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1.    Introduction

Models of cochlear implant physiology and perception have historically utilized deter-
ministic descriptions of auditory-nerve (AN) responses to electrical stimulation, which
ignore stochastic activity present in the response. Physiological models of AN responses
have been developed that do incorporate stochastic activity [8][13][14][27][38][39], but the
consequences of stochastic activity for the perception of cochlear implant stimulation have
not been investigated until recently [3].

Such an investigation is prompted by inaccuracies in predicting cochlear implant percep-
tion by deterministic models. For example, studies of single-fiber responses, where only an
arbitrary deterministic measure of threshold is recorded, do not accurately predict perceptual
threshold versus phase duration (strength-duration) curves for sinusoidal stimulation [24] or
for pulsatile stimulation [25][26]. Furthermore, strength-duration curves of cochlear implant
users are not well predicted by deterministic Hodgkin–Huxley type models [25] [30].

However, the complexity of previous stochastic physiological models has made the com-
putation of responses for large numbers of fibers both laborious and time-consuming. Fur-
thermore, the parameters of these models are often not easily matched to the fiber
characteristics of the auditory nerve in humans or other mammals. This has prompted us to
develop a simpler and more computationally efficient model of electrical stimulation of the
auditory nerve [1][2][4] which is capable of direct and rapid prediction of perceptual data
[3].

2.    Computational Modeling of Cochlear Implant Physiology

In [1] and [4] we have described a model of the AN response to electrical stimulation,
following the conceptual approach used in [35], [38] and [39]. This model can be repre-
sented by the electrical circuit diagram shown in Figure 1. Based on the Hill threshold model
[12], our model includes a number of significant components of action potential generation,
including membrane noise, as recorded by Verveen and colleagues [35], which has a Gauss-
ian amplitude distribution and a 1/f frequency spectrum. Threshold models are much simpler
conceptually and are more computationally efficient than Hodgkin–Huxley models. They
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have also been shown to provide a good approximation to more complex models [16]. Addi-
tionally, our model can be fitted easily to the statistics of AN parameters collected from ana-
tomical and physiological studies.

We are able to derive an analytical description of this model, because it is in effect a Ber-
noulli process, where a discharge in response to a pulse is considered to have a value of 1
and no discharge has a value of 0. The probability of discharge, p(n), in response to a single
pulse approximated by the equation [1] [4]
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Figure 1   Stochastic model of single-pulse response. Reprinted from Fig. 2 of [4] © 1999 IEEE.
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Figure 2   Stochastic (solid line) and deterministic (dashed line) model fits to discharge probability data (cir-
cles) from Neuron 2-22 of [15].
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where σ is the standard deviation of the noise potential, Vnoise(n). The equivalent determinis-
tic model can be simulated by setting the noise to zero (σ = 0), producing a step function at
Vthr(n) [1][4].

Deterministic and stochastic model fits to physiological data from a single cat AN fiber
are plotted in Figure 2. The stochastic model provides a much better fit to the data (r2 = 1.0)
than does the deterministic model (r2 = 0.92).

Following Verveen et al.’s convention, we characterize the input/output (I/O) functions
by defining threshold as the intensity corresponding to a discharge probability of 0.5 and
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Figure 3   Stochastic (solid line) and deterministic (dashed line) model I/O functions showing how threshold
and the standard deviation of the Gaussian noise, σ, are defined to determine RS (= σ/threshold).
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Figure 4   Relative spread versus threshold for neurons from [15] as labeled, in response to a single biphasic
pulse of duration 200 µs/phase (x) or 400 µs/phase (o). Reprinted from Fig. 5 of [4] © 1999 IEEE.
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Relative Spread (RS) as the standard deviation of the Gaussian noise divided by threshold.
The deterministic model is characterized by threshold alone (σ=0), as illustrated in Figure 3.

In order to model the response of a population of AN fibers we need to determine the
model parameters for each neuron in the population, as well as the intensity of the excitatory
current at the initial site of action potential generation in each neuron.

Figure 4 shows a plot of RS versus threshold for 15 neurons from the Javel et al. data set
for a 200-µs/phase (x) or a 400-µs/phase (o) biphasic pulse. It can be seen that both thresh-
olds and RSs cover a broad range of values. Combining these data with similar published
data [19][34], we are able to estimate the distribution of I/O function parameters (threshold
and RS) for a local population of fibers in the AN. In our “total AN” (large-scale population)
model we simulate this distribution of I/O functions [4].

Although higher rate pulsatile stimuli are typically used in modern cochlear implants,
necessitating short phase durations (i.e., pulse widths), there is a relatively large body of
psychophysical data available in which long phase duration stimuli were used. Furthermore,
these psychophysical data show large discrepancies with deterministic model predictions at
long phase durations [24][25][26][30]. However, the method used for suppressing the stimu-
lus artifact in the Javel et al. experiments did not allow for much data collection at phase
durations longer than 400 µs/phase and none longer 600 µs/phase. Thus we also conducted a
post hoc analysis of previously unpublished data collected by Dynes from single AN fibers
of cats [8], where a pair of closely spaced micropipettes were used in differential-like
recording to produce a high signal-to-artifact ratio even at long phase durations.

In Figure 5 discharge probability is plotted versus stimulus intensity curves for three dif-
ferent phase durations from Cat 76: Unit 2 in the Dynes data set. As the phase duration
increases, the slope of the curve becomes shallower, indicating a greater dynamic range.
Computing the RSs of these curves shows that RS increases as the phase duration of the
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Figure 5   Discharge probability vs. stimulus intensity for single symmetric biphasic anodic/cathodic pulses of
durations 100, 500 and 2,000 µs/phase, from Cat 76: Unit 2 in the Dynes data set [8]. Plotted are
individual measures (asterisks) and stochastic model fits (solid lines). Reprinted from Fig. 6 of [4] ©
1999 IEEE.
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anodic/cathodic biphasic stimulus increases. This effect is seen in all fibers of this data set.
For every fiber, the RS increases as the duration per phase of the stimulus increases. To
incorporate this behavior in our model, we fit discharge-probability functions (Eq. 1) to the
complete data set and calculated the mean threshold and RS at phase durations of 100, 500,
2000 and 5000 µs/phase. We then fit appropriate functions to threshold and RS versus phase
duration plots. These functions are used in the model to interpolate values of threshold and
RS at phase durations other than those used in the Dynes experiments [8].

The two electrode configurations that we investigate in these studies are commonly
known as monopolar and bipolar. In the case of monopolar stimulation, the active electrode
is one of the electrodes on the array within the cochlea and the return electrode is an elec-
trode external to the cochlea. In the case of bipolar stimulation both the active electrode and
the return electrode are on the electrode array within the cochlea.
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Figure 6   Attenuation of the stimulus across the cochlea for monopolar (solid line) and bipolar (dashed line)
electrode configurations. Reprinted from Fig. 9 of [4] © 1999 IEEE.
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Figure 7   Stochastic model of pulse-train response.
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Following [21], we approximate the electrode array by a point source of current at the
active electrode and the AN tissue by a homogeneous resistive medium consisting of a uni-
form density of single AN fibers. To calculate the stimulus intensity at each AN fiber, we
assume that the stimulus is attenuated at the rate of 0.5 dB/mm for monopolar stimulation
[18] and 4 dB/mm for bipolar stimulation—the latter value is appropriate for both radial-
bipolar pairs [18] and closely spaced longitudinal-bipolar pairs [20]. Modeling an electrode
placed 15 mm inside a cochlea 30-mm long produces attenuation curves as shown in Figure
6.

In [1] and [2] we go on to extend this model to describe responses to pulse-train stimuli,
by introducing a phenomenological refractory mechanism. To the single-pulse model of [1]
and [4] we add a refractory potential as shown in Figure 7. Following an action potential, the
threshold with which the stimulus potential is compared is raised over the refractory period
by some chosen function, typically an exponential [1][2][8][22]. We also derive analytical
expressions to approximate the pulse-train model, which although more complex than the
single-pulse model, are still computationally efficient and can be fitted easily to the statistics
of AN parameters collected from physiological studies.

3.    Computational Modeling of Cochlear Implant Perception

In [3] we investigate whether inaccuracies in predictions of loudness perception could be
due to ignoring the stochastic response of the AN to electrical stimulation. In order to avoid
the complication of inter-pulse interactions and to enable the use of the simpler and compu-
tationally faster single-pulse model as shown in Figure 1, we restrict our investigation to sin-
gle biphasic pulses and low-rate (< 200 pulses per second) pulse trains. We derive a model of
loudness based on the single-pulse model of neural excitation developed in [1] and [4] and
compare the deterministic and stochastic model predictions. We develop the psychophysical
(perceptual) section of the model in such a way that signal detection theory can be applied to
predict directly how behavioral threshold, dynamic range and intensity difference limen
change with stimulus parameters and nerve survival. The resulting model is shown in Figure
8.
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Figure 8   Composite computational physiological and perceptual model. Reprinted from Fig. 1 of [3] © 1999
IEEE.
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In all the cases examined in this set of studies, the stochastic model predicts perceptual
data better than does the deterministic model. For example, plotted in Figure 9 are percep-
tual data from a cochlear implant user showing uncomfortable loudness and threshold versus
phase duration. While the stochastic and deterministic models predict similar uncomfortable
loudness levels, the deterministic model overestimates the threshold data, particularly for
longer pulse durations. In contrast, the stochastic model, consistent with the physiological
data, predicts (i) absolute values of threshold that are significantly lower than those predicted
by the deterministic model, and (ii) slopes that begin to steepen with phase durations greater
than 500 µs/phase and slopes that are steeper than –6 dB/doubling in the region from 1000 to
2000 µs/phase. This is more than would be expected if it were assumed that threshold corre-
sponds to a certain level of charge delivered by an implant.

Our study [3] also shows that the stochastic model better predicts perceptual data for:
• threshold versus phase duration as a function of electrode configuration (bipolar or 

monopolar),
• the ratio of bipolar dynamic range versus monopolar dynamic range,
• threshold versus number of pulses (temporal-integration), and
• intensity difference limen as a function of intensity (Weber functions).

The physiological model is based on data from the cat AN, but the resulting perceptual
model gives good qualitative predictions of data from implanted humans, monkeys, guinea
pigs and cats. This suggests that stochastic activity in the AN is perceptually significant
across a wide range of measures of loudness perception and regardless of the species,
although anatomical, physiological and cognitive differences may have small quantitative
effects.

Ferguson et al. [9] have implemented a model similar to ours and have compared its pre-
dictions of threshold as a function of pulse duration for monopolar and bipolar stimulation
modes with experimental data. Analysis of data from three species indicated that the vari-
ance of perceptual thresholds is also a function of phase duration, and that these results are
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Figure 9   Perceptual data for uncomfortable loudness (*) and threshold (o) are plotted against phase duration,
along with the deterministic (dashed lines) and stochastic (solid lines) model predictions.
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corroborated by the predictions of the stochastic version of the model. These results are not
predicted by the deterministic model, indicating that the importance of stochastic activity in
the AN extends beyond the perceptual data investigated in our own studies.

4.    Future Directions

In these studies we derive a model of loudness in cochlear implants users based on phys-
iological data and use this model to investigate a number of different perceptual phenomena.
In all the cases examined so far, the model predicts the perceptual performance of cochlear
implant users significantly better when stochastic activity is included in the neural section of
the model.

However, extensions or revisions of this AN model may further improve predictions and
our understanding of the functional significance of the physiology—specific suggestions fol-
low.

The neural section of our model is derived from physiological data collected in cats. Fur-
ther physiological data may be collected from humans using cochlear implant telemetry and
non-invasive electrophysiology, which should prove useful in refining our simple model of
current spread and neural response. A model of current spread in the human cochlea con-
structed from human cochlear sections [6] may also help to this end.

Another extension to the model would be to allow for other sources of noise. For
instance, the survival of inner hair cells in some subjects could result in some residual syn-
apse-driven spontaneous activity in the AN. This would affect the amount of noise present in
the total AN response. Other sources of noise may also be present in more central sections of
the auditory pathways. The effects of both of these potential noise sources can be included in
our perceptual model if their behavior is known.

By changing parameters of the model to reduce the amount of stochastic activity we may
also account for such data which lie somewhere between the deterministic model and the
stochastic model predictions. For instance, particularly focused current fields or extremely
low neural survival may cause higher probabilities of firing at stimulus intensities within the
behavioral operating range. Because neural responses at high discharge probabilities exhibit
relatively little variability, stochastic and deterministic model predictions are similar under
such conditions.

The physiological data on which our model is based are from acutely implanted animals.
This model does not take into account the effects which etiology, prolonged deafness and
implantation have on the response of AN fibers to electrical stimulation [31] [37]. An exten-
sion to these studies could be to model the effects of various etiologies on single-fiber I/O
functions and current spread.

Only responses to stimulation from a single electrode have been investigated in these
studies. In order to model responses to stimulation from multiple electrodes, even at moder-
ate pulse rates, refractory effects should be incorporated [1][2] when the electrodes are stim-
ulating overlapping populations of fibers. Also, loudness summation effects may need to be
considered when the neural populations excited do not overlap [17][29][33][40].

In these studies we have also limited our investigation to low pulse-rate stimuli. With the
pulse-train model developed in [1] and [2] and shown in Figure 7, we may now have an
appropriate tool for extending this investigation to the prediction of perceptual data for mod-
erate stimulation rates (200–1,000 pps). However, to develop the model for high pulse rate
(> 1,000 pps) stimulation, neurophysiological data must be collected for a range of discharge
probabilities (possibly as low as 0.01 or lower) at such high pulse rates. Physiological data
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and modeling results [8][19][28] reveal inter-pulse interactions occurring at high pulse rates
which can significantly increase or decrease the level of stochastic activity in a fiber.

To further investigate such nonlinearities we are now developing a more computationally
efficient stochastic Hodgkin–Huxley type model than those such as Rubinstein’s [27][28].
This is achieved by applying Chua’s [5] reformulation of the Hodgkin–Huxley model to Fox
and Lu’s [10] stochastic version of the model. Chua’s reformulation permits efficient simula-
tion of complex biological neurons using a standard circuit analysis program such as SPICE
[23][32]. Initial simulation results show that such a model can accurately and efficiently pre-
dict a number of properties of the random fluctuations in the membrane potential as charac-
terized by Verveen et al. [35]. Plotted in Figure 10 are membrane-potential traces from [35]
showing fluctuations in nerve-fiber transmembrane potentials at the nodes of Ranvier and
model predictions of these fluctuations. Both Verveen’s recordings and the model predic-
tions exhibit a Gaussian amplitude distribution and an increase in membrane noise variance
with depolarization. The model also predicts the 1/f frequency spectrum observed by
Verveen et al., which tends towards a white (flat) spectrum at higher frequencies.

However, there is some preliminary evidence that the Fox and Lu approximation may
become inaccurate when the model neuron is spiking [Jay Rubinstein, pers. comm.]. One
possibility is that the approximation deals incorrectly with the noise distribution when the
membrane is hyperpolarized or depolarized, which Verveen and Derksen observed to be
highly non-Gaussian [36]. If this can be corrected, then with Chua’s reformulation we will
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be able to investigate simply and efficiently how stochastic versions of both single-node
models and anatomically correct multi-node models [7][11] predict physiological data for
pulsatile cochlear implant stimulation.

5.    Summary and Conclusions

A number of aspects of cochlear implant physiology and perception are better predicted
by a stochastic model than by the equivalent deterministic model. These results show that
loudness perception in implant subjects is highly dependent on the statistics of AN response,
not just on some form of absolute threshold. This may imply that loudness perception of
acoustic stimuli in normal hearing and hearing-impaired subjects is also dependent on the
statistics of AN response, not just on absolute thresholds. High-rate electrical stimulation
may produce significant inter-pulse interactions related to changes in levels of membrane
noise, which cannot be predicted by deterministic models.
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