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One factor that may impede speech recognition by
cochlear implant subjects is that electricall y stimulated
nerves respond with a much higher level of synchrony
than what is normally observed in acoustically
stimulated nerves.  Thus, the response patterns “seen” at
higher processing centers are substantially different
from those generated under normal acoustic stimulation.
These differences may form the basis for a degradation
of speech understanding since the patterns generated
under electrical stimulation may be interpreted
incorrectly by higher processing centers.  Recent data
from the implant research community has suggested that
high rates of stimulation [1], addition of low levels of
noise to the electrical stimulus [2-5], or elevated levels
of “ internal noise” [6] may provide some implanted
individuals with improved speech recognition.  In this
paper, we present theoretical data that indicate that the
addition of noise may provide improved neural
responses to electrical stimulation along with
psychophysical data that may indicate that individuals
with higher levels of internal noise do in fact have
higher levels of speech recognition.

INTRODUCTION

Impairment or disruption of the normal chain of
mechanical to electrical transduction of information
along the auditory pathway can result in sensorineural
impairment or deafness. In the United States alone, there
are 28 milli on individuals with hearing loss, and 1-2
milli on completely deaf individuals.   As a result of
increasing levels of noise in the modern environment,
hearing loss occurs earlier in life and progresses more
rapidly.  In many instances of sensorineural deafness,
the mechanical structures of the inner ear are irreparably
damaged; however, the underlying neural population
remains at least partially viable. In such cases
amplification by hearing aids, which relies on the partial
integrity of the mechanical structures in the ear, is an
inadequate means of hearing assistance due to the severe
amount of damage sustained by the inner ear. The
insufficiencies of amplification are inherently addressed
by the design of the cochlear implant.  Cochlear
implants stimulate the auditory system electrically,
instead of acousticall y, via an electrode array that is

inserted into the inner ear, or cochlea.  Thus, a cochlear
implant replaces the mechanical to electrical conversion
that occurs in a normal cochlea.

It is well established that cochlear implants restore some
level of hearing to most deaf individuals [cf. 7].   Speech
recognition abiliti es, however, vary widely across
subjects and the mechanisms responsible for this
variabili ty are poorly understood.  Factors such as
electrode design, electrode placement, analog versus
pulsatile stimulation, peripheral nerve survival, central
auditory system integrity, speech-processing strategy,
and complex and/or unexpected current paths within or
around the target neural tissue may play a role in this
variabili ty.  Unfortunately, these factors are complex
and difficult to control or assess in implanted subjects.
Research has indicated there are experimental, or
psychophysical, measures that not only predict speech
recognition performance, but also can be used to
improve speech recognition by implanted subjects [8-
12].  For example, reducing the interactions between
electrodes has been shown to improve speech
recognition performance [8,9,11].  These measures
have, however, only addressed a subset of the possible
factors that may influence speech recognition abiliti es.

Another factor that may impede speech recognition by
cochlear implant subjects is the extreme degree of
synchrony in the neural response to electrical
stimulation [1-6, 13], a phenomenon not observed under
acoustic stimulation [13,14].  Electrically stimulated
nerves respond with a much higher level of synchrony
than what is normally observed in acoustically
stimulated nerves. Thus, the response patterns “seen” at
higher auditory processing centers are substantiall y
different from those generated under normal acoustic
stimulation.  These differences may form the basis for a
degradation of speech understanding since the patterns
generated under electrical stimulation may be
interpreted incorrectly by higher processing centers.
Two approaches have been proposed recently in the
literature to address this issue.  Rubinstein et al., [1]
have suggested that using a high rate conditioning
stimulus may desynchronize the underlying neural
population due to the refractory nature of nerve fibers.



Morse and Evans [2-5] have suggested that adding noise
to a speech signal may decrease the synchrony of the
neural response due to electrical stimulation, potentially
leading to improved speech recognition for cochlear
implant patients.   In addition, Wilson et al., [6] have
suggested that when neurons retain some level of
stochastic activity (i.e. spontaneous activity remains)
subjects may obtain higher speech recognition scores.

The phenomenon whereby additive noise, when
presented at an optimal level, improves signal
transmission is known as stochastic resonance (SR).
Most SR work has focused on the addition of noise to a
weak signal within the context of a nonlinear system in
order to induce a “regularity” in the response pattern of
the system which is related to the properties of the weak
signal.  SR has been applied to physical systems for
many years, and evidence in support of SR has recently
been found in biological systems [15]. Recent
theoretical work investigated methods for optimizing the
spectrum of the noise under normal (i.e. physiologically
reasonable) stimulation of nerves [e.g. 16-18].

Currently there are no data concerning the optimal
selection of the statistics of the noise process or its
relationship to the speech signal for electrical
stimulation of the auditory nerve.  There are also no data
that suggest how SR could be used to help alleviate
factors known to deteriorate speech recognition
performance, such as channel interactions.  In this paper
we present psychophysical data that indicate that
variability in psychophysical threshold may be related
to a form of internal stochastic resonance, as has been
suggested previously [19-21], and that the data indicate
that individuals with a higher level of naturally
occurring SR have improved speech recognition
performance.  We also present theoretical results using a
computational model to simulate neural response
patterns to electrical pulse trains.  Our preliminary data
indicate that modulating the ampli tude of the pulse train
by low levels of white noise generates neural response
patterns that are more similar to those elicited by
acoustic stimulation than those elicited by un-modulated
pulse trains.  The patterns elicited also appear to de-
correlate across fibers, an effect that has been
hypothesized to be important for information coding
under electrical stimulation [1-5].

PSYCHOPHYSICAL MEASURE OF INTERNAL
NOISE: THRESHOLD VARIABILITY

Based on the SR hypothesis, and as suggested in [6] and
[19-21], we hypothesized that some implanted subjects
could have more “optimal” levels of internal noise than
other subjects.  In order to investigate this hypothesis,
we measured variability in psychophysical threshold in

a set of five implanted subjects.  We chose a threshold
task since it is simple to evaluate, and because internal
noise levels will be at least partially captured by
variabili ty in threshold [c.f. 22].

Threshold data were obtained from five postlingually
deafened adults.  Four of the subjects were implanted
with a Cochlear Corporation Nucleus 20+2L implant,
and one was implanted with a Nucleus 20+2 implant.
These devices are capable of bipolar as well as
monopolar stimulation.  Detailed information on these
implants is given in [23].  A centrally located electrode,
which was active in each subject’s clinically
programmed device and exhibited a normal dynamic
range, was used to collect the threshold data.  The
extracochlear-indifferent electrode that was used for
monopolar stimulation was common to both devices,
and was the external receiver-stimulator plate electrode.

The stimuli presented consisted of single bi-phasic
pulses and were delivered through an implanted
receiver/stimulator driven by a Cochlear Corporation
Spectra 22 processor connected to a Cochlear
Corporation Dual Processor Interface.  Threshold was
measured at constant phase durations of 0.1, 0.2, and 0.4
ms.  Phase duration ranges from 0.0192 – 0.4 ms during
normal prosthesis operation [24].  The stimuli were
presented via custom-designed software which
interfaced to the implant through the DPI and Cochlear
Corporation IF4 board.  Threshold was measured using
a 2-down 1-up adaptive 2IFC procedure [25] in which
the stimulus ampli tude was adjusted with a step size of
one current level unit.  A total of 14 reversals was
required for each threshold determination, and the
average of the last eight was used to estimate threshold.
Four subjects completed 16 threshold measurements and
one completed 15 measurements at each combination of
phase duration and stimulation mode.  The variabili ty in
threshold at each phase duration and stimulation mode
was calculated from these data.

The standard deviations of the threshold data averaged
across subjects are shown in Figure 1.  The data exhibit
an increase in standard deviation as phase duration
increases.  This trend occurs since the input/output
functions that describe electrically stimulated neurons
decrease in slope as phase duration increases [e.g., 26].
In order to calculate correlation coeff icients, the
threshold variabili ty for each subject was averaged
across all phase durations for each stimulation mode.
Variabili ty in threshold was then correlated with various
speech recognition measures that had been obtained
clinically for these five subjects.  Table I lists these
correlation coeff icients.  Bold entries are significant at a
level of 0.1 and italicized entries are significant at a
level of 0.01.
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Figure 1.  Standard deviation (dB) of threshold data averaged
across subjects as a function of phase duration (ms).

Pearson Monopolar Bipolar
Average SR 0.96 0.84

BKB Sentences 0.87 0.63
Vowels 0.79 0.76

Consonants 0.53 0.76
NU6 – Words 0.54 0.42

NU6 – Consonants 0.75 0.33

Spearman Monopolar Bipolar
Average SR 0.70 0.90

BKB Sentences 0.90 0.70
Vowels 0.50 0.80

Consonants 0.30 0.50
NU6 – Words 0.67 0.56

NU6 – Consonants 0.40 0.30

Table I.  Correlation coeff icients between averaged threshold
variabilit y and average speech recognition (SR) and other

speech recognition measures.  Bold (p < 0.1) and italicized (p
< 0.01) entries statistically significant.

All correlations were positive, and many were quite
high.  Significant Pearson correlations were observed
between the average variance measured in monopolar
stimulation mode and BKB sentences as well as the
average of the speech recognition measures.  The fact
that the same pattern of results is observed with
Spearman correlation data (Spearman correlations use
relative rank) indicates that the correlation values
observed are probably not an artifact of a small data set.

THEORETICAL EFFECTS OF NOISE ON THE
RESPONSE TO ELECTRICAL STIMULATION

Analytic models can provide a useful framework for
characterizing those parameters that are normally
diff icult to control in the physical system.  The util ity of
a particular model depends on the extent to which
predictions can be experimentally verified.  White and
colleagues [27-28] have proposed a stochastic neural-

behavioral model that is computationally tractable.  A
primary feature of this model is the characterization of
single-fiber input/output functions that are based on the
phase duration of the eliciting stimulus with the slope of
the function being inversely proportional to phase
duration.  At longer phase durations, the system behaves
in a more stochastic fashion; thus the slope of the
input/output function is more shallow.  The modeled
input/output relationship as a function of phase duration
is consistent with that observed experimentally in
electrically stimulated neurons [26,28].

In a previous theoretical study, we used signal detection
theory to determine the optimal detector for threshold
level detection of single pulse stimuli at the output of
the model and then used this detector to predict the
variabili ty in threshold [19-21].  The results indicated
that the model accurately predicted the trends in the
experimental performance, and the predictions were
consistent with human and feline psychophysical data
(described above). In this study, we utili ze the model to
predict the changes in interval histograms for periodic
electrical stimuli when low levels of Gaussian noise are
used to modulate the amplitude of the stimulus.  The
model was modified slightly to include an exponential
distribution for the actual spike times in response to an
electrical pulse [29].  Interval histograms are a
histogram of the inter-spike intervals elicited by a
stimulus, and plot number of interval events versus the
interval duration.  Under acoustic stimulation at
relatively low frequencies, neurons fire preferentially in
one phase of the stimulus and may skip a random
number of cycles between two successive firings.  A
typical interval histogram is shown in Figure 2. The
characteristic multi-modal pattern associated with a
phase-locked auditory nerve response is clearly evident
[30].
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Figure 2.  Interval histogram obtained by stimulating an
auditory neuron acoustically with a 500 Hz sinusoid.  Bin size

is 0.2 msec and 1207 spikes were recorded.



Under electrical stimulation at moderate levels, neurons
tend to respond on every cycle of the stimulus, as long
as refractory effects are not in evidence.  This
corresponds to a uni-modal interval histogram where a
response occurs in almost every interval [13,14].  In this
study, we utilized the model described by Bruce et al.
[28] to predict the response of a single neuron to a 500
Hz pulse train in both noise-free and low-level-noise
conditions.  The top portion of Figure 3 ill ustrates the
interval histogram predicted by the model for the noise
free condition.  The bottom panel shows the response
when a low level Gaussian noise has been used to adjust
the amplitude of each pulse independently (SNR =
20dB).  Superimposed in both panels (dashed lines) is
the acoustic interval histogram, where all histograms
have been normalized to a maximum of one for ease of
comparison.  Clearly, a more “natural” , i.e. acoustically
driven, response is obtained under the condition in
which the stimulus is modified by a low level Gaussian
noise.

The correlation between the interval histograms
calculated from the responses predicted by the
computational model and those measured under acoustic
stimulation can be calculated over a range of SNRs.
Figure 4 ill ustrates the relationship between noise level
(which decreases as SNR increases) and the correlation
between the theoretically predicted electrical interval
histograms and the acoustic interval histogram.  The
noise level was not increased beyond an SNR of 10 dB
as negative pulse ampli tudes would have resulted.  As
was apparent in Figure 3, increasing the level of noise
increases the similarity (as measured by a correlation)
between the electricall y induced theoretical interval
histogram and the measured acoustic interval histogram.
The data presented here indicates that a low level
additive noise may indeed produce a more natural neural
response.

As noted by Knight [31] and others [e.g. 1-5], cross-
fiber de-correlation (in addition to increased correlation
between electrical and acoustic interval histograms) is
important for achieving optimal information
transmission.  In a modeling study by Morse et al. [3]
using a population of neurons subject to analog (as
opposed to pulsatile) electrical stimulation, results
indicated that the spread of current in the cochlea can
effectively provide a pseudo-independent noise source
to each fiber, thus achieving cross-fiber de-correlation.
The term pseudo-independent is used to indicate that the
fiber responses were not perfectly uncorrelated.  In fact,
correlation between fiber responses decreased as the
distance between the fibers increased when independent
noise was applied to the analog stimulus presented to
each electrode. While fibers in close proximity had
correlation values, as measured by the Tanimoto

measure, that approached unity, fibers spaced 2.5 mm
apart had correlation values of approximately 0.3. (For
reference, electrodes in the Nucleus device are spaced
0.75 mm apart). The Tanimoto measure of similarity can
be used to determine the degree to which two binary
sequences are similar [32].  A binary sequence is said to
posses the i th attribute if the i th position equals one.  The
Tanimoto measure is then an indication of the common
attributes shared by two binary sequences.  This
measure is well suited for calculations involving spike
trains from nerve fibers and is used with the output of
modeled auditory fibers to determine the similarity
between the behavior of adjacent fibers.  The Tanimoto
measure of similarity is given by

'
( , )

' ' '
x z

s x z
x x z z x z

=
+ −

where x and z correspond to the two binary sequences.
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Figure 3.  A comparison of the theoretically predicted interval
histogram for an electrically stimulated neuron (500 pps

stimulus) under conditions of no noise (top panel) and 20 dB
SNR additive noise (bottom panel).   Theoretical predictions

are shown with solid lines.  Histograms have been normalized
to a maximum of 1.  Normalized acoustic interval histogram
has been superimposed for comparison and is shown with a

dashed line.
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 We used a similar approach with our computational
model to determine if fibers subject to pulsatile
electrical stimulation would show a similar pattern of
de-correlation.  In contrast to the approach described
above, we applied a single stimulus to the center of the
electrode array and computed the Tanimoto measure for
100 fibers spaced evenly across a 5 mm section of the
cochlea that was centered at 15 mm. The simulations
were run with the center fiber at an operating level
(probabilit y of firing) of 95%.  The level of adjacent
fibers was determined using a bipolar attenuation factor
of 4 dB/mm [27,28].  The same noise parameters used to
obtain the maximum correlation obtained in the
previous study (Figure 4) were used.  The computed
Tanimoto measure of similarity is shown in Figure 5.
The results indicate that the Tanimoto measure
decreases to approximately 0.1 at a distance of 2.5 mm
from the stimulus.  These results are comparable to
those presented by Morse et al. [3] for independent
analog noise signals, although those signals were
applied simultaneously to multiple electrodes.

CONCLUSIONS

SR research has focused on inducing a regular response
from a nonlinear system that is correlated with a weak
driving signal. The psychophysical data presented here
indicate that a “noisier” system may indeed be related to
better speech recognition.  The theoretical study
indicates that modulating the ampli tude of a pulse train
in a random fashion induces a more natural neural
response pattern that may de-correlate spatially.  Future
work will i nvolve theoretical work towards the
optimization of the noise spectrum and analysis of
alternative approaches to the goal of driving the neural

response towards a more natural response.  In addition,
theoretical predictions will be compared to
psychophysical and neurophysiological data.
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