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FIG. 4. Population summaries for the quadratic model for 17 cases studied
in 12 type IV neurons. Some neurons were studied at more than one sound
level and are represented by more than one point in each plot. Reference sound
level of the stimuli is indicated by the color and symbol style, according to the
legend at top right (dB SPL per component). In all panels, the points show the
mean of 1,000 bootstrap trials and the vertical lines show the SD. A: fv (Eq. 4)
for prediction data (ordinate) vs. spectral contrast (abscissa). Two neurons had
Jfv values <0 at 12-dB contrast and those points are off-scale. B: norm (length)
of the Ist-order weight vector is plotted vs. spectral contrast for the same data.
C: similarity index (Eq. 7) between the Ist-order weight vectors at 3- and
12-dB contrast are shown for each case, indexed along the abscissa in the order
in which the neurons were studied. D: largest positive and negative eigenvalues
of the 2nd-order weight matrix are plotted vs. spectral contrast. E: similarity
between largest-eigenvalue eigenvectors at 12- and 3-dB contrast for each
case. Results for the largest positive eigenvalue are in the fop plot and for the
largest negative eigenvalue in the bottom plot.

P = 10~*. The median ratio of the 3- and 12-dB first-order
norms was 2.7. Similar results were obtained for the eigenval-
ues, with median ratios of 4.0 and 3.7 for positive and negative
eigenvalues, respectively.

As in the examples in Figs. 2 and 3, the weights changed
primarily in amplitude, and not in shape, as spectral contrast
changed. The similarities of weight shape for 12- and 3-dB
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contrasts were quantified by the cross-correlation or similarity
index (SI)
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where X, and x; are the 12- and 3-dB weight vectors (or
eigenvectors) for a neuron. The SI measures the cosine of the
angle between the vectors; SI = 1 for vectors that differ only
in length. Figure 4C shows that the majority of neurons had
first-order weight vectors at the 12- and 3-dB spectral contrast
with SI values ~1. A similar result is seen for the largest-
eigenvalue eigenvectors of the second-order weight matrices
(Fig. 4E), except that the similarities are smaller and the
variability in the measures is larger.

S
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Compression of the range of discharge rates

The decrease in weight size as spectral contrast increases
should result in a compression of the range of discharge rates
produced by stimuli at higher spectral contrast. The examples
in Figs. 2D and 3D show this effect, in that the range of
discharge rates produced by the RSS set is smaller at larger
contrast than would be predicted by a linear model with fixed
gain. For example, going from the 3- to the 12-dB contrast
increases the amplitudes of stimulus bins by a factor of 4, but
significantly increases the range of rates by a factor of <4. The
range of rates produced by the RSS sets was measured as the
interdecile range, the range between the 10 and 90% points in
the populations of rates along the abscissae of Figs. 2D and 3D.
The interdecile ranges are plotted in Fig. 5 as the range for the
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FIG. 5. Range over which discharge rate varies at 3- and 6-dB contrast

(ordinate, identified by symbols) is plotted against the rate range for 12-dB
contrast (abscissa) for the population of DCN neurons; the ranges of auditory
nerve (AN) fiber discharge rates at 3- vs. 12-dB contrast are also shown for
comparison. Each point is the result for one neuron studied at both contrasts.
Rate range is measured as the interdecile range, the difference between the
10th and 90th percentiles of rates in response to an RSS set of a particular
contrast. Dashed line shows where ordinate values are half the abscissa values,
appropriate to a linear (constant weight) change in rate range between the 12-
and 6-dB contrasts; the dotted line is the same for a 1/4 ratio, appropriate to 12-
and 3-dB contrasts.
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12-dB contrast stimuli (abscissa) versus the ranges for the 3-
and 6-dB contrasts (ordinate). The dashed line shows the
expected location of the data points for 6-dB contrast (filled
circles), based on a linear model with constant weights; in this
condition, the rate ranges for 6-dB contrast should be half the
values for 12-dB contrast. The dotted line shows the ratio of
1/4 expected for the 3-dB contrasts. The points for both the 3-
and 6-dB contrasts are all above the lines, except for one point,
showing that rate ranges are compressed at higher contrasts.
The pluses show AN data, subsequently discussed.

Saturation and threshold nonlinearities

Conceivably, these changes in weight size could occur if the
range of rates produced by the neuron is constrained by
saturation at high rates and by a threshold at zero rate, or the
spontaneous rate. This seems unlikely in our data because the
rate plots in Figs. 2D and 3D are typical of DCN type IV
neurons in that they do not show obvious rate constraint
effects, except at zero rate.

To evaluate the importance of a static nonlinearity, three
static nonlinearities were incorporated into the model: a simple
one-parameter rectifier with a threshold; a two-parameter rec-
tifier with a threshold and saturation; and a sigmoidal rate
function given by g(x) = a/[l + exp(—bx + c¢)]. The static
nonlinearities were placed after the quadratic model as in
previous studies (e.g., Chander and Chichilnisky 2001; Nagel
and Doupe 2006). The parameters of each nonlinearity were
estimated concurrently with the weights, by combining them
into a single-parameter vector (containing the w;, the m;, and
the parameters of the nonlinearity) and then using a gradient
descent algorithm (Nelder—-Mead simplex direct search using
the Matlab function fiminsearch) to minimize the chi-square
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FIG. 6. Results of adding 3 different static nonlinearities to the model are
shown. A: prediction performance (fv) of the model with (ordinate) and
without (abscissa) a static nonlinearity is shown. Symbols identify the type of
nonlinearity (identified in the legend at right) and the lines show bootstrap SDs
of the estimates of fv. B: length (norm) of 1st-order weight vectors with and
without the static nonlinearity. Symbols and lines are the same as in A. C:
maximum and minimum eigenvalues of 2nd-order weight matrices estimated
with or without a static nonlinearity.
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error function (Eq. 2). The original weighting function param-
eters were used as seed parameters to improve convergence.

The static nonlinearities were applied to the models at 12-dB
contrast. As seen in Fig. 6, they did not improve the prediction
performance of the model. Figure 6A compares the fv of the
prediction performance for the quadratic model without the
static nonlinearity (abscissa) and the fv including the static
nonlinearity (ordinate). With all three nonlinearities (see leg-
end) the performance is worse with the nonlinearity. Of course,
the fir of the model to the data was slightly better with the static
nonlinearities (Reiss 2005), even though the prediction perfor-
mance did not improve. This result probably derives from
overfitting of the data by the static nonlinearities.

Consistent with this negative result, adding the static non-
linearity had only small effects on the weight amplitudes at
12-dB contrast (Fig. 6, B and C); the lengths (norms and
eigenvalues) of weight vectors were only slightly larger with
the static nonlinearity.

Effects of spectral contrast in the auditory nerve

It is useful to compare the effects of stimulus contrast on
DCN responses with the effects seen in the AN. Sufficient data
were obtained from 14 AN fibers with BFs from 2.05 to 9.07
kHz and a range of spontaneous rates (0.5-95/s). Data were
obtained at 3- and 12-dB contrast only; as noted in METHODS,
repeat presentations of the 3-dB stimuli were not done because
of limited recording time. Generally the results from the AN
fibers are qualitatively similar to those from DCN neurons.

Data from an example AN fiber are shown in Fig. 7 and the
population summary of AN fibers is shown in Fig. 8. As in the
DCN, the first- and second-order weights of AN fibers were
larger for the 3-dB stimuli than those for the 12-dB stimuli
(Fig. 7, A-C); this result also held for the population of AN
fibers (Fig. 8, A and B). Quantitatively, the median ratio of the
norms of the first-order weights for 3-dB relative to 12-dB
stimuli was 1.6 (significantly different from 1 at P < 0.001,
two-sided sign test). This compares to 2.7 in DCN neurons
(significantly different at P < 0.002, rank-sum test). Second-
order weights were also larger for 3-dB stimuli in the AN
fibers; the median ratio of the largest eigenvalues, 3 dB over 12
dB, was 5.0 for positive and 13.0 for negative eigenvalues
(both significantly different from 1 at P < 107°). These
numbers are noticeably larger than the ratios in the DCN (4.0
for positive eigenvalues, 3.7 for negative eigenvalues). This
result reflects mainly the very small size of second-order
eigenvalues for the 12-dB contrast stimuli in the AN data.

The shapes of the AN weight functions did not change much
between 3- and 12-dB stimuli, as indicated by the similarity
indices (Fig. 8, C and D). The similarity indices were generally
smaller for the second-order weights in the AN compared with
the DCN data, again reflecting the small size of the second-
order weights at 12-dB contrast.

The behavior of the rate range was similar to that for DCN
neurons (Fig. 5, + symbols), with the 3-dB range somewhat
larger than expected if there were no gain change. However,
the changes in the weights from 3- to 12-dB contrasts suggest
that the adjustment of rate ranges depends more on second-
order terms in the AN, compared with the DCN.

The most noticeable change from DCN neurons to AN fibers
is the increase in prediction performance at 12-dB contrast in
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FIG. 7. Quadratic model for a high spontaneous rate AN fiber with BF =
2.12 kHz, studied at a reference level of 5 dB SPL/component, plotted as in
Fig. 2. In B, all weights are shown (instead of just the significant weights), with
the significant weights indicated by X symbols.

the latter. This change is clear in the example of Fig. 7D, where
the fv values are 0.33 (3 dB) and 0.69 (12 dB). The median fv
for the AN population at 12-dB contrast was 0.59, similar to
the value obtained previously in AN fibers (0.59; Young and
Calhoun 2005) and substantially larger than the median value
for type IV neurons (~0.4, significantly different at P = 0.08,
rank-sum test). Prediction performance is not shown for the
AN population because only one repeat of the 3-dB stimuli was
obtained. As a result, fv values for the 3-dB stimuli are
decreased by the noise in the estimation of relatively small rate
changes from only one repetition of the stimulus. In fact, fv
values were often smaller for the 3-dB stimuli than those for
the 12-dB stimuli (median value 0.30).

The nature of the contrast effect in the AN was investigated
further by computing responses to 3- and 12-dB contrast RSS
stimuli using a cochlear model (Bruce et al. 2003). This model
contains two nonlinearities (Carney 1993). First, there is a
level-dependent filter that decreases its gain and increases its
bandwidth as stimulus amplitude increases; it is meant to
model fast cochlear compression due to outer hair cell function
(Robles and Ruggero 2001). Second, there is a static nonlin-
earity representing the inner hair cell input—output function.
This function saturates with both hyperpolarization and depo-
larization. For the model data, the first-order weights and the
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positive second-order eigenvalues of the quadratic model were
larger at lower contrast, as expected (Reiss 2005); this behavior
was not observed for near-threshold stimuli where responses to
the 3-dB stimuli were very weak. Prediction performance was
very good for both contrasts (with repeats; fv >0.8), and it was
slightly better for 3-dB contrast.

Reducing either nonlinearity in the model reduced the dif-
ferences between the quadratic models of responses to the 3-
and 12-dB stimuli. Thus the model results suggest that contrast
gain changes seen in the AN are due to both cochlear com-
pression and the static input—output nonlinearities in the trans-
duction path.

Consistent with the suggestion that contrast gain changes in
CN may be inherited in part from the cochlea, two DCN type
IT neurons (an inhibitory interneuron in DCN; Young and
Davis 2002) were also studied and both showed the same
effects of stimulus contrast as did principal cells. Specifically,
they had lower gain at higher contrast.

DISCUSSION

As RSS spectral contrast was decreased from 12 to 3 dB, the
quality of the representation of type IV responses by the
quadratic model improved, as shown by better prediction
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FIG. 8. Population summaries for the quadratic model for 14 AN fibers.

Some neurons were studied at more than one sound level, so there are >14
cases in each plot. Plotted similarly to Fig. 4 except that fv values are not
shown (due to the lack of repeats for 3-dB data) and sound levels are not
indicated by color (sound levels were chosen to place the stimuli near the
middle of the neurons’ dynamic ranges). A: norm of the 1st-order weight vector
vs. spectral contrast. B: similarity indices between the 1st-order weight vectors
at 3- and 12-dB contrast for each case. C: largest positive and negative
eigenvalues of the 2nd-order weight matrix vs. spectral contrast. D: similarity
between largest-eigenvalue eigenvectors at 12- and 3-dB contrast for each
case. Apparent orderliness in the sequence of similarity values derives from the
BFs of the fibers, which tend to run together in groups. In AN fibers, weights
are smaller and similarities are noisier in low BF neurons.

J Neurophysiol « VOL 98 « OCTOBER 2007 + WWW.jn.org

800z ‘/ Aep uo Bio ABojoisAyd-ul wolj pepeojumoq



http://jn.physiology.org

SPECTRAL CONTRAST AND DCN RECEPTIVE FIELDS

performance (Fig. 4A). This result was expected because non-
linear systems can usually be modeled with linear approxima-
tions for sufficiently small deviations about an operating point.
We also found that both the first-order weights and the second-
order eigenvalues increased in magnitude, but that weight
functions maintained similar shape, as spectral contrast was
decreased (Fig. 4, B-E). The changes with contrast seen in the
DCN are also seen qualitatively in the AN, except for the
decrease in prediction performance at high contrast (Fig. 8). In
considering the mechanisms of these effects, it is necessary to
consider which of the results in DCN are a result of processes
in the cochlea and which are emergent properties of the
cochlear nucleus circuitry.

One possible interpretation of the change of weight magni-
tudes with contrast is that this effect represents a form of
contrast gain control, similar to that seen in visual neurons
(e.g., Chander and Chichilnisky 2001; Enroth Cugell and
Lennie 1975; Shapley and Victor 1978); that is, the gain of
auditory neurons for stimulus modulation is adjusted for the
amplitude range of the modulation, as measured by contrast or
variance of the envelope (Bonin et al. 2006; Zaghloul et al.
2005). An ideal contrast gain control would maintain the range
of discharge rates fixed as the variance increases or decreases.
Figure 5 shows that contrast gain control in DCN neurons and
AN fibers does not conform to ideal gain control. Just as all the
points (barring one) for 3 and 6 dB in Fig. 5 are above the
dotted and dashed lines, respectively, they are also all below
the solid line (equality), which corresponds to perfect gain
control.

Other studies of stimulus contrast in auditory neurons

The effects of spectral contrast have been studied in cat
auditory cortex using auditory gratings or ripple stimuli (Cal-
houn and Schreiner 1998). In these neurons, varying the ripple
modulation depth (analogous to spectral contrast) often caused
nonlinear changes in the ripple modulation transfer function,
estimated from measurements of rate responses to several
ripple densities. These results suggest that spectral contrast
influences the shapes of spectral receptive fields, unlike the
effects shown here, which generally show good similarity
between first-order weight-function shapes at different con-
trasts. However, modulation depth changes both spectral con-
trast and overall sound level so the receptive-field changes
could have resulted from either change in the stimulus.

Spectral contrast has also been studied in marmoset auditory
cortical neurons using similar RSS stimuli (Barbour and Wang
2003a,b). In many neurons the results were similar to those
described here: a decrease in spectral contrast resulted in an
increase in first-order weights and little change in tuning across
frequency; prediction performance was low. However, unlike
the results here, many neurons showed contrast preference,
with both low- and high-contrast preferring neurons. A similar
result was obtained by Escabi and colleagues (2003) in the
inferior colliculus, although they defined contrast differently.
Contrast preference is not a feature of the neurons studied here
and seems to be a property of the auditory system that develops
at a level above the cochlear nucleus.

Possibly related effects of stimulus contrast in the temporal
domain have been studied in the inferior colliculus for sinu-
soidal carriers modulated by Gaussian noise or m-sequences
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(Kvale and Schreiner 2004). Adaptive effects of a sudden
change in contrast were observed in which an increase in
contrast resulted in a decrease in the gain of the neuron for
amplitude modulation (AM), an effect that is qualitatively
similar to the changes in weight amplitudes observed here.
Similar results were obtained in neurons in avian field L for
stimuli consisting of AM of a noise carrier by band-pass noise
(Nagel and Doupe 2006). Sudden changes in the contrast
(variance) of the envelope led to changes in the gain of the
neuron for the modulation signal, such that a decrease in the
gain was observed for stimuli with larger contrast. The effects
in both cases were adaptive, in that the changes in gain
occurred over a few hundreds of milliseconds after the change
in contrast in response to continued stimulation. In this aspect
the temporal contrast responses differ from those studied here
(see next section). Also, as part of the adaptation process, the
temporal filtering properties of the modulation response
showed consistent but small changes in the colliculus but not in
field L.

Causes of changes in weighting function gain with spectral
contrast in DCN

The data in Figs. 7 and 8 show that all of the effects
observed in type IV neurons with changes in stimulus contrast
are also seen in AN fibers, except for the poor prediction
performance at 12-dB contrast. The fact that a nonlinear
cochlear model shows the same effects as AN fibers, discussed
in RESULTS, suggests that the decrease in AN gain with in-
creased contrast is a result of fast cochlear compression,
represented in the model by the saturation of the inner-hair cell
model and the level-dependent gain of the outer-hair cell
model.

However, it is unlikely that the cochlear effect fully accounts
for the changes in gain seen in type IV neurons. First, the AN
data fail to quantitatively account for the effects seen in type IV
neurons. Second, there is a substantial increase in the degree of
nonlinearity in going from AN to type IV neurons. Considering
the first-order weights, the increase in weight magnitude in
going from 12- to 3-dB contrast is larger in type IV neurons
than that in AN fibers, suggesting a change in weight magni-
tudes within the cochlear nucleus. Considering the second-
order weights, the ratios of eigenvalues of the second-order
weight matrix are the reverse, larger in the AN than in the type
IV neurons. The large second-order ratios in the AN seem to be
a result mainly of very small second-order weights in AN fibers
at 12-dB contrast, a reflection of the linearity of AN fiber
responses at large contrast. This suggests that the relatively
larger second-order weights in type IV neurons at large con-
trast are primarily an effect of increased nonlinearity in the
cochlear nucleus.

The gain change with contrast studied here is unlikely to be
a slow adaptive process, like those discussed earlier for the
inferior colliculus and field L neurons, in which the neurons
adjust their gains based on some properties of the preceding
stimuli. First, such a mechanism would be hard to design for
stimuli like RSS, where the sound levels are both positive and
negative relative to the reference and the effects are both
inhibitory and excitatory. Second, in three type IV neurons it
was possible to obtain complete data samples with the 12- and
3-dB contrasts presented as separate stimulus sets and then
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again with the 12- and 3-dB stimuli interleaved. Although
some effects of the interleaving were seen (Reiss 2005), they
were small and not consistently in the direction predicted by an
adaptation mechanism.

It is also unlikely that a moderately fast adaptation process
operating within a single stimulus presentation adjusts the gain
for that presentation. In this case, a consistent decrease in
weight amplitude should occur through the duration of the
stimulus for the 12-dB contrast. Weights were computed in
successive bins of 40—100 ms in 21 neurons (from this and
previous studies) for which there were sufficient data to allow
estimation of weights in short time windows. Again, changes in
weights did occur, but they were not systematic and could not
provide an explanation for the difference between 12- and 3-dB
SD stimuli. Thus any adaptation process would have to operate
on a very short timescale, <40 ms.

Based on the arguments of the preceding two paragraphs, it
seems likely that the changes in weight magnitude are caused
by a fast (essentially instantaneous, given the limits of the data
available here) process like cochlear compression augmented
by an additional fast process in the cochlear nucleus. We
argued against an effect that can be represented by a single
static nonlinearity that applies uniformly across frequency with
the data in Fig. 6. However, in another paper (Bandyopadhyay
et al., unpublished observations), we show that a frequency-
dependent static nonlinearity, meaning a level-dependent gain
mechanism that has a different shape in each frequency bin,
can account for the changes in weight size with contrast. In the
level-dependent model, the weights change with contrast be-
cause the quadratic model is approximating a nonlinear func-
tion in each frequency bin; the quadratic model’s gain is a
compromise or average of many slopes because the true input—
output function is nonlinear and usually saturating or non-
monotonic. Thus the quadratic model’s weight is expected to
be smaller when the stimulus contrast is large enough to extend
the averaging over multiple different slopes.

This mechanism can also account for the poor prediction
performance of the quadratic model at 12-dB spectral contrast.
Because of the averaging process described in the preceding
paragraph, the gain in each frequency bin does not correctly
capture the actual nonlinear gain of the neuron and thus cannot
accurately predict responses. One source of nonlinear gain
adjustment is cochlear compression, but there must be addi-
tional mechanisms in the cochlear nucleus, as discussed earlier.
There can be gain adjustment in the cochlear nucleus while
retaining responses that are well fit by the quadratic model, as
shown by the example of the VCN (Yu 2003). Chopper
neurons of the VCN have first-order weights that are about
twice as large as those of AN fibers but the quadratic model
accurately predicts their responses. Thus the poor prediction
shown here must be an effect of the circuitry specifically of the
DCN.

It seems likely that inhibition of type IV neurons, especially
by DCN type II neurons (Young and Davis 2002), can account
for both the nonlinearities of the level-dependent weights and
the poor prediction performance for 12-dB contrast. The im-
portance of inhibitory inputs in shaping the responses of DCN
neurons has been demonstrated (Davis et al. 1996; Nelken and
Young 1994; Reiss and Young 2005; Spirou and Young 1989).
Most important for this discussion, the BFs of the excitatory
and inhibitory inputs to DCN principal cells differ, so that the
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nonlinearities caused by inhibition differ in different frequency
bands. It has also been shown that nonlinearity in the responses
of DCN type IV neurons correlates well with stimuli and
stimulus levels that produce responses in type II inhibitory
neurons (Nelken and Young 1997; Nelken et al. 1997).

Note that even though the response predictions for 12-dB-
contrast stimuli were poor in type IV neurons, the weight
functions obtained at 12-dB contrast were similar in shape to
those obtained at 3-dB contrast where prediction is good (Fig.
4, C and E). Thus even though the receptive field derived from
the 12-dB-contrast stimuli does not predict responses, it does
have a basically correct shape and does provide information
about the nature of spectral integration in the neuron in the
absence of the nonlinearities that occur over larger ranges of
stimulus level.

In conclusion, the results of this study suggest that both
STRFs and spectral receptive fields depend on stimulus con-
trast. Furthermore, the results raise the possibility, supported
by the results using level-dependent weight functions (Bandyo-
padhyay et al., unpublished observations), that STRFs derived
from stimuli with “natural” contrasts on the scale of 12-dB SD
may in reality represent averaged or “washed out” estimates of
highly nonlinear, level- and frequency-dependent functions;
this could partly account for why predictions from STRFs are
often poor.

In general, decreasing spectral contrast will improve the
model fit and the estimate of local curvature, and may be a
better approach to studying the frequency selectivity of non-
linear neurons, even though the stimulus statistics may not
exactly resemble those of natural stimuli.
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