main text for details). Each panel
shows information encoded separately by each fiber type (HSR, MSR and LSR), as well as jointly by all fiber types.

frequency were used for reconstruction (on-frequency reconstruc-
tion). To verify that the reconstruction SNR (in dB) provides similar
results as the coding fraction, which is a more conventional metric
(Wessel et al., 1996; Gabbiani and Metzner, 1999), the quality of
reconstruction was assessed here using the two metrics.

Fig. 4 shows the values for the two metrics as a function of
CF, for each fiber type (HSR, MSR and LSR) and separately for the
waveform, ENV and TFS. A visual comparison of the results in the
top and bottom panels shows that the two metrics yield similar re-
sults. This corroborates that they are roughly equivalent measures
of reconstruction quality. For this reason and because of its con-
ceptual simplicity, we will use the reconstruction SNR as the infor-
mation metric in the rest of this paper.

For the waveform (Fig. 4D) and TFS (Fig. 4F), the reconstruction
SNR is highest for HSR fibers, followed by MSR and LSR fibers. This
indicates that 10 HSR fibers per CF encode more waveform and
TFS information than 4 MSR or 3 LSR fibers. For all fiber types,
the waveform and TFS information decreases with increasing CF.
This is because neural phase-locking decreases with increasing fre-
quency (Johnson, 1980; Palmer and Russell, 1986) and, here, the
CF matched the AM carrier frequency. Phase-locking rolls off above
around 1.5 kHz primarily because of the low-pass filter characteris-
tics of the IHC (Palmer and Russell, 1986) and secondarily because
of the refractory period (0.75 ms) (Sumner et al., 2002). Unlike TFS

or waveform information, ENV information is approximately con-
stant across CFs (Fig. 4E). At lower CFs (< 1 kHz), HSR and MSR
fibers carry approximately the same amount of ENV information,
while at higher CFs HSR fibers encode more ENV information than
MSR or LSR fibers.

Fig. 4 also shows that sometimes the amount of ENV and
TFS information encoded by all fibers together (10 HSR + 4
MSR + 3LSR; crosses) is close to the information encoded by a
single fiber group type alone. This typically occurs when the fiber
type in question encodes >3 dB more information than other fiber
types and indicates that the fiber type in question ‘dominates’ in-
formation encoding. For example, HSR fibers dominate TFS infor-
mation encoding throughout the frequency range (i.e., the contin-
uous line nearly overlaps the crosses in Fig. 4F). When two fiber
types encode information equally well (e.g., HSR and MSR fibers
at CF=0.5 kHz in Fig. 4E), the total information is typically 3 dB
higher than the information encoded by each individual fiber type.

The results in Fig. 4 are for a fixed stimulus level of 20 dB
above the discharge-rate threshold of HSR fibers. This may have
favored the encoding of the stimuli by a particular fiber type if
the chosen level excites a particular fiber type within its ‘best’ dy-
namic range (i.e., within the steepest part of the rate-level func-
tion). Fig. 2 shows that the chosen level (20 dB above the arrows)
was so low that (1) LSR fibers responded at or just above their



PT. Johannesen, T. Leclére, A. Wijetillake et al.

251 A fc=500 Hz D fc=1000 Hz G
20
15

10

fc=2000 Hz J

Hearing Research 426 (2022) 108621
fc=4000 Hz M fc=6350 Hz

—— All fibers
10 HSR

Waveform

- ---4MSR

-~ - N
o (3] o

Reconstruction SNR (dB)
(o))

25

20

15

10

TFS

M

20 40 60 80

Stimulus level (dB SPL)

Fig. 5. On-frequency encoding as a function of level. Each data point is the information encoded by fibers innervating the cochlear channel whose CF matched the frequency
of the AM tone carrier (indicated at the top of each column). Information is shown for the time waveform (top panels), ENV (mid panels) and TFS (bottom panels). Each
panel shows information encoded separately by each fiber type (HSR, MSR and LSR), as well as jointly by all fiber types.

threshold, and hence were hardly able to encode the AM tone; (2)
MSR fibers could encode the AM tone with moderate fidelity as
the peaks of the AM tone (27.2 dB above the arrows) were clearly
above the thresholds for MSR fibers; and (3) HSR fibers were ex-
cited in their best dynamic range except that the AM tone peaks
may have produced momentary saturation. In other words, the dif-
ferent encoding fidelity of HSR/MSR/LSR fibers in Fig. 4 is reason-
ably well explained by the rate-level functions.

3.4. On-frequency information encoding across sound levels

We investigated the extent that different fiber types encode in-
formation at different levels. Fig. 5 shows the reconstruction SNR
separately for each fiber type and for all three types combined, for
five AM tones with different carrier frequencies (indicated at the
top) and levels (abscissae). Different rows illustrate the reconstruc-
tion SNR for the full waveform (top), ENV (middle) and TFS (bot-
tom). Reconstruction was done using only spike trains from fibers
with CFs equal to the carrier frequency (on-frequency reconstruc-
tion).

The ENV (middle row in Fig. 5) was better encoded by HSR
fibers at levels below the saturation threshold of HSR fibers (~40-
50 dB SPL, depending on the CF, Fig. 2). At higher levels, MSR and
LSR fibers encoded the ENV better than did HSR fibers. In other
words, HSR fibers encoded a very large proportion of the total ENV
information (compare continuous lines with crosses) at lower lev-
els, while MSR and LSR fibers jointly encoded a very large propor-
tion of the total ENV information at higher levels. The total ENV
information sometimes varied nonmonotonically with increasing
level. For example, at CF=6.3 kHz (Fig. 5N) the total information

increased with increasing level from 20 to 40 dB SPL, decreased
with further increases in level from 40 to 60-70 dB SPL, and in-
creased again above 70 dB SPL. Similar nonmonotonic trends have
been reported in the synchrony of spikes to the AM modulation
frequency of single AN fibers (e.g., Fig.5C in Joris and Yin, 1992).

The TFS (bottom row in Fig. 5) was better encoded by HSR
fibers than by MSR or LSR fibers throughout the range of lev-
els, even at levels where HSR fibers discharged at saturation and
MSR/LSR fibers were operating within their best dynamic range
(~60-70 dB SPL, Fig. 2). Indeed, HSR fibers encoded a very large
proportion of the total TFS information over virtually the whole
range of levels. The good encoding of TFS at high levels, even when
fibers discharge at saturation, has already been reported by exper-
imental studies of single-fiber responses (e.g., Joris and Yin, 1992;
HSR fibers: their Fig. 4A; LSR fibers: their Fig. 8A).

For all input levels, TFS and waveform information decreased
gradually with increasing carrier frequency above 1 kHz, i.e., in-
formation was overall less in the right-most panels than in the
left-most panels of the top and bottom rows in Fig. 5. This is due
to phase-locking decreasing gradually with increasing frequency
above 1.5 kHz (Johnson, 1980; Palmer and Russell, 1986).

3.5. Effect of fiber count on on-frequency information

In the previous sections, we have analyzed on-frequency ENV
and TFS information encoded by different fiber types. Informa-
tion, however, was based on summed spike trains for ‘normal’ fiber
counts, i.e., 10 HSR, 4 MSR, and 3 LSR fibers per CF. Because more
fibers can theoretically encode more information, differences in in-
formation across fiber types may reflect differences in fiber counts.
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In this section, we investigate ENV and TFS information encoded
by equal counts of fibers per CF. Only spike trains from HSR or LSR
fibers with CFs at the carrier frequency were used for reconstruc-
tion (on-frequency reconstruction). Results are shown in Fig. 6 for
AM tones at 20 and 50 dB above the discharge rate of HSR fibers at
each CF, denoted as 20 and 50 dB sensation level (SL), respectively.

Regarding ENV information, at 20 dB SL (Fig. 6C), a single HSR
fiber tends to encode more ENV information than a single LSR
fiber because at this level the HSR fiber is in its best dynamic
range while the LSR fiber is only just above threshold. At 50 dB
SL (Fig. 6A), a single LSR fiber can encode the ENV while a single
HSR fiber cannot because it is in saturation. At either of the two
levels, however, 100 fibers of either type encode much more ENV
information than one fiber of either type alone.

Regarding TFS encoding (Fig. 6B, D), at the two levels tested, a
single fiber of either type encodes approximately constant TFS in-
formation up to ~1 kHz; information decreases at higher frequen-
cies because of decreasing phase locking. However, 100 fibers en-
code more information and over a wider range of frequencies than
one fiber alone. Indeed, 100 fibers encode approximately the same
amount of TFS information at 4 kHz as one fiber does at 500 Hz.
Furthermore, for an equal number of fibers, there is more TFS in-
formation at higher than at lower levels, e.g., for one HSR fiber at
CF=1 kHz the reconstruction SNR is 10 dB at 50 dB SL compared
to 5 dB at 20 dB SL.

In summary, increasing the number of fibers increases the ENV
and TFS information encoded by on-frequency fibers, as well as
the range of frequencies over which the TFS is encoded. Increas-
ing level also increases TFS information encoded by on-frequency
fibers.

3.6. Off-frequency encoding at various sound levels

So far, we have focused on information encoding by fibers
whose CF matched the AM carrier frequency (on-frequency encod-
ing). The information encoded by fibers with CFs different from

Hearing Research 426 (2022) 108621

the carrier frequency (off-frequency fibers) was ignored. How-
ever, as sound level increases, cochlear excitation spreads and off-
frequency fibers can contribute to encoding. In other words, on-
frequency information (as shown in Fig. 5) is likely an underesti-
mate of the total information encoded in the AN, particularly at
high levels. In this section, we assess information encoding by on-
and off-frequency fibers for increasing levels of the AM tone.

Results for the ENV and TFS are shown in Fig. 7 and Fig. 8, re-
spectively. In each figure, each column corresponds to a different
carrier frequency (indicated at the top) and each row corresponds
to a different level (indicated on the right).

Fig. 7 shows that the range of CFs that encodes the ENV widens
as level increases, i.e., when going from the bottom to the top row
in the figure. The widening is comparatively greater for lower car-
rier frequencies (compare Fig. 7E with 7A) than for higher carrier
frequencies (compare Fig. 7T with 7P). This suggests that virtually
all neurons (all fiber types at all CFs) can encode the ENV for a
low-frequency carrier at high levels. This is probably due to the
basalward spread of cochlear excitation at higher levels. For CFs
close to the carrier frequency, the discharge of HSR fibers starts to
saturate at levels <60 dB SPL (Fig. 2). Saturation causes a reduction
of ENV information encoded by on-frequency HSR fibers together
with an increase in the information encoded by off-frequency HSR
fibers, resulting in an inverted “W” pattern (Fig. 7A, B, or C). Re-
markably, sometimes the ENV is better encoded by off-frequency
HSR fibers than by on-frequency LSR fibers. For example, for a 90-
dB SPL, 500-Hz AM tone (Fig. 7A), HSR fibers with CF=4 kHz en-
code the ENV just as well as do MSR/LSR fibers with CF=2 kHz,
and the two groups encode the ENV better than do on-frequency
LSR fibers (CF=500Hz).

Fig. 8 shows TFS encoding as a function of CF. As shown, HSR
fibers encode more TFS information than LSR or MSR fibers across
all CFs and levels, even at the highest levels tested where HSR
fibers discharge at saturation (top row in Fig. 8).

3.7. ENV and TFS encoding by saturated HSR fibers

The greater number of HSR than LSR fibers may explain why
HSR fibers encoded the TFS better (e.g., Fig. 8E) than do the other
fiber types at low stimulus levels (< 40 dB SPL, Fig. 2) but would
not explain why they also encoded the TFS better at higher levels
(Fig. 8B), where HSR fibers discharge at saturation and LSR do not.
It is also unclear why saturated, on-frequency HSR fibers encode
well the TFS (Fig. 8) but not the ENV (Fig. 7). Here, we investigate
the reason behind these paradoxical findings.

First, we investigated why HSR fibers can encode the TFS even
when saturated. For this purpose, Fig. 9 illustrates a 15-ms-long
excerpt of the summed spike trains for 10 and 100 on-frequency
HSR fibers in response to an AM tone with 2-kHz carrier frequency
at 70 dB SPL (as in Figs. 7M and 8M), a level where HSR fibers
were clearly saturated (Fig. 2). Fig. 9 also illustrates corresponding
excerpts for the reference signal TFS (Fig. 9A, D), the reconstructed
signals in each case (red lines) and the reconstruction SNRs (insets)
computed over the whole stimulus duration. For comparison, the
figure also illustrates corresponding plots for 3 and 100 LSR fibers
(Fig. 9E, F).

Fig. 9 demonstrates that the HSR fibers produce more dis-
charges than LSR fibers at levels at which HSR fibers are saturated
and LSR are not (compare Fig. 9B, C with Fig. 9E, F). The recon-
struction SNRs (insets in Fig. 9) show that HSR fibers also encoded
the TFS slightly better than LSR fibers. The reason is that because
of phase locking, spikes are more likely to occur in synchrony with
the carrier (even in saturation) but they occur stochastically, thus
at different times for different fibers. Therefore, the TFS is better
encoded in the summed spike train for a larger group of fibers
than in the spike trains for a small group of fibers. By the same
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principle, the TES is better encoded by fibers with higher than with
lower discharge rates.

Paradoxically, the same saturated on-frequency HSR fibers that
encoded the TFS well (Fig. 8M), encoded the ENV poorly (Fig. 7M).
To investigate the reason for this, Fig. 10 shows a 250-ms-long
excerpt of the summed spike trains produced by 10 and 100 on-
frequency HSR fibers (Fig. 10B, C) in response to the same AM
tone as in Fig. 9. Also shown are the corresponding reference ENV
signals (Fig. 10A, D), the reconstructed reference signal ENVs (red
lines) and reconstruction SNRs (insets) computed over the whole
stimulus duration. For comparison, Fig. 10 also shows plots for 3
and 100 on-frequency LSR fibers (Fig. 10E, F).

Consistent with the results shown in Fig. 6, ENV encoding im-
proves with increasing the number of fibers for both HSR (Fig. 10B,
C) and LSR fibers (Fig. 10E, F). Interestingly, the ENV is better en-
coded (i.e., the reconstruction SNR is higher) by LSR than HSR
fibers, no matter if we compare for large and equal fiber counts
(Fig. 10C versus Fig. 10F) or for the nominal fiber count (10 HSR,
Fig. 10B versus 3 LSR, Fig. 10E). One feature that differentiates the
summed spike trains of HSR and LSR fibers is the higher sponta-
neous rate of HSR fibers, which is visible in the soft parts of the
ENV (at times of around 1.305, 1.405 and 1.505 secs). Another dif-
ferentiating feature is that the summed spike trains of HSR fibers
are more square-like while those of LSR fibers are more sinusoid-

like (compare the blue traces in Figs. 10C and 10F). The more
square-like response of HSR fibers at high levels possibly reflects
the stronger onset response of HSR fibers (Miiller and Robert-
son, 1991) and is consistent with experimental responses for high-
CF fibers. For example, the cycle histograms in Fig. 4B of Joris and
Yin (1992) are more square-like at higher than at lower levels, al-
though they show smaller onset responses than the present sim-
ulations. Together with the spontaneous activity, the greater on-
set responses of HSR fibers, even when they discharge at satura-
tion, possibly contributes to distorting the ENV representation in
the discharge rate of saturated HSR fibers.

We also showed earlier that off-frequency HSR fibers contribute
substantially to ENV encoding and this raises the question of why
they are not also affected by these distortions. A likely expla-
nation is that because onset responses are level-dependent (e.g.,
Miiller and Robertson, 1991), the lower excitation levels present
at off-frequency regions produce smaller or no onset responses in
each ENV cycle (bottom panels in Fig. 10).

In summary, the TFS is better encoded by HSR than LSR fibers
probably because HSR fibers are more numerous and have greater
discharge rates. The stronger onset response of HSR fibers in each
ENV cycle probably distorts ENV encoding when HSR fibers dis-
charge at saturation. On-frequency LSR fibers and off-frequency
HSR fibers have smaller (or absent) onset responses at levels where
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fibers (10 HSR and 3 LSR) and for 100 HSR and LSR fibers, hence the different ordinate scales. Reds lines depict the reconstructed BM velocity (right ordinate) and the insets

show the corresponding reconstruction SNRs (in dB SNR).

HSR fibers are saturated, which makes them better suited to en-
code the ENV when on-frequency HSR fibers discharge at satura-
tion (Fig. 7).

3.8. ENV encoding by the population of fibers

So far, we have analyzed ENV information encoding in indepen-
dent cochlear channels with CFs equal to or different from the AM
carrier frequency. Information, however, can be jointly encoded by
multiple channels and we have shown (Fig. 7) that off-frequency
fibers can encode the ENV as well or better than on-frequency
fibers, particularly at high levels. In this section, we investigate
ENV encoding by all fiber types jointly and by an increasingly
greater number of channels with CFs around the AM carrier fre-
quency.

Stimuli were AM tones at 80 dB SPL. Because up to 48 summed
spike trains (3 fiber types x 16 CF channels) could be used in the
reconstruction, the duration of the AM tone was longer here (30
seconds) than in the preceding simulations to avoid artefactual re-
construction. Due to computational limitations, the reconstruction
was done at a sampling frequency of 5 kHz; that is, the model was
run at the regular sampling frequency of 20 kHz, but the reference
ENV was downsampled to 5 kHz and spikes were binned every 0.2
ms (1/5000) without discarding any spike. The reconstruction was
done for a gradually increasing number of channels, starting from
one channel (the on-frequency channel with CF=f;), followed by
three channels (the on-frequency channel plus two adjacent chan-

1

nels on each side of the CF: CF-1, CF=f., CF+1), followed by five
channels (CF-2, CF-1, CF=f;, CF+1, CF+2), and so on. The range of
CFs used in each case is shown in Table 2.

Results show that for normal fiber counts (circles in Fig. 11A-E),
ENV information increases asymptotically as spike trains from an
increasingly number of channels (or equivalently, an increasingly
wider BM region around the CF=f.) are used in the reconstruction.
Information ‘saturates’ (i.e., reaches its maximum value) only when
a sufficient number of channels around the AM tone carrier fre-
quency are included. The specific number varies depending on the
carrier frequency, but it is overall larger for lower than for higher
carrier frequencies.

3.9. Effect of fiber loss on total ENV information

So far, we have investigated information encoding in the
‘healthy’ AN. In this section, we investigate the impact of fiber
loss on ENV information encoding. Several synaptopathy scenar-
ios are considered, as shown in Table 1. These include partial
and total loss of MSR and LSR fibers with normal counts of HSR
fibers, as well as partial and total loss of HSR fibers with normal
counts of LSR and MSR fibers. In all cases, fiber counts (and losses)
were identical across channels. Stimuli and simulations were as de-
scribed in the preceding section and results are illustrated in color
in Fig. 11A-E for direct comparison with results for the ‘healthy’
ear (circles in Fig. 11A-E).
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Table 2

Range of CFs (in Hz) of the channels used in the reconstructions shown in Fig. 11. The used num-
ber of channels (left column) ranges from one (the on-frequency channel with CF=f.) to 16 (all
channels). For example, when 3 channels were used to reconstruct the ENV of an AM tone with
a carrier frequency of 500 Hz, the used channels had CFs from 400 Hz to 630 Hz. Note that the
number of channels used for the reconstruction of AM tones with f.s of 500 Hz and 6350 Hz are
not always exactly equal to the number of channels indicated in the left column because the low-
est and highest CFs were 250 Hz and 8000 Hz, respectively, and when increasing the number of
channels, the channels were included symmetrically around the channel with CF=f..

AM carrier frequency (fc)

Number of channels 500 1000 2000 4000 6350
1 (on-frequency) 500 1000 2000 4000 6350
400-630 794-1260 1587-2520 3175-5040 5040-8000
5 315-794 630-1587 1260-3175 2520-6350  4000-8000
7 250-1000 500-2000 1000-4000 2000-8000 3175-8000
11 250-1587 315-3175 630-6350 1260-8000 2000-8000
16 (all) 250-8000 250-8000 250-8000 250-8000 250-8000
A f =500 Hz B f =1000 Hz E f =6350 Hz
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Fig. 11. Reconstruction SNR for the ENV of an AM tone as a function of the number of channels used in the reconstruction (abscissa). Reconstruction was done using spike
trains from fibers with CFs at and around the AM tone carrier frequency. The AM tone was presented at 80 dB SPL either in quiet (upper row) or embedded in a notch
noise at 10 dB SNR (lower row). The spike trains from all fiber types were used jointly in the reconstruction. Different traces illustrate reconstruction SNR values for different
synaptopathy scenarios, as indicated by the inset where number triads refer to the number of HSR, MSR, and LSR respectively. In other words, circles illustrate reconstruction
SNRs for the healthy ear with 10 HSR, 4 MSR and 3 LSR fibers. Red lines indicate moderate or almost total loss of LSR and MSR fibers, and blue lines illustrate moderate or

total loss of HSR fibers.

For lower carrier frequencies, ENV information was reduced
more by LSR fiber loss (red lines) than by HSR fiber loss (blue
lines). For example, for the 500-Hz carrier (Fig. 11A), total loss of
LSR fibers with normal counts of HSR fibers reduced the total in-
formation from about 25 dB SNR to 18 dB SNR, while total exclu-
sive HSR fiber loss barely reduced the information. This is probably
because LSR fibers are overall better suited than HSR fibers to en-
code ENV information at the chosen level of 80 dB SPL (Figs. 5,
6). The relative importance of LSR versus HSR fiber loss, however,
changes gradually with increasing carrier frequency. Indeed, the
pattern reverses for the 6350-Hz carrier, where total, exclusive loss
of HSR fibers causes a greater reduction of ENV information than
total, exclusive loss of LSR fibers (Fig. 11E).
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Importantly, even for low carrier frequencies, the total ENV in-
formation (in the asymptote) remains high with total, exclusive
loss of LSR fibers. This is probably because off-frequency HSR fibers
encode the ENV at 80 dB SPL, when on-frequency HSR fibers do
not (Fig. 7).

3.10. Diagnosing LSR fiber loss

Cochlear synaptopathy is thought to predominantly affect LSR
synapses and fibers (Furman et al., 2013; Schmiedt et al., 1996),
although this notion has been recently challenged (Suthakar and
Liberman, 2021). The results shown earlier suggest that the pop-
ulation of HSR fibers dominates TFS encoding (Fig. 8), and can
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encode large amounts of ENV information (Fig. 11A-E). These find-
ings suggest that LSR fibers may not be essential for ENV or TFS
encoding in quiet, which could make it challenging to diagnose LSR
fiber loss using TFS- or ENV-based measures.

It might nevertheless be possible, however, to diagnose LSR
fiber loss by using (behavioral or electrophysiological) tests that
emphasize the use of ENV information encoded by on-frequency
LSR fibers. One potential way to do it is by presenting an AM probe
embedded in noise with a spectral notch around the AM carrier
frequency. The idea is that the noise will mask ENV encoding by
off-frequency HSR fibers with minimal or no effect on the infor-
mation encoded by on-frequency LSR fibers. If synaptopathy pre-
dominantly causes a loss of LSR fibers, ENV information would be
more sensitive to LSR fiber loss at and around the cochlear region
tuned to the carrier frequency with than without the notch noise.

To explore this idea, we considered the ENV information for an
AM tone at 80 dB SPL as the best starting point before adding a
notch noise. As shown in Fig. 7 (second row), at this level, LSR and
MSR fibers contribute the most to the total information at or near
on-frequency channels and hence a test at this intensity would
likely provide the best sensitivity to LSR and/or MSR fiber loss at
cochlear regions around the carrier frequency. Although the rela-
tive contribution from LSR and MSR fibers compared to HSR fibers
was even larger at 90 dB SPL (top row in Fig. 7), we deemed 90 dB
SPL as too loud for listener comfort in an eventual diagnostic test.
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We then searched for the optimal level for an added notch noise.
The noise had a flat spectrum except for the notch, which was
spectrally centered at the carrier frequency (fc) and spanned the
frequency range [0.8 xf, 1.2xfc]. The overall level of the noise rel-
ative to the overall probe level (i.e., the signal-to-noise ratio, SNR)
varied from 0 to 20 dB in steps of 10 dB with an additional ref-
erence condition without noise (60 dB SNR). Note that the results
for this reference condition are those in the second row of Fig. 7.

The results (Fig. 12) suggested that 10 dB SNR was a good
probe-to-noise ratio, because off-frequency HSR-fiber contributions
to ENV encoding were highly reduced (with respect to the no-
notch condition) for lower carrier frequencies (Fig. 12C, G) and
close to zero for higher frequencies (Fig. 12K, O, S) with only
a moderate reduction in the information encoded by LSR fibers
(compare the blue lines in the no-notch condition in the first row
of Fig. 12 with those of the 10 dB SNR notch-noise condition in
the third row of Fig. 12). A large reduction of total information (as
would occur if noise was presented at 0 dB SNR, bottom row of
Fig. 12) might be inconvenient because it would make an even-
tual behavioral test harder for the subject and/or might increase
the variability in AM scores when there is no clear envelope cue
to track.

Fig. 11F-] illustrates the total ENV information and the effect
of fiber loss when 80-dB SPL AM tones are presented together
with the selected notch noise at 10 dB SNR. As expected, the
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addition of the notch noise removed ENV-encoding contributions
from remote cochlear sites, and hence information asymptoted to
a smaller value and saturated with fewer channels (compare the
circles in the top and bottom rows of Fig. 11).

As noted earlier, without the noise, total exclusive HSR fiber
loss typically reduced the maximum information by 2-3 dB (com-
pare the black circles with the blue dashed-dotted line in Fig. 11A-
E). With the added noise, total HSR fiber loss had almost no effect
on information (i.e., the blue lines overlap with the black circles in
Fig. 11F-]). This indicates that adding a notch noise was a success-
ful way of eliminating contributions from off-frequency HSR fibers.

Another effect of adding notch noise was that the information
loss due to LSR loss was overall a larger proportion of the total
information available without fiber loss. For a 500 Hz carrier with-
out notch noise (Fig. 11A), the reconstruction SNR decreased from
24.6 dB to 19.0 dB when all LSR fibers were lost (i.e. a reduction
of 22.7%); with the added notch noise (Fig. 11F), the reconstruc-
tion SNR decreased from 21.5 dB to 16.1 dB (a reduction of 25.1%).
The reduction was larger for higher carrier frequencies. For exam-
ple, for a 2 kHz-carrier without noise (Fig. 11C), the reconstruc-
tion SNR decreased from about 23 dB to 19 dB (i.e. a reduction of
17.3%) when all LSR fibers were lost. With the added notch noise,
the reconstruction SNR decreased from about 17 dB to 11 dB (i.e. a
reduction of 35.3%), again when all LSR fibers were lost (Fig. 11H).

In summary, adding a carefully chosen notch noise to the AM
tone minimized ENV encoding by off-frequency HSR fibers, and
caused LSR fiber losses to yield greater proportional losses of to-
tal ENV information. Therefore, ENV-based measures that employ
high-level probes embedded in a notch noise seem a promising
way to diagnose LSR fiber loss, at least when fiber loss occurs
throughout the cochlea, as was the case here.

4. Discussion

We have applied information theory to investigate temporal in-
formation encoding in the (simulated) AN. Our approach involves
the optimal reconstruction of the stimulus from the neural re-
sponse followed by an assessment of the reconstruction quality.
The latter is used as the metric for information encoding. With
this approach, we have assessed (1) the relative importance of HSR,
MSR and LSR fibers for encoding ENV and TFS information; (2) the
relative importance of fibers with CFs equal to and different from
the stimulus frequency, i.e., the relative importance of on- and off-
frequency encoding; and (3) the impact of fiber loss, particularly
LSR fiber loss (synaptopathy), on ENV encoding. Last, we have ap-
plied the proposed approach to explore ways of increasing the sen-
sitivity of ENV-based measures to LSR fiber loss.

Our main findings were: (1) TFS is predominantly encoded by
the population of HSR fibers across all stimulus levels, even when
HSR fibers discharge at saturation; (2) ENV is poorly encoded by
saturated, on-frequency HSR fibers possibly because their larger
onset responses distort the neural representation of the ENV; (3)
Off-frequency fibers of all types contribute significantly to ENV en-
coding. At high levels, where individual on-frequency LSR fibers
are better suited for ENV encoding, off-frequency HSR fibers en-
code as much ENV information as do on-frequency LSR fibers; (4)
ENV-based measures can increase their sensitivity to LSR fiber loss
by using high-level probes embedded in a notch noise that masks
ENV information encoded by off-frequency HSR fibers.

4.1. Model performance and limitations

As explained in the Methods section, the chosen AN model
(Sumner et al., 2003a) accurately reproduces a wide range of
AN experimental data and phenomena (reviewed by Lopez-
Poveda, 2005; Meddis and Lopez-Poveda, 2010). Fig. 13C,D show

14

Hearing Research 426 (2022) 108621

Reconstruction SNR (dB)
Modulation gain (dB)

Reconstruction SNR (dB)
Modulation gain (dB)

F mog (KHZ)

Fig. 13. A comparison of reconstruction SNR (left column) and modulation gain
(right column) for different modulation frequencies (modulation transfer function).
The top row depicts simulations for a single fiber of each type, while the bottom
row shows simulations for the nominal fiber counts, as indicated by the inset. The
AM tone carrier frequency was 2 kHz and the stimulus level was 40 dB SPL. Only
spike trains generated by on-frequency fibers were used in the calculations. After
Kale and Heinz (2012), modulation gain was calculated as 20xlogo(2R/m), where R
is the vector strength and m the modulation depth, which was equal to 1.0.

that the model also simulates modulation transfer functions re-
alistically (compare Fig. 13C, D with the experimental data in
Fig. 3A of Kale and Heinz, 2012) as well as the fact that the
synchronization of spike times with the AM modulating signal
tends to be greater for LSR/MSR than for HSR fibers (Fig. 13C, D)
(Johnson, 1980; Joris and Yin, 1992).

The model, however, does not simulate the middle ear reflex
or the olivocochlear reflexes. Either or both these reflexes may be
activated by the AM probe alone or in combination with back-
ground noise (reviewed by Lopez-Poveda, 2018) and their activa-
tion could shift the dynamic range of AN fibers to higher lev-
els (e.g., Winslow and Sachs, 1987) extending the range of lev-
els over which on-frequency fibers can encode the ENV (Marrufo-
Perez et al., 2018, 2019; reviewed by Marrufo-Perez and Lopez-
Poveda, 2022). Future investigations may explore the effect of mid-
dle ear and/or olivocochlear reflex activation on ENV and TFS en-
coding.

The present model implementation used 16 filterbank chan-
nels with CFs logarithmically distributed from 0.25 to 8 kHz. This
number of channels is sufficient to demonstrate the importance of
off-frequency contributions to TFS and ENV encoding (e.g., the in-
verted W-shape in Fig. 7) with a reasonable computational load.
However, a greater number of channels with sufficient overlap be-
tween them might be necessary to investigate spectral (rather than
temporal) information encoding for broadband stimuli.

The present model implementation involved 17 fibers per fre-
quency channel (10 HSR, 4 MSR, and 3 LSR fibers). The total num-
ber of fibers was 255 (=16 channels x17 fiber/channel), thus much
smaller than the number of fibers in a healthy cochlea (~30,000).
Three arguments, however, suggest that this is not an important
limitation for the present study. First, Fig. 11 shows that ENV en-
coding reaches a plateau after combining spike trains from about
10 frequency channels around the on-frequency channel (which
corresponds to 170 fibers). Second, Fig. 6 shows that increasing
the fiber count from 1 to 10 improves ENV encoding more than
increasing the fiber count from 10 to 100 fibers, which suggests
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Fig. 14. A comparison of ENV encoding in the summed spike trains with different number and types of on-frequency fibers. The stimulus was an AM tone at 40 dB SPL

with a carrier frequency of 2 kHz. Otherwise as in Fig. 10.

that ENV information probably saturates for fiber counts above
about 200-500 fibers at least for the present AM tones in quiet.
Third, it is conceivable that spike times become correlated with
each other when the fiber count grows beyond a certain limit and
hence adding more fibers does not increase information. However,
a more realistic number of fibers may be necessary to investigate
the encoding of more complex stimuli over a wide range of levels
(see, e.g., Lopez-Poveda and Barrios, 2013).

4.2. Information encoding versus periodicity encoding

The reconstruction SNR (the metric used here to assess ENV and
TFS encoding) differs significantly from vector strength and modu-
lation gain (the metrics used in many previous studies of AM en-
coding) (e.g., Goldberg and Brown, 1969; Johnson, 1980; Joris and
Yin, 1992; Kale and Heinz, 2012). Vector strength and modulation
gain quantify the synchronization of spike times with the cycle of
the stimulus. The reconstruction SNR, by contrast, quantifies how
well a signal can be reconstructed on a time-by-time basis from
the spike train(s). In other words, for a given spike train, vector
strength depends on the stimulus frequency and hence it would be
equal regardless of whether the evoking stimulus is a sinusoidal,
triangular or a square wave with the same frequency (discussed by
Joris et al., 2004), whereas the reconstruction SNR would be differ-
ent in each case because it reflects how well the waveform can be
reconstructed from the spike train.

Fig. 13 allows a direct comparison of the two metrics when
used to assess ENV encoding by on-frequency fibers and for differ-
ent AM modulation frequencies, i.e., when used to produce modu-
lation transfer functions. The level was 40 dB SPL and the carrier
frequency was a 2-kHz. The figure shows that increasing the num-
ber of fibers improves the reconstruction SNR but not the mod-
ulation gain (compare Fig. 13A with Fig. 13B and Fig. 13C with
Fig. 13D). More importantly, a single HSR fiber shows less mod-
ulation gain (poorer synchrony) than a single LSR fiber (Fig. 13C)
and 10 HSR fibers do not supersede the modulation gain of 3 LSR
fibers (Fig. 13D). The opposite occurs for the reconstruction SNR,
i.e., the ENV is reconstructed better from the spike train produced
by a single HSR than a single LSR fiber (Fig. 13A) and the recon-
struction SNR improves with increasing the number of fibers (com-
pare Fig. 13B with 13A). Fig. 14 confirms that at the low stimulus
level chosen for this example (40 dB SPL), the fewer spikes pro-
duced by LSR fibers (Fig. 14E, F) are more synchronous with the
ENV (Fig. 14D) than the spikes produced by HSR fibers (Fig. 14B, C),
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hence the higher modulation gain for LSR fibers, and yet the recon-
structed ENV is more accurate (the reconstruction SNR is higher)
for HSR than LSR fibers.

In summary, the reconstruction SNR increases (within limits)
with increasing the number of spikes and/or the number of fibers
while vector strength does not. This raises an important question:
which of the two metrics (vector strength or reconstruction SNR)
is more representative of perception? In other words, does percep-
tion rely on the periodicity at which spike occurs or does it rely on
an optimal reconstruction of the signal? Further research is neces-
sary to investigate this issue.

4.3. TFS encoding

The present results show that HSR fibers convey more TFS in-
formation than LSR fibers. This occurs despite the fact that in
the model, like in the physiology (e.g., Johnson, 1980; Joris and
Yin, 1992; Louage et al., 2004; see also Fig. 13C, D), the synchro-
nization of spikes with the carrier is greater for LSR than HSR
fibers. The reason for the discrepancy is likely due to the differ-
ent properties of the synchronization index and the present recon-
struction SNR (see previous section).

Altogether, the larger number of HSR than LSR fibers together
with the overall greater discharge rates of HSR fibers and the en-
coding contributions from off-frequency HSR fibers suggest that
the population of HSR fibers is more important, and possibly suffi-
cient, for TFS encoding.

4.4. Off-frequency contributions to ENV encoding

It is sometimes assumed that AN fibers with CFs matching
the peak spectral region of a sound are the most important for
ENV encoding (e.g., Prendergast et al., 2017a, 2017b; Marrufo-
Pérez et al, 2018). To accommodate the wide range of sounds
levels within the limited dynamic range of fiber responses, HSR,
MSR and LSR fibers are thought to each encode low, medium, and
high sound levels, respectively, so that each fiber type encodes
changes in level (the ENV) within its best dynamic range (Joris and
Yin, 1992). In contrast with this view, our results show that off-
frequency fibers contribute to ENV information encoding as much
as, and possibly more than, on-frequency fibers. They further show
that at high levels, off-frequency HSR and MSR fibers contribute
substantially to ENV encoding. These findings are in line with the
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theoretical considerations of Carney (2018). They are also consis-
tent with the analysis and modeling of human envelope follow-
ing responses (Encina-Llamas et al.,, 2019), as well as with evi-
dence that off-frequency information is important for AM detection
(Kohlrausch et al., 2000). Off-frequency ENV encoding probably ex-
plains why behavioral AM detection thresholds improve at high
levels (e.g., Kohlrausch et al., 2000; Moore and Glasberg, 2001) de-
spite the fact that on-frequency ENV information is largest at ~40-
60 dB SPL (when all fiber types contribute to ENV encoding) and
less at higher levels (Fig. 5).

The present findings, however, apply to ENV encoding in quiet.
In noise, or, more generally, in the presence of other simultane-
ous sounds, the relative contributions of on- and off-frequency
fibers to ENV encoding may depend on the spectral content of
the noise. For example, Fig. 11F-] shows that ENV encoding by off-
frequency fibers may be reduced (‘masked’) to some extent for AM
probes in notch noise. In addition, noise can activate the middle-
ear and/or the olivocochlear reflexes, which can adapt the dynamic
range of AN fibers and facilitate the encoding of ENV and TFS
by on-frequency fibers over a wider range of levels (reviewed by
Marrufo-Pérez and Lopez-Poveda, 2022).

4.5. Information loss versus fiber loss

We have shown that large fiber losses are required to cause
substantial reductions of ENV information. For example, a com-
plete loss of LSR fibers together with 75% loss of MSR fibers across
the length of the (simulated) cochlea was required to reduce the
ENV information from about 23 to 19 dB SNR for a 2-kHz carrier
(red, dashed-dotted lines in Fig. 11C). For an arguably more real-
istic (but still extreme) synaptopathy scenario, where 50% of MSR
and 66% of LSR fibers are lost (Furman et al., 2013), ENV informa-
tion was only reduced from about 23 dB SNR to 21 dB SNR (red,
dashed line in Fig. 11C). Overall, this is consistent with the theo-
retical considerations of Oxenham (2016), who suggested that large
fiber losses would be required before any substantial decrease of
detection-relevant information occurs, at least for long-duration
sound probes. Fiber loss, however, could have larger effects on
the detection and/or discrimination of brief sounds (Marmel et al.,
2015).

4.6. Diagnosing synaptopathy using temporal-processing measures

The present approach assessed encoded information in an op-
timal manner, and findings suggest that the population of HSR
fibers may be sufficient to encode the ENV (Fig. 7) and TFS
(Fig. 8). If synaptopathy affects predominantly LSR fibers and/or
synapses, and ENV and TFS information can be reasonably en-
coded without LSR fibers, this helps understanding the mixed find-
ings when synaptopathy has been investigated in humans using
non-invasive TFS-based measures, such as inter-aural phase de-
tection, or ENV-based measures like AM detection or envelope-
following responses (e.g., Grose et al., 2017; Prendergast et al.,
2017a, 2017b; Guest et al., 2018; reviewed by Bramhall et al., 2019).
The contribution from off-frequency HSR fibers might have also
confounded the relationship between LSR fiber loss and the ampli-
tude of tone-burst ABR wave I, another popular proxy for synap-
topathy (e.g., Bramhall et al., 2017; Fulbright et al., 2017; reviewed
by Brambhall et al., 2019).

We have shown that it might be possible to increase the sen-
sitivity of ENV-based measures (and perhaps also of tone-burst
ABRs) to LSR fiber loss by using high-level probe sounds embed-
ded in notch noise (Fig. 11). This would minimize ENV encoding
by both on- and off-frequency HSR fibers because on-frequency
HSR fibers will be saturated due to the high probe level and off-
frequency information will be masked by the notch noise.
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Notch noise has long been used to reduce off-frequency encod-
ing, thus prevent off-frequency listening, in many hearing experi-
ments (e.g., Patterson, 1976; Johnson-Davies and Patterson, 1979),
including AM detection (e.g., Almishaal et al, 2017). It has also
been used to refine behavioral and electrophysiological techniques
aimed at diagnosing synaptopathy (e.g., Bharadwaj et al., 2015;
Carcagno and Plack, 2021). The present findings corroborate that
the use of notch noise can be effective. We note, however, that our
recommended levels for the AM probe (80 dB SPL) and noise (10
dB SNR) may be appropriate for our purpose but may not gener-
alize to other stimuli or tasks. Furthermore, we could find those
levels only because we knew the baseline conditions where HSR
fibers contributed the most to ENV encoding for the present stim-
uli, and this information may not be always available. Also, it re-
mains uncertain that the decrease in total ENV information caused
by total exclusive loss of LSR fibers (Fig. 11F-]) be detectable by be-
havioral or electrophysiological tests, even with the proposed stim-
ulus.

4.7. Other potential uses of the proposed information metric

The proposed method to quantify information transmission
from sound to spikes may be helpful in other applications, such
as, for example, the design of sound coding strategies for cochlear
implants (CI). It is conceivable that the benefits of novel strategies
designed to encode TFS information be obscured if those strate-
gies simultaneously degrade ENV encoding. The present approach
may be used to control that ENV information is preserved while
improving TFS encoding. In this example application, information
could be assessed in the pattern of electrical current pulses gen-
erated by the CI (the ‘electrodogram’) or in the pattern of neural
responses evoked by the CI (the ‘neurogram’). Depending on the
choice, the setup would involve reconstructing the stimulus ENV
and TFS from the electrodogram or from a neurogram simulated
with a computational model of the AN response to electrical stim-
ulation (see Leclére et al., submitted).

5. Conclusions

1 The population of high-spontaneous rate fibers dominates the
encoding of temporal fine structure across all sound levels both
because they are more abundant and because they have higher
discharge rates than medium- or low-spontaneous rate fibers.

2 Envelope is poorly encoded by high-spontaneous rate fibers at
high levels probably because their larger onset response in each
modulation cycle distorts the neural representation of the enve-
lope, rather than because of saturation per se.

3 Measures based on temporal fine structure encoding are likely
insensitive to a loss of low-spontaneous rate fibers.

4 Off-frequency high-spontaneous rate fibers contribute signifi-
cantly to envelope encoding when on-frequency fibers saturate
at and above moderate sound levels.

5 Envelope-based measures aimed at diagnosing a loss of low-
spontaneous rate fibers can improve their sensitivity by using
a high-level probe embedded in a notch noise to mask off-
frequency envelope encoding, particularly by fibers with high-
spontaneous rates.
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Appendix

The reconstruction procedure was almost identical to that of
Warland et al. (1997) and is reproduced below for convenience.
The procedure consists of filtering a spike train (r) through a re-
construction filter (f) to obtain an estimate (u) as close as possi-
ble to a reference signal (s) by optimizing the reconstruction fil-
ter. Note that, here, the term spike train refers to the sum of
spike trains from all fibers of the same type innervating an IHC.
In other words, r is a set of spike counts with integer values at
each given sample. Also note that reconstruction may be done us-
ing one summed spike train and a single reconstruction filter, or
using several summed spike trains each with their corresponding
reconstruction filter. In other words, when multiple summed spike
trains are used for reconstruction, each of them is convolved with
its corresponding reconstruction filter.

An estimate, u, of the reference signal is calculated as a con-
stant term, a, plus the convolution of each summed spike train, r?,
with its corresponding linear reconstruction filter, fY, and added
together across the used spike trains (Eq. 3 of Warland et al,
1997):

N
a+2. 2 iyl

voj=1

u; (A1)

where u; is the reconstructed estimate for the i-th sample num-
ber, v indicates summed spike-train number (going from 1 up to
a maximum of 48 = 16 CFs x 3 fiber types per CF), f]'/ is the fil-
ter coefficient j samples before i, and N is the length of the re-
construction filters (in number of samples). In other words, each
summed spike train produces an additive component to the recon-
structed stimulus.

To facilitate the calculation of the reconstruction filter coeffi-
cients, we introduce a matrix notation (bold font) and define the
stimulus vector s, the reconstruction u and the response matrix R
as follows (Eq. 4 of Warland et al., 1997):

[ s1 ug
S u
s=|[?]u=| 2 (A2)
Sm Um
— 1 1 1 vV vV vV
1 1r1 lr2 -l~rN r‘]/ r‘zlmry
1 r% r% r,l\,Jrl r\Z/ r‘3l e rerl
R= 1 1314 N2 I3 Ty Iy
1 rl, rl ool v, 1’ oY,
— M M+1 N+M M M+1 N+M:

The first row of R consists of a one followed by the first spike
train (v=1) for sample indices i=1 to N (r! to r}), followed by
the second spike train (v = 2) for sample indices i=1 to N (r% to
r,%,), and so on until the v-th spike train. The second row in R con-
tains the same as row one but for one time instant later (i =2 to
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N + 1). Following rows are for successively later time instants until
time instant M, where M is the number of samples in the reference
signal. The required spike train duration is N+ M — 1 samples.

In matrix notation, the reconstructed estimate of the reference
signal is calculated as (Eq. 6 of Warland et al., 1997):

u=Rf (A3)

where the transposed reconstruction filter f is defined as (Eq. 7 of
Warland et al., 1997):
fv

fi=[a fi f f ToB R (A4)

Note that f is a concatenation of the individual reconstruction
filters for each summed spike train, as indicated by the superscript
v. The optimal filter f is defined as the one that minimizes the
squared difference e between the reference signal, s, and the re-
constructed estimate, u:

e=c5-u(s—u) (A5)

The optimal reconstruction filter that minimizes e? is obtained
from the analytical expression (Eq. 8 of Warland et al., 1997):

f= (R'R) (R's)

The term (RTR) corresponds to correlation functions among the
spike trains and the term (RTs) corresponds to the reverse corre-
lation between the stimulus and the spike trains and hence the
optimal filter is determined by the statistics of both the stimulus
and the spikes.

There are two minor differences between the procedure de-
scribed by Warland et al. (1997) and the present procedure. First,
here the reference signal was not normalized to zero mean and
unit variance before the reconstruction procedure because, unlike
Warland et al. (1997), we also reconstructed envelope information
which contains a constant component (DC) and hence should not
have the DC removed. Second, except when specifically indicated,
we did not downsample the spike trains that were input to the
reconstruction algorithm. This has no consequence as the mathe-
matics governing the procedure are equally valid and independent
of sampling rate.

(A6)
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