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Abstract. Recent physiological experiments have provided detailed descriptions of the properties of first-spike
latency and variability in auditory cortex and nerve in response to pure tones with different envelopes. The envelope-
dependence of first-spike timing and precision in auditory cortical neurons appears to reflect properties established
in the nerve. First-spike latency properties in individual auditory nerve fibers are strongly correlated with their
spontaneous rate (SR). It is shown here that a minimal, plausible model of auditory transduction with two free
parameters accurately reproduces the physiological data from the auditory nerve population. The model consists of
a simple gain stage, a bandpass filter, a rectifying saturating non-linearity, and a lowpass filter in series. The output of
the lowpass filter drives an inhomogeneous Poisson process. The shape of the non-linearity is determined by SR; in
physiological terms, this shape depends upon the resting sensitivity of the synapse between the inner hair cell and the
auditory nerve. An alternative model for SR generation, where SR is added to the stimulus-driven output of a fixed
nonlinearity, fails to account for the data. The results provide a novel, comprehensive and physiologically-based
explanation for the range of experimental results on the envelope-dependence of first-spike latency and precision,

and its relationship with SR, in the auditory system.
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Introduction

First-spike latency (henceforth referred to simply as
“latency’) has been explored as a neural code in many
sensory systems (e.g. audition: Brugge et al., 1996;
Eggermont, 1998a; Furukawa et al., 2000; vision:
Gawne et al., 1996; Reich et al., 2001; olfaction:
Hopfield, 1995; somatosensation: Panzeri et al., 2001).
Bilateral latency differences are implicated in sound
localization (Joris et al., 1998; Mason et al., 2001) and
the Pulfrich effect (Anzai et al., 2001). Transient spike-
timing assumes special importance in audition because
ecological warning sounds are often brief; thus tran-
sient, rapidly-transmitted, and precisely-timed spike
responses may be essential for warning detection and
localization.

In general, latency decreases as stimulus intensity
increases (e.g. audition: Heil and Irvine, 1997; Klug
etal., 2000; vision: Maunsell etal., 1999; Warzecha and
Egelhaaf, 2000; somatosensation: Mountcastle et al.,
1957). In audition, the relationship between latency and
sound pressure level (SPL) for pure tones has been stud-
ied in detail in many brain regions (e.g. Heil and Irvine,
1996; Klug et al., 2000). Since latency decreases with
intensity, intensity differences between the two ears
also create latency differences between the two ears.
This has led to the suggestion that binaural intensity dif-
ferences can be detected by a comparator mechanism
that detects timing differences between the two ears.
In principle, this comparator could be similar or iden-
tical to the interaural timing comparator that underlies
azimuthal sound localization of low-frequency tones.
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Using this idea of “time-intensity trading”, functions
relating latency to stimulus intensity have been derived
from psychophysical studies (e.g. David et al., 1959).

If latency forms a coding mechanism, the standard-
deviation of latency (henceforth simply “standard-
deviation”: Bair, 1999; Heil and Irvine, 1997; Phillips
and Hall, 1990) is a measure of noise in the latency
code. Standard-deviation increases systematically with
latency in many auditory areas (e.g. Heil and Irvine,
1997, 1998; Phillips and Hall, 1990).

Latency and standard-deviation also depend on rise-
time (auditory cortex: Heil, 1997a; nerve: Heil and
Irvine, 1997; cochlear nucleus: Kitzes et al., 1978),
i.e. time for sound to reach maximum SPL from on-
set. For tones varying in SPL and rise-time, latency
and standard-deviation in cortex are functions of a
single variable: maximum velocity of peak pressure
(MVPP) for linear rise-envelopes or maximum acceler-
ation of peak pressure (MAPP) for cosine-squared rise-
envelopes (Heil, 1997a). The dependence upon MAPP
for cosine-squared rise-envelopes has also been found
in the auditory nerve (Heil and Irvine, 1997). Because
of many similarities in response properties between au-
ditory nerve and cortex, it has been suggested that cor-
tical responses may simply reflect dependencies gener-
ated in the nerve (Heil and Irvine, 1997). The functions
relating latency (and standard-deviation) to maximum
acceleration for individual auditory nerve fibers show
strong correlations with their SR.

Auditory nerve fibers show a markedly bimodal dis-
tribution of SRs (Liberman, 1978). Various correlations
of response properties with SR have been observed;
for example, high-SR fibers show lower thresholds and
steeper increases in firing rate with sound intensity.
These variations in firing properties lead to variations
in their ability to encode sound properties, and are
considered to be important for the maintenance of au-
ditory function over a wide range of SPLs (Cooper
et al., 1993; Sachs, 1984; Sachs et al., 1989; Yates,
1991). It is known that fibers with varying SRs can
synapse onto a single hair cell; thus differences in SR
probably arise from differences in the properties of
the synapse between the hair cell and the nerve fiber.
Such differences have been identified; synapses from
fibers with different SRs can be distinguished on the
basis of their size, morphology, and location on the in-
ner hair cell (Liberman, 1982; Liberman et al., 1990;
Merchan-Perez and Liberman, 1996).

This paper proposes a minimal computational mech-
anism that accounts quantitatively for first-spike tim-

ing and precision, and its relationship with SR, in the
auditory nerve. In the model, both SR and the proper-
ties of first-spike latency depend critically on a single
parameter that controls the shape of a static nonlin-
earity in the auditory periphery. Physiologically, the
variation in shape reflects differences in the gain prop-
erties of the synapse between the inner hair cell and
the auditory nerve; this shape is determined by SR. An
alternative model where SR is added to the stimulus-
driven output of a fixed nonlinearity fails to account for
the experimental data. The modeling results provide a
comprehensive physiologically-based explanation for
almost all the existing data on first-spike timing and its
relationship to SR. Further, the results clarify a variety
of issues raised by the physiological data. The model
also provides a structural basis that is consistent with
experimental data, for the establishment of a “latency
code” for stimulus intensity (and rise-time).

Methods
Model Structure: Overview

The model consists of four stages connected together
in series: a simple gain stage that changes the SPL of
the input stimulus, a bandpass filter, a rectifying, satu-
rating static nonlinearity, and a lowpass filter (Fig. 1).
The output of the lowpass filter is used as the rate-
function for an inhomogeneous Poisson process to
generate the first-spike. This general form has also
been used in other physiological (e.g. Shamma et al.,
1986) and psychophysical (e.g. Oxenham and Plack,
2000) models. The gain stage represents the effects
of external/middle-ear filtering (Rosowski, 1991); the
magnitude of gain depends upon characteristic fre-
quency (CF). The bandpass filter mimics basilar mem-
brane filtering. The nonlinearity represents the concate-
nation of three different fast-acting nonlinear stages in
the auditory periphery: basilar membrane compression
(Rhode and Recio, 2000), the inner hair cell’s recti-
fying, compressive, current-voltage relationship (e.g.
Dallos and Cheatham, 1989) and synaptic rectification
(spike-rates cannot be negative). Finally, the lowpass
filter represents the lowpass filtering effects of the inner
hair cell membrane and the auditory nerve synapse.

Gain Stage and Bandpass Filter

The first stage of the model acts as a simple gain
stage. The examples of model and experimental data
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Figure 1. The model and its responses. Model structure shown in flowchart form on top; gain stage omitted from figures because its gain G is
set to 1 (see Methods). A: Example stimulus: 30 dB, 5 kHz tone, cosine-squared rise-envelope (1 ms rise-time). C, E, G and I: Model output
after bandpass filtering, nonlinear rectification, lowpass filtering, and integration to the exponentially distributed spike-threshold respectively.
B: 5 kHz CF gammatone filter’s impulse response. D: Michaelis-Menten nonlinearity’s input-output function at 6 SRs (left to right: .1, 1, 10,
30, 50, 100 spikes/second). F: Lowpass filter impulse response (4th order, corner frequency = 2500 Hz). H: D magnified around O Pa; SR is
nonlinearity’s output at O stimulus-pressure. J: Model latency distribution (from 1000 repetitions). A, C, E, G and I have identical abscissas;
see I for axis label. I: Y axis is the integral of spike-rate with respect to time. Throughout, Sp/s = spikes/second and Sp.rate = Spike-rate.

shown in this paper (Figs. 2 and 3) come from auditory
nerve-fibers with characteristic frequency (CF) around
8 kHz; the magnitude G of the gain is set to be 1 for
these data (i.e. the stimulus passes through the gain
stage unchanged). The value of the gain G at other
frequencies is estimated from the data (Fig. 5); the

dependence of G on CF is roughly similar to published
psychophysical and N1 audiograms for the cat (see
Discussion).

The bandpass filter is modeled as a gammatone filter
centered at CF (Patterson et al., 1988: as implemented
in Malcolm Slaney’s Auditory Toolbox for MATLAB).
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The gammatone filter is characterized by its impulse
response g(¢) (Fig. 1B):

g(t) = t3 cos(wt)e™"

w = 27(CF), b= 1.019Q7)(CF/Q)+ W) )

t is time (here and throughout this paper). Q was set
t0 9.2645, and W to 24.7 (Glasberg and Moore, 1990).
This filter has maximum gain at CF. The parameter b
in the gammatone impulse response increases with CF;
therefore, the width of the impulse response decreases
with CF. Over most of the range of frequencies con-
sidered in this paper, the impulse response is narrow
(e.g. Fig. 1B), and therefore the effect of this filter on
latency and standard-deviation are small (a few mil-
liseconds, at most. Fig. 1C). Reasonable variations of
filter parameters produce negligible changes in the re-
sults. Note that since the width of the impulse response
decreases with CF, the bandwidth increases with CF.

Static Nonlinearity

The static nonlinearity is modeled as a Michaelis-
Menten function. The input-output function (i.e. func-
tion that gives the output y(¢) of the nonlinearity for a
given input x(¢)) of this nonlinearity is (Fig. 1D and H):

V() = Runax (x (1) — x0)*/((x(t) — x0)* + Kpn),
x()=x ()

y(@) =0, x(t) <xo

Rinax =Maximum firing rate (spikes/second), Input
x(t) = Output of gammatone filter R;,x was set to
3000 spikes/second (see: Gaumond et al., 1983 for
plausibility of this value); values much lower than
this produced inordinately high minimum latency and
standard-deviation (Fig. 8). Setting x( to a value of
around —89.44 u Pa (which is the minimum pressure
attained by a 10 dB tone) gave a good fit to 2 example
fibers (Figs. 2 and 3 in Heil and Irvine, 1997: Figs. 2
and 3 here). As shown below, varying x is identical to
varying G (the gain of the first gain stage). Therefore,
Xo is fixed at this value for the rest of the paper; all ma-
nipulations of this parameter are achieved by varying
the value of G. K, is determined by SR and x; (see
below). Since xj is fixed, SR determines the shape of
the nonlinearity.

Lowpass Filter and Spike-Generation

The lowpass filter is a fourth-order polynomial filter
with a corner frequency of 2500 Hz and is derived from
data on synchronization to pure tones in the cat (Weiss
and Rose, 1988). It is defined by its impulse response
[(t) (Fig. 1F):

I(t) = (1/0)*@E/6)e™™), ©1=0.027ms (3)

The output of the lowpass filter (Fig. 1G) is used as the
rate-function for an inhomogeneous Poisson process.
This is implemented by integrating the filter output un-
til it crosses a threshold value that is drawn from an
exponential distribution with mean 1 (Johnson, 1996).
This threshold-crossing time gives latency (Fig. 11).
Since the threshold is random, the threshold-crossing
times are also random; thus latency varies from one
stimulus-presentation to the next (Fig. 1J). The mean
and standard-deviation of latency are estimated, for a
given stimulus, from many stimulus repetitions.

Since only the first spike is modeled, spike-history
effects (including refractory period) are ignored so as
to minimize the number of parameters. Spike-history
effects are only relevant to the extent that the response
spike (first spike following stimulus onset) may oc-
cur shortly after a spontaneous spike that immediately
preceded stimulus presentation. However, even at high
SRs, this has a very low probability of occurring. Spike-
history effects are therefore assumed to be negligible.

SR Fully Determines the Shape of the Nonlinearity

Notice the model SR is simply the steady output of the
lowpass filter when there is no stimulus. The lowpass
filter’s gain to steady input is 1. Therefore when there is
no stimulus, the output of the lowpass filter is identical
to its steady input, which in turn is the steady output
of the static nonlinearity. The output y(¢) of the static
nonlinearity when its input x(¢) is zero, i.e. when there
is no stimulus, is given by:

Rearranging: K,, = xg(Rmax/SR —1) (®)]

Thus, since xq is fixed, once SR is known (i.e. esti-
mated from experimental data, for an individual au-
ditory nerve fiber), K,, is completely determined.
The resulting dynamic ranges of the nonlinearity at
different SRs (Fig. 1D) are not inconsistent with
the dynamic ranges seen in existing experimental
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descriptions of onset responses in the auditory nerve
(Smith and Brachman, 1980). Incidentally, fixing K,,
and letting xo vary with SR produced poor fits to the
population data (not shown).

Varying x is Identical to Varying G

If the stimulus is scaled by G, then the output of the
gammatone filter is also scaled by G, because it is a
linear filter. The output of the gammatone filter forms
the input x(¢) for the static nonlinearity. Thus:

If x(¢) is scaled to Gx(t), where G is a gain factor,
then

¥(t) = Rinax(Gx(t) — x0)*/(Gx(1) — x0)* + Kpn),
Gx(t) = xo (6)
y(i) =0, Gx() < xo

Rearranging,

Y(t) = Rinax (x(t) — X0/ G)* /((x(t) — x0/ G)*
+Kn/G?), x(t) > x0/G (7)
y(t) =0, x(t)<x0/G

Recall from (5) that K,,, = )CS(Rmax /SR — 1), so setting
x0/G = x|,

Y(1) = Runax(x(1) = x0)* /((x (1) — x))* + K;,),
K, = X (Rnax/SR— 1), x(t) > x{ (8)
y@®) =0, x(@) < x,

Scaling x¢ by 1/ G is thus identical to multiplying stim-
ulus amplitude by G.

Alternative Model

An alternative model is also examined (and rejected on
the basis of the experimental data). In this model, the
stimulus-driven stages are all fixed. In particular, the
parameters of the static nonlinearity are not regulated
by SR; SR is instead added to the output of the non-
linearity. The nonlinearity is shown in Fig. 6A. xp is
set to —15.9 u Pa (minimum peak pressure of a —5 dB
tone) and K, (now a fixed parameter) to 7.59 x 107°
Pa?. This set of values provides a good fit to the ex-
perimental responses in Fig. 2. Since the spontaneous
output of the nonlinearity with this set of parameters
is 0.1 spikes/second, 0.1 is subtracted from the output
of the nonlinearity to ensure zero spontaneous output.

Thus, the nonlinearity’s input-output function is:

Y(t) = Runax((x (1) — x0)2/((x(1) — x0)* + K,)) — 0.1,
x(t)=x (9
y(t) = —-0.1, x(t) < xo

SR is simply added to the output of this nonlinearity.
Also, if SR is less than 0.1 spikes/second, the rate-
function will drop below zero at times. When this hap-
pens, the output of the lowpass filter is half-wave recti-
fied to avoid negative spike-rates; i.e. spike-rates below
zero are set to zero. This model fits data from individ-
ual auditory nerve fibers, but fails to account for the
population data (Fig. 6B and C). The result doesn’t de-
pend on the particular values of x( and K, chosen; no
single set of parameter values that could capture the
population data was found (not shown).

Stimulus Description and Data Analysis

In general, modeling data are generated from, and ana-
lyzed using procedures identical to those used by Heil
and Irvine in their experimental paper (Heil and Irvine,
1997). Unless otherwise indicated, the stimulus S(7)
was a pure tone (of duration D and peak-pressure A)
presented at the CF of the auditory nerve fiber and
shaped with cosine-squared or linear rise-envelopes of
rise/fall-time (henceforth simply “rise-time”) T'; as de-
scribed further in Appendix 1. The total stimulus dura-
tion was 200 ms. Tones from 10 to 90 dB (10 dB inter-
vals) with rise-times of 1.7, 4.2, 8.5, 17, 42, and 85 ms
were presented. All computations used MATLAB 5.3.1
running on a SGI Origin 200 computer (IRIX 6.5.4).
Sampling was at least 60,000 Hz, and it was always
ensured that sampling at higher rates did not change
results in any noticeable manner.

Responses were measured in a 210 ms trial window
starting at tone-onset. As in experimental data (Heil and
Irvine, 1997), all response measures were defined as the
average over a set of 20 stimulus presentations. These
averages were estimated by repeating this stimulus set
(consisting of 20 presentations) 300 times.

Minimum experimental latency includes time for
sound to reach the basilar-membrane from the speaker,
basilar-membrane travel time, and delays due to trans-
duction and axonal conduction. In Figs. 2 and 3, small
time delays were added to model latencies to align
their minimum value with that in experimental data
(Fig. 2: 1 ms; Fig. 3: 0.7 ms). In Figs. 4, 6 and 10,
model CF was fixed at 8 kHz. S and K remain almost
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unaffected when CF is varied over the experimental
range. Therefore a CF of 8 kHz was used while gener-
ating these population plots to avoid the computational
load of the high sampling frequencies required when
CF is high.

A total absolute deviation statistic (TAD) was
computed to quantify the degree of fit between model
and experimental mean latency data shown in Figs. 2
and 3.

TAD = ) " |r — 74| (10)
k=1

where 7y, is the mean latency at the k-th stimulus value,
out of a total of n stimulus values. 7 is the mean of
the model’s mean latency at the k-th stimulus value,
estimated by averaging across 2000 repetitions of the
stimulus set (which consists of 20 stimulus presenta-
tions at each stimulus value). By computing TAD for
model responses to each of the 2000 repetitions, the dis-
tribution of TAD was estimated. TAD gives the amount
by which the model’s response to a particular presen-
tation of the full stimulus set differs from the expected
response of the model to the same stimulus-set; thus,
it is a measure of the amount of deviation from the
model that arises due to the intrinsic variability of the
model itself. The value of the same statistic was then
computed by using the experimental mean latency data;
i.e. by using experimental data for r,. Comparing the
value of TAD for experimental data to the distribu-
tion of TAD values obtained by random sampling from
the model shows the likelihood that a random sample
drawn from the model itself (instead of from experi-
mental data) would show the same amount of deviation
as that seen in Figs. 2 and 3 between experimental and
model data.

Curve-Fits and Fitting Criteria

Following the analysis of experimental data in Heil and
Irvine (1997), two parametric curve fits were performed
on model data. The curve

L = Ly + 13.3/(log(MAPP) + S)*  (11)

was fit to latency (L) versus log (MAPP) plots. L, is
the asymptotic minimum latency, and S gives “sensitiv-
ity”. Latency at a given MAPP decreases as S increases,
with L, constant. The curve:

SD = SDpin — (4K (1/13.3)4(L — Lyin)¥*)  (12)

was fit to latency versus standard-deviation (SD) plots.
SDpin is asymptotic minimum standard-deviation. K
behaves roughly like —1 x slope of latency versus
standard-deviation.

During fitting, the error function (i.e. the squared-
difference between the prediction based on the fitted
curve and experimental data) for each data point was
weighted by the response probability (probability of
> 1 spike/trial, estimated from 20 trials) associated with
that data point. This weighted sum of error functions
across all data points was minimized to find the best
fit. Fitting was done using MATLAB’s Isqcurvefit algo-
rithm. Curves fit data well; once data points to include
in the fit were chosen (see next paragraph), the fitting
procedure was uncomplicated.

The following criterion (Criterion 1) was used dur-
ing experimental analysis (Heil and Irvine, 1997) to
exclude low-SPL data that deviated from the com-
mon curve on which other points lay. For fibers with
SR less than or equal to 0.5 spikes/second, responses
within 20 dB of firing threshold (less than 50 dB SPL
for the two low-SR experimental data examples illus-
trated) were excluded. For the others, responses whose
latency or standard-deviation was larger than the min-
imum spontaneous latency or standard-deviation ob-
tained from 6 no-stimulus trials were excluded. From
experimental data, it appears that Criterion 1 excludes
most experimental data points that deviate from the
curve.

While model and experimental data mostly show ex-
cellent agreement, they do differ in one aspect. Model
spontaneous latencies and standard-deviations are less
variable than experimental latencies and standard-
deviations and have higher values (closed symbols near
the ordinate in Figs. 2B and C and 3B and C tend to lie
above open symbols and are less spread out). There-
fore, Criterion 1 with model spontaneous values in-
cludes many low-SPL data points that would have been
excluded if experimental spontaneous values had been
used. If parameter estimates from curve fitting depend
on points chosen for inclusion during fitting, model
and experimental parameter estimates will differ even
when model and experimental responses during trials
where stimuli are presented are exactly identical. As
shown in Appendix 2, estimates of K are affected by
this problem; i.e. K estimates are sensitive to the choice
of points to include in the fit.

Therefore a different method was used to minimize,
without manual intervention, the contribution to the
curve fit of low-SPL data points that obviously deviated
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from the curve. In this method, all responses below
50 dB SPL were excluded, independent of SR (Crite-
rion 2). All data analysis and discussion in the main
text will use Criterion 2, since it is more faithful to the
spirit of the criterion used in the experimental study.
Results using the original criterion (Criterion 1) are
shown in Appendix 2. Criterion 1 was implemented
slightly differently for model data from low-SR fibers.
Since only the first-spike is modeled, and there is no
way to define firing threshold in a manner similar to the
experimental analysis, all responses at stimulus SPLs
below 50 dB were excluded. As mentioned above, this
was also the criterion used during experimental analy-
sis of the two low-SR experimental data samples shown
in Heil and Irvine (1997). It will be seen that results
are qualitatively unchanged by choice of criterion; i.e.
model fits experimental data well. However, popula-
tion plots of model K vs. SR are more similar to K vs.
SR for the experimental population when Criterion 2
is used.

Results

All experimental data and analyses are from Heil and
Irvine’s study of cat auditory nerve responses (Heil and
Irvine, 1997), unless indicated otherwise.

Experimental Results from Individual
Nerve-Fibers: Summary

Auditory nerve first-spike timing shows four proper-
ties. (1) Latency to pure tones with cosine-squared
rise-envelopes decreases with SPL and depends upon
rise-time. (2) Latency versus log (MAPP) curves at dif-
ferent rise-times align, except around low SPLs. (3) 1.
and 2. are also true if one considers standard-deviation
instead of latency. Thus, standard-deviation of la-
tency to pure tones with cosine-squared rise-envelopes
decreases with SPL and depends upon rise-time.
Standard-deviation versus log (MAPP) curves at dif-
ferent rise-times align, except around low SPLs. (4)
Standard-deviation of latency increases almost linearly
with mean latency.

Given SR and CF, Model Data Mimics
Experimental Data

The model reproduces the properties described in the
preceding paragraph quantitatively. Model and exper-

imental responses for 2 fibers (with SRs of 5.8 and
52 spikes/second respectively) are shown in Figs. 2
and 3. As is the case for experimental data, model la-
tencies decrease with SPL and depend upon rise-time
(Figs. 2 and 3A). Model latency versus log (MAPP)
curves at different rise-times align, except around low
SPLs (Figs. 2 and 3B). Also, model standard-deviation
versus log (MAPP) curves at different rise-times align,
except around low SPLs (Figs. 2 and 3C). As shown
in the Discussion section (also Fishbach et al., 2001),
this dependence of latency and standard-deviation upon
MAPP arises because stimuli with similar MAPP
have very similar waveforms at onset; in other words,
similar stimuli elicit similar latencies and standard-
deviations.

However, the model replicates not just the depen-
dence upon MAPP, but more importantly, also the ex-
act nature of the dependence. Thus, model and experi-
mental latencies for both fibers are very similar to each
other (Figs. 2 and 3B); as seen by the fact that filled
(model data) and open (experimental data) symbols are
closely aligned, except at low SPLs. The same is true
for standard-deviation (Figs. 2 and 3C). Model and ex-
perimental standard-deviations are closely aligned with
each other. Finally, the relationship between latency
and standard-deviation in experimental data is quanti-
tatively reproduced by the model (Figs. 2 and 3D). This
of course follows from the fact that model latencies
and standard-deviations are very similar to experimen-
tal values. It will be seen from the next two sections that
the nature of the dependence upon MAPP is strongly
correlated with the SR (and to a lesser extent, CF) of
the fiber; the model reproduces these correlations very
well.

Model data do deviate from experimental data in
one aspect. Model spontaneous latencies and standard-
deviations are less variable than experimental laten-
cies and standard-deviations, and have higher values
(closed symbols near the ordinate in Figs. 2B and C and
3B and C lie above open symbols and are less spread
out). With this exception, once SR and CF are known,
the model quantitatively reproduces published exper-
imental data from individual fibers. The good quality
of the fit that is evident from visual inspection is cor-
roborated by the TAD statistic (Methods) for the mean
latency data. For both fibers, the model generated TAD
values that were larger than the value obtained using
the experimental mean latencies at least 75% of the
time. In other words, the magnitude of the deviation
seen between model and experimental mean latencies
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sampled randomly from the model. Since the standard-
deviations of model and experimental data are also very
similar, this behavior of the TAD statistic cannot be
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Figure 3. Another example of excellent correspondence between
model and experimental data. Format as in Fig. 2, except a high-SR
fiber is modeled (SR = 52 spikes/s). CF = 8.1 kHz, 0.7 ms was added
to model latencies.

explained as arising from a higher variability in model
responses.

It is interesting to note that in both example fibers,
standard-deviation is less than the mean (Figs. 2 and
3D) at most stimulus-values and approaches the mean
as mean latency becomes large. This is consistently
true of both model and experimental data and can be
interpreted in terms of the waiting time to first-spike
for a Poisson process (see Discussion).
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Figure4. Model replicates SR dependence. CF = 8 kHz. A: Model
latency vs. log(MAPP) at 4 SRs (see symbol key). The 4 solid lines
are curves of the form in Eq. (11) that best fit the data at each SR.
S increases with SR. B: Model latency vs. standard-deviation at 2
SRs. The 2 solid lines are best-fitting curves of the form in Eq.
(12). K decreases with increasing SR. C-D: Model S, K and mini-
mum latency (ordinates in C, D and Dj,) vs. SR (abscissa). 3 filter
gain values are used (symbol key in C). Five model S, K estimates
(from five repetitions) are shown at each SR and filter gain; the line
passes through their mean. Open circles (C-D): experimental (S, K)
data.

Summary of SR Correlations Seen
in the Experimental Population

Parametric curve fits were performed (Heil and Irvine,
1997) to the experimental latency versus log (MAPP)
data as well as the latency versus standard-deviation
data for individual nerve fibers (see Methods). The pa-
rameter estimates for these curves show strong and
systematic relationships with SR. Thus, from the la-
tency versus log (MAPP) curve fits to the population
of nerve fibers, it is seen that sensitivity S increases
with SR (open circles in Fig. 4C). A weak relation-
ship has been stated to exist between the asymptotic
minimum latency L, and SR: L., decreases with
increasing SR. Finally, the slope of the latency versus

standard-deviation relationship increases with increas-
ing SR. This leads to a lower value for the K parame-
ter of the fitted curve as SR increases (open circles in
Fig. 4D).

Model Quantitatively Reproduces These
Population Properties

The experimental relationships with SR are quanti-
tatively reproduced by the model. Figure 4A shows
model latency vs. log (MAPP) data and curve fits at 4
different SRs. S increases with SR. Figure 4B shows
model latency vs. standard-deviation data and curve
fits at 2 SRs. K clearly decreases as SR increases.
Figure 4C and D show that the similarity between
model and experimental results is quantitative, and not
merely qualitative. Parameter estimates from the model
at different SRs are very similar to those from exper-
imental data. The line joining the asterisks in Fig. 4C
and D passes through the mean S and K parameter es-
timates respectively from the model (the other 2 lines
are described in the next paragraph). This line closely
follows the trend shown by the experimental data (open
circles). Finally, model L, estimates increase slightly
with SR and thus fail to mimic the reported (weak) neg-
ative correlation between experimental L, estimates
and SR (not shown). However, a closely related quan-
tity, model minimum latency (across all stimuli tested:
Fig. 4D;,) clearly decreases as SR increases. This has
also been seen experimentally by Rhode and Smith
(1985).

There is considerable scatter in experimental S (and
to alesser extent, K) values at a given SR. However, ex-
perimental parameter estimates come from fibers with
a range of CFs and from different animals. It is well-
known that the gain of the external/middle-ear filter
varies with frequency (Rosowski, 1991); this is consid-
ered a major determinant of the audiogram. This sug-
gests a simple hypothesis: different external/middle-ear
filter gains at different CFs as well as filtering differ-
ences across animals contribute to scatter in S. This
hypothesis is strongly supported (and was motivated)
by the result (Heil and Irvine, 1997) that S varies with
CF in a manner that resembles the cat’s audiogram
(Fig. 5B).

The model fits 2 example fibers with CFs near
8 kHz without any external/middle-ear filtering (Figs. 2
and 3). Note that this is because xy was set to achieve
this; varying xo is identical to changing the gain G
of the external/middle-ear filter. Parameter estimates
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were also obtained from the model with the parameter
G set to 6 dB, 0 dB and —14 dB. These values were
initially chosen because minimum and maximum thres-
holds over the experimental CF range (.6-35.5 kHz),
relative to 8 kHz, were roughly —6 dB and 14 dB for
the N1 audiograms in Rajan et al. (1991). The effect
of the three different gain settings is simply to change
the SPL of the input stimuli by 6, 0 and —14dB respec-
tively. The curves at the 3 filter gain settings (which are
vertically displaced with respect to each other) together
span most of the scatter in experimental S values, sug-
gesting that external/middle-ear filtering may indeed
explain the scatter in S.

The following analysis was then performed to ex-
amine this explanation (that scatter in S results from
the CF-dependent variation in gain of the first gain
stage representing external/middle-ear filtering) more
directly. For each of the 77 auditory-nerve fibers in
the experimental data, model CF and SR were fixed
at experimental values and the gain G that produced a
model S value closest to that of the experimental fiber
was found. A bisection method was used to find the
best-fitting G; it guaranteed that the estimated best-
fitting value of G was not farther than 0.1 from the
true best-fitting value of G. The 77 estimated G values
are plotted versus CF in Fig. 5A. A U-shaped relation-
ship is visible, with minimum G values between about
15 and 30 kHz. Published psychophysical audiograms
from different studies (Fay, 1988; Heffner and Heffner,
1985; Neff and Hind, 1955) as well as N1 audiograms
from different cats (Rajan et al., 1991) show substan-
tial variability; however, they are all U-shaped and the
shape of these audiograms is roughly consistent with
the shape of G vs. CF plot in Fig. 5A. For compar-
ison, plots of S versus CF for experimental data are
also shown in Fig. 5B for each of the three SR classes;
as reported earlier (Heil and Irvine, 1997), a similar
U-shaped relationship with CF is seen for S as well.

The above results show that the variation in popu-
lation parameters with SR is reproduced very well by
the model. As noted in the Methods section, since SR
increases in the model are accompanied by changes in
the shape of the static nonlinearity, it is not possible
to disentangle their contribution to the observed cor-
relations with SR. For example, S may increase with
SR simply because higher spontaneous drives gener-
ate shorter latencies (Heil and Irvine, 1997), producing
higher sensitivity. Results using an alternative model,
described in the next section, help disassociate the con-
tribution of these two factors.
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Figure 5. Model and experimental parameter dependence on CF.
A: Plot of gain (G: estimated from experimental S values) of
external/middle-ear filter stage is roughly consistent with published
audiograms (see text). B: Experimental S vs. CF plot for compari-
son; experimental S values for low, medium and high-SR fibers are
plotted using different symbols (see key).

Data Rule Out an Alternative Model
for SR Generation

An alternative SR model assumes that SR is added to
the stimulus-driven output of a fixed nonlinearity. SR
generation is thus independent of the model’s stimulus-
driven stages (full description in Methods); in other
words, SR changes are not accompanied by changes in
the shape of the nonlinearity. S values from the alter-
native model do increase with SR, as shown in Fig. 6B.
However, this increase is very small when compared
to that seen in the experimental population. At higher
SRs, experimental S values are much larger than model
S values, independent of the filter gain settings used.
The discrepancy is not because of the particular values
of x¢ and K,, chosen; no single set of parameter val-
ues that could capture the population data was found
(not shown). On the other hand, K estimates from the
alternative model behave similar to those from the orig-
inal model (Fig. 6C, solid lines follow the open circles
well). Thus, while the dependence of K on SR may
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Figure 6. A: Input-output function of the nonlinearity used in the
alternative model. Y axis shows spike-rate (spikes/second). B, C
use the same format as Fig. 4C and D respectively, except that the
alternative model with additive SR is used instead.

indeed result simply from the increase in SR, the de-
pendence of S on SR in the original model arises from
the variation in shape of the static nonlinearity.

Experimental Responses to Linear Rise-Envelopes
in Cortex: Summary

Properties 1-4 described above for individual auditory
nerve fibers in response to tones with cosine-squared
rise-functions are also true for responses from audi-
tory cortical neurons (Heil, 1997a; Heil and Irvine,
1998). In addition, a similar set of 4 properties holds
for cortical responses to linear rise-envelopes (Heil,
1997a; Heil and Irvine, 1996). The 4 properties are: (1)
Latency to pure tones with linear rise-envelopes de-
creases with SPL and depends upon rise-time. Latency
versus rise-time plots at different SPLs are compres-
sive. (2) Latency versus log(MVPP) curves at differ-
ent rise-times align, except at low SPLs. (3) 1. and 2.
are also true if one considers standard-deviation in-
stead of latency. Thus standard-deviation of latency to
pure tones with linear rise-envelopes decreases with

SPL and depends upon rise-time. Standard-deviation
versus log(MVPP) curves at different rise-times align,
except at low SPLs. (4) Standard-deviation of latency
increases almost linearly with mean latency. Also,
standard-deviation increases faster with latency in re-
sponse to linear rise-envelopes, as compared to cosine-
squared rise-envelopes.

Model Accounts for Responses to Linear
Rise-Envelopes as Well

Auditory nerve fiber responses to tones with linear
rise-envelopes have not been reported in the litera-
ture. Also, while the latency properties of cortical
responses to tones shaped with linear rise-envelopes
have been modeled (Fishbach et al., 2001), the proper-
ties of standard-deviation have not been modeled. The
present model replicates all the properties described
above for auditory cortical neurons using tones shaped
with linear rise-envelopes, further supporting the idea
that these cortical properties are established in the
auditory nerve. This is shown in Fig. 7, where the
responses of the nerve-fiber in Fig. 2 to tones with
linear rise-envelopes are shown. Figure 7A shows
that latency decreases with SPL and depends upon
rise-time. Latency versus rise-time plots are com-
pressive (Fig. 7E and F). Latency versus log(MVPP)
curves align, except at low SPLs (Fig. 7B). Standard-
deviation versus log(MVPP) curves also align, except
at low SPLs (Fig. 7C). Standard-deviation increases
almost linearly with mean latency (Fig. 7D). Finally,
standard-deviation in response to tones with linear
rise-envelopes increases faster with latency when com-
pared to the standard-deviation in response to tones
with cosine-squared rise-envelopes (Fig. 7D, Dyy,).

Parameter Sensitivity

Varying model CF (2 kHz to 24 kHz), lowpass filter
corner-frequency (625 to 3750 Hz) and Rp.x (300 to
4500 spikes/second) has little effect on S and K esti-
mates (datanot shown). Increasing Ry,,x decreases Lpin
and SDp, (Fig. 8) for a range of corner frequency and
CF values. Effects of corner frequency and CF on L,
and SD,, are small. Thus the different curves in Fig. 8,
which are derived at different corner frequencies and
CFs, are only slightly different from each other. The
small variation in L, and SDp, at a given Ry.x is
due to CF (not shown). Increasing CF decreases L i,
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Figure 8. Sensitivity of results to variations in model parameters.
Lumin (left Y axis, X axis increasing from left to right) and SDmin
(right Y axis, X axis decreasing from left to right) vs. Rpmax, at 36
different CF-corner frequency combinations: 6 CFs (2, 4, 8, 12, 16
and 24 kHz) and 6 corner frequencies (625, 1250, 1875, 2500, 3125,
and 3750 Hz). SR was 5 spikes/second.

slightly, as expected from the properties of the gamma-
tone filter (Methods).

Discussion

The model used in this paper (henceforth “the present
model”) accounts quantitatively for almost all of the

experimental data on first-spike timing, its variability,
and their relationship to SR. The results can be divided
conceptually into four parts: (1) Modeling the depen-
dence of mean latency upon MAPP and MVPP, the
exact nature of that dependence, and its systematic vari-
ation between fibers. (2) Modeling the dependence of
standard-deviation upon MAPP and MVPP, the almost
linear relationship of standard-deviation to the mean,
and the systematic differences in the slope of this re-
lationship between different fibers. (3) Modeling the
effects of SR (both trend and scatter) on the envelope-
dependence of latency and standard-deviation. (4) The
physiological mechanisms that underlie the above re-
sults. In addition, based on the present model, one can
provide answers to questions raised by the data. For ex-
ample, does the SR dependence reveal anything about
the structure of the system, or is it a mere consequence
of the variation of baseline firing rate with SR? Are the
differences seen in the response properties of cortical
and nerve fiber populations the result of intermediate
transformations, or can they be simply explained by the
different SRs in these 2 areas?
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Comparison of Three Different Models

The present model passes the stimulus through a gain
stage, a bandpass filter, a rectifying, saturating non-
linearity, and a lowpass filter connected in series and
then uses the output of this series combination to drive
an inhomogeneous Poisson process. Such a model
is consistent with many previous models of auditory
nerve responses (see Methods). The model has two
variable parameters. One parameter controls the shape
of the nonlinearity and is determined by SR. The other
parameter models the CF-dependent gain of the gain
stage, which represents the external/middle-ear filter.
The results are shown to be quite insensitive to vari-
ations in the other (fixed) parameters. The inhomoge-
neous Poisson process that is used to generate a spike
functions by integrating the lowpass filter output and
generating a spike when the integral crosses a random
threshold that is exponentially distributed with mean 1.

Two other recent models are relevant to this dis-
cussion. The first model (Fishbach et al., 2001) ac-
counts qualitatively for various properties of mean
latency and onset response magnitude in the central
auditory system. In Fishbach et al.’s model, the audi-
tory nerve response is obtained by lowpass filtering a
log-compressed version of the amplitude envelope of
the stimulus. The output of the auditory nerve is then
passed through a series of stages that consist of further
lowpass filtering, compression, and bandpass filtering,
followed by a leaky integrate-and-fire spike-generator
that gives the central auditory response. The stages that
follow the auditory nerve essentially serve to reproduce
the result that the onset response magnitude in the cen-
tral auditory system often increases non-monotonically
with SPL at short rise-times and monotonically at
longer rise-times. Fishbach et al. show that mean la-
tency in their model depends on MAPP/M VPP and use
their model to correctly explain the reasons for this de-
pendence in the experimental data. However, the model
fails to reproduce the exact form of the dependence on
MAPP/MVPP seen in experimental latency data. As
the authors point out, the model markedly underesti-
mates experimentally measured mean latency values,
and generates S values that are consistently higher than
those measured experimentally. This departure is likely
to be even more severe if one uses the output of the audi-
tory nerve stage directly to generate a spike, for reasons
discussed below. Also, the stochastic nature of latency
is not modeled; the model treats latency as depending
deterministically on the stimulus. Finally, since the fo-

cus of the model is on central auditory responses, the
SR dependence in the auditory nerve is not considered
either. In fact, SR in the model is always zero.

The other model, which was developed concurrently
with the present model, is that of Heil and Neubauer
(2001). In contrast to Fishbach et al.’s model, Heil and
Neubauer’s model considers mean latency at the level
of the auditory nerve. However, as in the Fishbach
et al. model, latency is treated as a deterministic quan-
tity and its stochastic nature is not modeled. Heil and
Neubauer’s model treats the auditory nerve response
as being the result of integrating (with a constant
leak) the stimulus’ amplitude envelope. The equation
fOLfL“““(P — P.)dt = T is used to model the data,
where P is the peak-pressure waveform, L the mea-
sured latency, and P., T and L, are free parame-
ters estimated for each neuron by least-squares fitting
its latency data. The first-spike is generated when the
integral crosses the threshold value 7 (that varies from
fiber to fiber). Their model provides excellent fits to
the experimental mean latency data, after excluding re-
sponse latencies that are close to or larger than sponta-
neously measured values. Also, the threshold and leak
parameters obtained by fitting the latency data are well
correlated with the experimentally measured SR. How-
ever, the SR predicted by the model is consistently and
markedly lower than experimental SR by an average of
about 25 spikes/second. The authors argue that this re-
flects a base rate of about 25 spikes/second to which the
spike-rate generated by their model is added; it is not
clear why this base-rate is not accounted for directly
by the P, parameter. Further, even after incorporating a
base-rate of this magnitude, predicted SR is often neg-
ative (up to about —65 spikes/second) in low-SR fibers.

Heil and Neubauer visualize their integrator as op-
erating via the integration of calcium currents at presy-
naptic sites in the inner hair cell. They postulate a
calcium influx into the presynaptic site that is pro-
portional to peak-pressure; when the intracellular cal-
cium reaches a threshold concentration, the spike is
generated. Studies of vesicle exocytosis in the au-
ditory nerve synapse (Beutner et al., 2001; Moser
and Beutner, 2000) do not show any evidence for
the existence of such an integration stage. More im-
portantly, this mechanism (at least as described in
their paper) is clearly inconsistent with the high-
frequency response properties of this synapse. The
auditory nerve synapse can synchronize to stimulus
frequencies up to 5 kHz (Weiss and Rose, 1988);
the long time-constant of the calcium concentration
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in their model will filter out frequencies much lower
than this. It may be possible to rescue the mech-
anism by additionally postulating that the accumu-
lated presynaptic calcium is rapidly buffered away
once the threshold concentration is reached; in other
words, the calcium concentration is reset to baseline
once the spike is generated. This is only a hypotheti-
cal possibility; the synchronization properties of such
“integrate-and-fire with reset” models under differ-
ent stimulation conditions and parameter settings re-
main a subject for study (e.g. Brunel et al., 2001).
Moreover, no physiological basis is known for such
a buffering mechanism. In the present model, the in-
tegrator stage instead emerges naturally from the stan-
dard stochastic model of the auditory nerve spike-train
as arising from a Poisson spike-generating process.
The Poisson process, modified by a refractory-period,
is commonly used in auditory nerve models (e.g.
Carney, 1993; Hewitt and Meddis, 1991) and analy-
ses of auditory nerve data (e.g. Gaumond et al., 1983;
Johnson, 1978); this is mostly motivated by the ex-
ponential nature of the inter-spike interval distribu-
tion. The high-frequency response properties of the
Poisson process are also fully consistent with the abil-
ity of auditory-nerve fibers to follow high-frequency
stimuli, as discussed further in a following section.
Finally, the Poisson process can be shown to be the
limiting distribution for sums of independent ran-
dom point processes under very general conditions
(Daley and Vere-Jones, 1988). Indeed, the Poisson
process is the “standard” way to model spike-trains,
both in the auditory system and in the rest of the
brain (Johnson, 1996; Rieke et al., 1997).

For all of the reasons mentioned above, and be-
cause the present model is more consistent with ex-
isting models of auditory nerve function, it is arguable
that the present model is the best available way to ac-
count for Heil and Irvine’s data. Further, because it
explicitly models the envelope extraction stage, the
present model can be naturally extended to low-
frequency tones or to more complex signals, where it is
not possible to simply consider the peak pressure wave-
form as driving auditory nerve responses. Incidentally,
it is interesting to note that the stochastic nature of
the present model (unlike the other two models) is an
advantage not only because it accounts for the prop-
erties of standard-deviation, but also because it allows
the plausible and physiologically-consistent interpre-
tation of the integration stage as arising from Poisson
spike-generation.

Dependence Upon SR

Fibers of different SR can receive input from the same
inner hair cell (Liberman, 1982; Liberman et al., 1990;
Merchan-Perez and Liberman, 1996). Therefore, the
variation in shape of the static nonlinearity and the re-
sulting change in resting bias that produces the varia-
tion in model SR may both arise from the process that
converts inner hair cell potential to spikes (i.e. from the
synaptic input-output function). This synaptic input-
output function is affected by a wide range of pre- and
post-synaptic factors, including those related to cal-
cium dynamics, vesicle release, and post-synaptic re-
ceptor properties. The resting-bias mechanism for SR
has also been proposed on the basis of other results
from the auditory nerve (Horst et al., 1990; also: Yates,
1991). In the present model, the shape of the nonlin-
earity is fully determined by SR. An alternative model
where SR is simply added to the stimulus-driven out-
put of a fixed nonlinearity captures the dependence of
K on SR, but clearly fails to replicate the dependence
of S on SR. This suggests that the dependence of S
on SR is not simply the result of an increased baseline
firing rate at higher SRs, but actually reflects some SR-
dependent structural property of the auditory periphery.
More specifically, in terms of the model, it reflects the
shape of the peripheral static nonlinearity. Incidentally,
the fact that pure tones presented away from CF can
suppress SR in auditory nerve fibers also suggests that
SR is influenced by the stimulus, and is not separate
from the stimulus-driven stages of the system (Henry
and Lewis, 1992). SR is also inversely proportional to
firing threshold, and it has been suggested that this is
because low-SR fibers have lower slopes in their input-
output function around firing threshold (Geisler et al.,
1985). The model shares this property. However, in or-
der to make direct quantitative comparisons to thresh-
old data, it would be necessary to extend the model to
steady-state responses by including one or more stages
of adaptation (e.g. Hewitt and Meddis, 1991).

Discrepancies Between Model and Experiment

Model spontaneous measures are larger and less vari-
able than those observed experimentally, even when
SRs are identical. The experimental distributions for
the spontaneous measures are broader, and have a
longer tail at the low end (thus generating lower spon-
taneous values for mean and standard-deviation) when
compared to model distributions at the same SR. This
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may be the result of the fact that, unlike in the model,
experimental spontaneous firing is not strictly Poisson
(see Lowen and Teich, 1992).

While experimental L, values show a weak neg-
ative correlation with SR, model L, values using
Criterion 2 actually show a slight positive correlation.
This discrepancy is likely to be an artifact of the differ-
ences in fitting procedure, because model L, values
using Criterion 1 do decrease with increasing SR, as
seen experimentally. Thus, L, appears to be quite
sensitive to the choice of points to include while fit-
ting. Further, a more robust measure of model latency,
the minimum latency across all stimuli tested, showed
a clear negative correlation with SR; this has also been
seen in other experimental data (Rhode and Smith,
1985). In the experimental analysis (Heil and Irvine,
1997), this same measure shows a very strong correla-
tion with L, and is therefore also expected to show
the same negative correlation with SR as L,;,. These
results give further credence to the possibility that the
failure of Criterion 2 L, values from the model to
show the negative correlation is the result of some ar-
tifact of the Criterion-2 based fitting procedure.

Occasional low-SR fibers have long minimum la-
tencies (Heil and Irvine, 1997; Rhode and Smith,
1985). Low-SR fibers may have smaller maximal fir-
ing rates (Liberman et al., 1990; but see: Yates, 1991).
If so, model Ry,x may be smaller (than the 3000
spikes/second value used in the present model) for these
low-SR fibers. This would explain the longer minimum
latencies, because L, increases with decreasing Ryax
(Fig. 8).

Dependence Upon CF

Estimates of the parameter G from the experimen-
tal data reveal a U-shaped dependence of G on CF
(Fig. 5A). Published psychophysical audiograms from
different psychophysical studies (Fay, 1988; Heffner
and Heffner, 1985; Neff and Hind, 1955) as well as
N1 audiograms from different cats (Rajan et al., 1991)
show substantial variability. Given this variability, the
observed relationship between G and CF is roughly
similar to these audiograms; this supports the hypoth-
esis that the scatter in S at a given SR can be ac-
counted for by considering the effects of CF-dependent
external/middle-ear filtering. Experimental S estimates
also depend on CF in a manner roughly resembling the
audiogram (Fig. 5B); the scatter in S at a given CF
arises at least partly from the variation in SR at a given

CF. In the ideal situation (where the model accounts
perfectly for the data), if all the variation at a given CF
in the S vs. CF plot (Fig. 5B) were due to SR, then
model G estimates should be constant at a given CF.
This is because the parameter G depends only on CF,
and not on SR; thus, estimating G should factor out
the influence of SR in the S vs. CF plot. Considerable
variability in G still remains at most CFs. This vari-
ability could of course arise from across-animal dif-
ferences in filtering as well as other sources of noise.
The variability could also arise from the fact that in the
model, xo was kept fixed as SR varied; only K,, was
allowed to vary with SR. Any variation in the shape
of the nonlinearity that is not captured by varying K,
will affect the G estimate. It would be interesting to
reexamine these issues in data derived from a single
animal.

Dependence of Latency Upon MAPP/MVPP

As shown by Fishbach et al. (2001), the dependence of
mean latency on MAPP/M VPP arises because stimuli
with similar MAPP/MVPP are similar at onset. Linear
rise-envelope tones with equal MVPP are identical dur-
ing their rise-time (see formulae in Methods). Cosine-
squared rise-envelope tones with the same MAPP have
similar onset-shapes (Fig. 1 in Heil, 1997b), because
MAPP is the first-order Taylor series approximation
at onset for cosine-squared rise-envelopes (Fishbach
et al.,, 2001). Similar stimuli will elicit similar re-
sponses; therefore, any model that generates a spike
based on the onset portion of the envelope will repli-
cate the dependence upon MAPP/MVPP. Low-SPL
responses deviate from the common curve on which
other responses lie, because the onset ramps of low-
SPL stimuli are short and their waveforms deviate early
from higher-SPL stimuli with the same MAPP/M VPP
(Fishbach et al., 2001); further, first-spikes at low SPLs
are strongly SR-driven. This explanation is corrobo-
rated by the fact that responses at low SPLs are very
similar at all rise-times (Figs. 2 and 3A).

Importance of the Integration Stage

Model S values from Fishbach et al.’s model are consis-
tently higher than cortical experimental S values, be-
cause model latencies tend to be considerably shorter
than experimental latencies. This discrepancy between
model and experimental S values will be exacerbated
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if one considers the response at the level of the nerve.
Processing in the Fishbach et al. model at the auditory
nerve stage consists of logarithmic compression and
lowpass filtering. The time-constant of this lowpass fil-
tering stage lies in the millisecond range. Indeed, the
ability of auditory nerve fibers to follow pure tones up
to 5 kHz limits the time-constants of the stages pre-
ceding spike-generation in any realistic model, to val-
ues in the millisecond or sub-millisecond range. Since
the ability of a lowpass filter to delay a signal is lim-
ited by its time-constant, models that rely solely on
static nonlinearities and lowpass filtering using a time-
constant of this magnitude will fail to reproduce the
data. Both Heil and Neubauer’s model and the present
model can reproduce latencies quantitatively, because
they possess an integration stage that provides the long
time-constant required to capture the latency data ac-
curately. In the present model, this integration stage
resides at the level of spike-generation; the presynaptic
locus that was proposed by Heil and Neubauer for their
integration mechanism is not consistent with the ability
of auditory nerve-fibers to follow high-frequency tones,
as argued in a previous section. Long time-constants in
the spike-generation stage can co-exist with an abil-
ity of the spike-train to follow high-frequency input.
Indeed, the Poisson spike-generator can follow arbi-
trarily high frequencies; this follows immediately from
the fact that it is a memoryless point process. Thus, nu-
merous models for phase-locking to pure tones in the
auditory nerve use Poisson spike-generators success-
fully (e.g. Carney, 1993; Hewitt and Meddis, 1991).
Fishbach et al.’s model uses a leaky “integrate-and-
fire” spike-generator, which operates as a threshold ap-
plied to the output of a first-order lowpass filter. Sim-
ulations (unpublished observations) suggest that one
would have to use a very long time-constant for the
spike-generator’s lowpass filter in order to reproduce
the latency data accurately using their model. However,
in reality, this time-constant is limited physiologi-
cally by the membrane time-constant and therefore,
it appears unlikely that the membrane time-constant
is long enough to be the source of the long laten-
cies seen in experimental data (Heil and Neubauer,
2001). Further, in contrast to the situation with the
Poisson spike-generator, the ability of integrate-and-
fire spike-generators to follow high-frequency stimuli
under different stimulation conditions and parameter
settings remain a subject for study (e.g. Brunel et al.,
2001).

A Threshold Model is Not Ruled Out

A simple model for first-spike generation suggests that
the first-spike is generated when stimulus amplitude
crosses a fixed threshold value. This model has been
rejected for 2 reasons (Heil and Irvine, 1997; also see
Heil and Neubauer, 2001). However, the latency data
can be reproduced using a threshold that acts on a trans-
formed version of the stimulus envelope. The 2 reasons
for rejecting the stimulus threshold model were: (1)
Consider a linear rise-envelope E(t) = ¢/T (T': rise-
time), and a threshold B. If latency L is the envelope’s
threshold-crossing time, then L = BT; L is linearly re-
lated to T. Experimental latency versus rise-time plots
are instead compressive (Heil and Irvine, 1996). To see
why applying the threshold to the integrated envelope
produces compressive plots, consider the following ar-
gument. Assume that the first-spike is generated when
the integral of the (linear) rise-envelope E(t) crosses a
threshold B; L is the time of threshold-crossing (first-
spike latency). Then:

L L
f E(t)dt = / (t/T)dt = L*/(2T) = B;

0 0 (13)

Solving, B =L?/2T), L =~2BT
L is thus acompressive function of 7. (2) If the stimulus
threshold model were valid, peak pressure at the time
of spike-generation 7 (estimated as latency predicted
from the latency versus log(MAPP) curve fit minus
Lnin) would be identical to threshold peak pressure,
and therefore constant. Experimental data from pri-
mary auditory cortical neurons contradicts this (Heil,
1997b). In primary auditory cortex, peak pressure at the
end of an “integration period” (response latency pre-
dicted from latency vs. log (MAPP) curve fit for each
stimulus presented minus Lp;,; this is the same as 1)
is not constant, and has a characteristic pattern (Heil,
1997b, Fig. 8). The present model predicts that auditory
nerve fibers will also show this characteristic pattern,
as shown for the response of the fiber in Fig. 2 (Fig. 9).
Again, this is because the threshold acts on a trans-
formed version of the stimulus. The transformation
process introduces an envelope-dependent delay, i.e.
the spike is generated after different amounts of delay
for different stimuli. Subtracting a constant L, will
not compensate for this stimulus-dependent delay. Es-
timation errors in L ,;, can further accentuate the effect.
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Figure 9. Plot of “integration period” t vs. peak pressure at 7 for
Fiber 1 from Fig. 2 replicates pattern reported for auditory corti-
cal neurons. Stimulus duration = 400 ms. A cosine-squared rise-
envelope, and SPLs from 10-90 dB at 5 different rise-times (symbol
key) were used.

Variability of First-Spike Timing

Phillips and colleagues pointed out that the mean
standard-deviation of first-spike timing in auditory cor-
tical neurons is less than a millisecond (Phillips and
Hall, 1990). This surprisingly low variability is com-
parable to that found in the auditory nerve (Heil, 1997a;
Heil and Irvine, 1997; Phillips and Hall, 1990). At both
loci, standard-deviation of latency increases almost lin-
early with mean latency. The standard-deviation of the
latency distribution predicted by the present model,
once SR and CF are known, agrees excellently with
experimental standard-deviations. The present model
uses a Poisson spike-generator; spike-timing from this
generator can be interpreted in terms of the time to
cross an exponentially distributed threshold. As is
often pointed out, the decrease in standard-deviation
of latency with a decrease in mean latency is proba-
bly related to the fact that functions with steep slopes
cross (random) thresholds early (giving a smaller mean
latency) and quickly (resulting in a smaller jitter in
threshold-crossing time: e.g. Cecchi et al., 2000; Stein,
1967). Interestingly, very similar results have emerged
from studies of the visual system. Spike-timing in re-
sponse to transients can be extremely precise. Further,
both variability and latency decrease with stimulus
magnitude (e.g. Berry et al., 1997); however, the re-
lationship between these two measures doesn’t seem
to have been examined.

The model also accurately accounts for the depen-
dence of standard-deviation upon SR for the auditory
nerve population. For a given latency, standard-
deviation is higher if SR is higher. A very similar result
has been obtained recently for first-spike latency in
integrate-and-fire models (Van Rossum, 2001) under a
wide range of stimulation conditions. The author shows

that background noise (which would also increase SR)
decreases first-spike latency and increases standard-
deviation, thus producing a fast but jittery response.
Interestingly, background noise is also reported to im-
prove the sensitivity of neurons to small inputs (Ho and
Destexhe, 2000). This result is reminiscent of the lower
thresholds in high-SR fibers. These analogies hint at
possible general principles in the relationship between
SR and transient responses in the nervous system.

S and K: Effects of Central Processing?

S values from auditory nerve and primary auditory cor-
tex largely overlap (Heil and Irvine, 1997); however,
the very large S values seen in the nerve are not seen
in the cortex. Also, auditory cortical neurons do not
show a large part of the range of small K values that
are found in the nerve. It has been suggested that these
differences might arise simply from the lower SR in
anesthetized auditory cortex as compared to the nerve
(Heil and Irvine, 1997). The modeling results support
this suggestion. The difference between the largest S
values seen in nerve and cortex is about 0.9 (Heil and
Irvine, 1997). This is not much larger than the varia-
tions of S with SR at a given filter-gain (Fig. 6B) for the
alternative model. Similarly, by comparing responses
from the alternative model to those using the present
model, it can be seen that the dependence of K on SR
primarily reflects the baseline firing rate.

Factors like best modulation-frequency (e.g. Krishna
and Semple, 2000) and stimulus location (e.g. Brugge
etal., 1996) are known to affect latency at central levels.
It is not clear if these factors simply add fixed delays
(which would leave S unchanged), or whether they af-
fect the dependence of latency on MAPP/MVPP, or
both (see Eggermont, 1998).

Time-Intensity Trading: A Speculation

On the basis of psychophysical data that indicate two
different time-intensity trading ratios for pure tones,
it has been proposed (Hafter and Carrier, 1972) that
there exist two different processes for intensity-to-time
conversion in the auditory periphery. It was speculated
that these two mechanisms resided in the inner and
outer hair cells respectively. In a model where spikes
are generated when the hair cell potential crosses
a threshold value, if the inner and outer hair cell
thresholds were no more than 20 dB apart, the data
could be accounted for. In hindsight, it seems more
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plausible now to locate the two mechanisms in fibers
of low and high SRs. Auditory nerve fibers have a
bimodal SR distribution (Liberman, 1978). Further,
as discussed above, the sensitivity of auditory nerve
fiber latencies to changes in stimulus SPL (at a given
rise-time) depends on SR. This could potentially
create two different intensity-to-time conversion
mechanisms. The model discussed here can be used
to predict the relationship between tone intensity and
the distribution of first-spike latency, once SR and CF
are known. It would therefore be interesting to use the
present model as a starting point to try and account for
psychophysical results on time-intensity trading.

Appendix 1

The stimulus S(¢), a pure tone with rise-time 7 and
total duration D is described by:
S(t) = E(t)(Asin(wt)), w =2x(CF),
A is peak pressure (Pa) (14)

For cosine-squared rise-envelopes:

E({t) = —cos(mt/T))/2, t<T (15)
Et)=1, T<t<D-T
E(t) = (1 = cos(m(D —1)/T))/2,
D-T<t<D
MAPP = A(r/T)*/2 (16)

For linear rise-envelopes (Fig. 9A-F):

E@t)=1t/T, t<T a7

Et)=1, T<t<D-T

Et)=(D—-t)/T, D—-T <t<D
MVPP = A/T (18)

Appendix 2

For completeness, results using Criterion 1 are shown
in Fig. 10. Criterion 1 S estimates (Fig. 10A) from
the present model are quite similar to experimental
estimates (and therefore also to those using Criterion
2, Fig. 4C). Similarly, Criterion 1 S estimates from the
alternative model (Fig. 10C) behave similar to those
using Criterion 2 (Fig. 6B). Thus the estimate of S is
quite robust and insensitive to the choice of data points
to include in the fit. Estimates of model K values using

Criterion 1 from the present (Fig. 10B) and alternative
models (Fig. 10D) are often lower than experimental
K values; they are also more variable. However, they
do reproduce the qualitative trend shown by Criterion
2 estimates: model K values from both the present and
alternative model show an SR dependence similar to
that of experimental K estimates. Finally, model L i,
values from the present model (Criterion 1) decrease
with increasing SR as seen experimentally (not shown).

7746 »0 x-14dB

15 e,
.01 A 1 10 100

Spontaneous-rate (Sp/s)

Figure 10. Plots of S and K (estimated using Criterion 1) vs. SR
for both the original model where the nonlinearity varies with SR (A,
B) and the alternative model with additive SR (C, D). A, C: S vs. SR,
format as in Fig. 4C. B, D: K vs. SR, format as in Fig. 4D. Results
remain qualitatively unchanged with this criterion; however, fits of
K vs. SR are better using the modified criterion (Figs. 4 and 6).
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Appendix 3

A Short Result on the CV of an Inhomogeneous
Poisson Process

A quantity that relates standard-deviation and mean
latency is the coefficient of variation (CV: standard-
deviation divided by the mean) of the latency distribu-
tion. The CV for a homogeneous Poisson process is 1.
The CV is an index of regularity; thus, large CVs indi-
cate irregular processes (Johnson, 1996). The CV for
both experimental and model data lies mostly below 1
(Figs. 2D and 3D). It is shown here that for the class
of monotonically varying rate-functions, the CV of an
inhomogeneous Poisson process is related to whether
the rate-function is increasing or decreasing. Monoton-
ically increasing rate-functions always produce CVs
< 1. This is an interesting point-process analog of
the notion that sharply rising waveforms elicit pre-
cisely timed spikes. The result suggests that standard-
deviations in Figs. 2D and 3D are generally smaller
than the means (and therefore the CVs below 1), be-
cause of the rising-nature of the stimulus envelope. The
standard-deviations in Figs. 2D and 3D are also seen
to become close to the mean latencies (and the CVs
close to 1) when the mean latencies become long. This
is because the first-spike is then strongly influenced
by the final steady-state portion of the envelope (and
the SR, especially at low SPLs). Therefore, the CVs
become close to the value of 1 for the homogeneous
process. It is also shown that monotonically decreas-
ing rate-functions (such as might occur at the offset
of a stimulus) produce CVs > 1. This is interesting
because it is stated (Johnson, 1996) that while it is the-
oretically possible for CV to exceed 1, CVs near 1 are
usually taken as an indication of irregularity. The result
gives a whole class of (monotonically decreasing) rate-
functions that result in a CV > 1. The proof follows.

Let A(s) be the rate-function for a spike train thatis an
inhomogeneous Poisson process. A(s) > 0. By defining
f@) = fot A(s)ds, one can show that the probability-
density function pr(t) for the waiting time 7 to the
first spike (first-spike latency) is f'(t)e=/® (Snyder
and Miller, 1991). This implies that:

/oo e’ Ddr =1 (19)
0

It is well-known that the CV of T in the homogeneous
case where A(s) is constant is equal to 1 (Snyder and
Miller, 1991). It is shown here that CV < 1 if A(s)

is monotonically increasing and >1 if A(s) is mono-
tonically decreasing. To prove the case where A(s) is
monotonically increasing, assume without loss of gen-
erality that the mean of 7, E(T) = 1. Then to prove
that CV(T') < 1, one has to show that variance (T') < 1,
which is the same as showing that E(T?) < 2 (since
E(T?) = Variance+E(T)?).

oo
E(T) =1, implies that / (1) e dr =1
0
(20)

Expanding by parts, and using the fact that te=/)|3° =
0, one gets

00 3
/ e/ Ddr =1. 1)
0

If E(T?) <2, [;°t?f'(t)e~ /" dt < 2. Expanding by
parts as above gives

/ te ' Ddr < 1. (22)
0

Thus, (22) must be shown to be true to get the desired
result. To prove (22), consider (20). It can be shown that
covariance(X f(X)) > 0, where X is any random vari-
able and f(X) is a monotonically increasing function
of X. This is intuitively seen by considering that

covariance(X f (X)) = E[(X — E(X))
x (f(X) = E(f(XON]  (23)

Clearly, the right-hand-side of (23) is >0 for monotoni-
cally increasing f(X). Also, the right-hand-side of (23)
can be rewritten as E(X (X)) — E(X)E(f(X)). Then
covariance(X f(X)) > O implies that E(Xf(X)) >
E(X)E(f(X)). Using this result on the left-hand-side
of (20) by treating ¢ as X, f’(z) as f(X) and e~ f®
as the density (allowed because 0 < e /<1 and
[ e/ dt = 1 from (21)) gives:

/ ” tf'(t)e 'O dr

0
z/ te‘f(’)dt/ fltye 7 Odr (24)
0 0

Substituting (19) and (20) in (24) gives [, te=/ " dr <
1. This is the required result.

Similarly, using the fact that if f(X) is a monotoni-
cally decreasing function of X, covariance(X f (X)) <
0; one can show that CV(T") > 1 if A(s) is monotonically
decreasing.
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Note

1. Interestingly, Heil and Neubauer’s model can be shown to have
a form that is quite similar to that of the present model. Clearly,
their model equation can be rewritten as fOLfL‘"i" H(P—P.)dt =
1, H = 1/T. Now, the threshold in their model is fixed (at 1)
across all neurons, as in the present model. Instead, the slope
of the linear input-output function varies systematically between
neurons, with high-SR neurons having higher slopes. It may be
possible to extend their model to the standard-deviation results
by making the threshold an exponentially distributed random
variable. Such a reformulation allows one to interpret the Heil
and Neubauer integrator also as resulting from the Poisson spike-
generating process, thus avoiding the problems associated with
interpreting the integration as resulting from a process of presy-
naptic calcium accumulation.
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