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Summary

Objective: AutoNRTTM is an automated system that measures electrically evoked
compound action potential (ECAP) thresholds from the auditory nerve with the
Nucleus1 FreedomTM cochlear implant. ECAP thresholds along the electrode array
are useful in objectively fitting cochlear implant systems for individual use. This paper
provides the first detailed description of the AutoNRT algorithm and its expert
systems, and reports the clinical success of AutoNRT to date.
Methods: AutoNRT determines thresholds by visual detection, using two decision tree
expert systems that automatically recognise ECAPs. The expert systems are guided by
a dataset of 5393 neural responsemeasurements. The algorithm approaches threshold
from lower stimulus levels, ensuring recipient safety during postoperative measure-
ments. Intraoperative measurements use the same algorithm but proceed faster by
beginning at stimulus levels much closer to threshold. When searching for ECAPs,
AutoNRT uses a highly specific expert system (specificity of 99% during training, 96%
during testing; sensitivity of 91% during training, 89% during testing). Once ECAPs are
established, AutoNRT uses an unbiased expert system to determine an accurate
threshold. Throughout the execution of the algorithm, recording parameters (such
as implant amplifier gain) are automatically optimised when needed.
Results: In a study that included 29 intraoperative and 29 postoperative subjects (a
total of 418 electrodes), AutoNRT determined a threshold in 93% of cases where a
human expert also determined a threshold. When compared to the median threshold
of multiple human observers on 77 randomly selected electrodes, AutoNRT performed
as accurately as the ‘average’ clinician.
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Conclusions: AutoNRT has demonstrated a high success rate and a level of perfor-
mance that is comparable with human experts. It has been used in many clinics
worldwide throughout the clinical trial and commercial launch of Nucleus Custom
SoundTM Suite, significantly streamlining the clinical procedures associated with
cochlear implant use.
# 2006 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Cochlear implants and Neural
Response Telemetry (NRTTM)

The cochlear implant is a device that electrically
stimulates the auditory nerve, bypassing the non-
functional inner ear of children and adults with mod-
erate-to-profound hearing loss. Current cochlear
implant systems consist of (i) a multichannel elec-
trode array that is surgically implanted and (ii) an
external sound processing unit (usually worn behind
the ear) that controls the implant over a transcuta-
neous RF link. The system is configured and analysed
via device-specific PC software. (For an in-depth
coverage of cochlear implants, see Clark [1].)

The Nucleus1 cochlear implant has the ability to
measure electrically evoked compound action
potentials (ECAPs) from the auditory nerve. The
system applies an electrical pulse on a given intra-
cochlear electrode and the evoked neural response
is recorded at a neighbouring electrode. The mea-
sured potentials are telemetered back to the sys-
tem’s programming interface for clinical analysis.

This feature — ‘Neural Response Telemetry’ —
was first available for commercial use in the Nucleus
CI24M implant [2,3]. The technique is essentially
that of Brown et al. [4]. In 2005 the Nucleus Free-
domTM implant was released, offering NRT with
additional functionality (such as the third phase
Figure 1 NRT measurements (horizontal axis: time; vertical
Middle: Measurements dominated by stimulus artefact, with
only.
artefact reduction pulse) and a much-improved sig-
nal to noise ratio [5,6].

A sequence of NRT measurements that displays
clear ECAPs is shown in Fig. 1 (left panel). Each
measurement displays a clear negative and positive
peak (N1 and P1, respectively). N1 occurs within a
fraction of a millisecond. ECAP clarity varies widely:
measurements may display a partial N1 peak, no P1
peak or a double positive peak (Lai and Dillier [7]
provide an overview of ECAP morphologies). A
sequence of NRT measurements that displays the
absence of a neural response is shown in Fig. 1
(middle and right panels). Stimulus artefact and/
or noise is observed–—the stimulus may be too weak
or the stimulus artefact may obscure the ECAP.
Distinguishing between measurements that display
ECAPs and those that do not is an important task
when performing NRT. This can be difficult when the
combination of stimulus artefact and noise gives the
impression of an obscure ECAP.

NRT provides a number of clinical benefits. Intrao-
peratively, NRT can be used to verify implant and
auditory nerve integrity during surgery; postopera-
tively, NRTcan be used to monitor recipient progress
and, perhaps most importantly, to objectively fit the
sound processing system. ECAP features of interest
include the threshold level, peak-to-peak amplitude
growth functions, neural recovery functions, and
measurements of the spatial spread of excitation
(Brown [8] andCafarelli Dees et al. [9] provide recent
axis: voltage). Left: Measurements displaying clear ECAPs.
no ECAPs evident. Right: Measurements containing noise
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Figure 2 ECAP thresholdmeasurements using the Nucleus Custom Sound EP software. A sequence of NRTmeasurements
is performed on electrode 14 with a stimulus range of 170—205CL. To determine visual threshold, a clinician searches for
the first instance of an ECAP (180CL). To determine extrapolated threshold, the AGF is extrapolated to the current level of
zero N1—P1 amplitude (181CL).
overviews). The first of these— the threshold current
level1 at which an ECAP is obtained (T-NRT) — is the
clinical parameter of most interest.

To fit a cochlear implant for a given recipient’s
requirements, a clinician must subjectively deter-
mine the individual’s hearing dynamic range on each
electrode (softest and loudest current levels). This
task is difficult and time consuming, particularly
with young children, and thus objective fitting
methods can assist clinicians. Several researchers
have presented methods for predicting these psy-
chophysical levels from T-NRT levels (e.g. [10—14]).
Measuring T-NRT levels can be difficult also: record-
ing parameters (such as amplifier gain) may need to
be optimised for a given recipient, and an appreci-
able level of expertise is required to interpret NRT
recordings effectively.

AutoNRTTM, a new feature of the Nucleus Free-
dom cochlear implant system, measures T-NRT
levels automatically. It is available in Nucleus Cus-
1 The current level (CL) scale is logarithmic. For the Nucleus
Freedom implant, I (mA) = 17.5 � 100CL/255. Each current level
step (1CL) is a 0.16 dB change in current.
tom SoundTM Suite, comprising Custom Sound and
Custom Sound EP. AutoNRT is available in both soft-
ware applications; in addition to AutoNRT, Custom
Sound EP offers a wide range of advanced NRT
functionality.

1.2. T-NRT measurement methods

T-NRT levels are typically measured in one of two
ways: by visual detection or by extrapolation of the
amplitude growth function (AGF). These two meth-
ods are illustrated in Fig. 2 (see also [8]).

Visual threshold is determined bymanually obser-
ving the minimum current level at which ECAP peaks
are visible and can be replicated. A variation on the
visual threshold method is the correlation threshold
technique: a clear, suprathreshold ECAP is used as a
template, and threshold is defined at a lower level
where the correlation coefficient degrades suffi-
ciently when the given NRT measurement is
matched with the template. The extrapolated
threshold method is based on the assumption that
the ECAP peak-to-peak amplitude grows linearly
with increasing current level above threshold.
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Threshold is defined as the zero-amplitude intercept
of the AGF slope.

1.3. Automated T-NRT measurements

Systems that automatically measure T-NRT levels (or
determine them offline with a given set of NRT
measurements) have been built in the past
[15,16] and continue to be built [17]. In all cases,
the chosen method has been extrapolated thresh-
old. An expert system analyses NRT measurements
at a range of current levels; those that are deemed
to represent ECAPs are used to construct an AGF,
from which a T-NRT level is extrapolated. The
expert systems have taken various forms: Charasse
et al. [15] used an artificial neural network (ANN)
where the output neurons corresponded to one of
five ECAP morphologies (both N1 and P1 visible, N1
missing, no neural response, etc.); Charasse et al.
[18] also compared the ANN to a cross-correlation
(CC) technique, where a given NRT measurement is
compared with an array of fixed neural responses,
grouped according to the five ECAP morphologies;
and Nicolai et al. [19] presented an expert system
that combined the ANN and CC techniques with
additional rule-based criteria.

The AGF linearity assumption is not valid at all
current levels however. Typically, the AGF is linear
at higher current levels and tails off near threshold
(the AGF also flattens at very high current levels,
giving an overall sigmoidal function, but these levels
are not often reached). Fig. 3 illustrates this char-
acteristic shape. The nonlinearity near threshold
poses a difficulty for automated systems that are
based on the extrapolated threshold method. If the
linear portion of the AGF is desired, a clinician must
first determine the maximum current level that the
recipient can withstand. This provides the system
with an upper bound on the AGF current levels it can
Figure 3 Characteristic AGF shape. Near threshold, the
AGF is nonlinear: a number of regression lines are possi-
ble, leading to inaccurate extrapolated T-NRTs. Circles:
individual NRT measurements. Diamonds: extrapolated T-
NRTs.
examine. Without such a bound, the system must
evaluate the AGF at lower current levels to ensure
safety. As Fig. 3 shows, extrapolated threshold is
poorly defined at these levels. Indeed, previous
systems have required maximum current level mea-
surements from clinicians, or required clinicians to
perform the NRT measurements prior to analysis;
thus, these systems are not strictly automated.

AutoNRT differs from previous systems. AutoNRT
measures T-NRT levels by visual detection,
approaching threshold from low current levels and
halting as soon as an ECAP is obtained. With this
approach, AutoNRT provides a completely auto-
mated method for measuring ECAP thresholds in
both intraoperative and postoperative settings. This
paper describes the AutoNRT algorithm and its pat-
tern recognition component. A discussion of the
design and clinical results to date is also provided.
2. The AutoNRT algorithm

2.1. Summary flow

The AutoNRT algorithm consists of two logical
phases: an ‘ascending series’ and a ‘descending
series’. The ascending series performs NRT mea-
surements at increasing current levels until an ECAP
is detected by the expert system. Thereafter, the
descending series performs NRT measurements at
decreasing current levels with finer step sizes to
establish threshold more accurately.

To ensure safety postoperatively, AutoNRT begins
at a low current level (default 100CL2). Intraopera-
tively, when the recipient is under general anaes-
thesia, AutoNRT begins at a level that is closest to
the expected T-NRT: this is either the population
mean (170CL) or the interpolated value from neigh-
bouring electrodes that have already been mea-
sured. The ascending series increases the current
level in 6CL2 steps. The descending series decreases
the current level in 3CL steps. Postoperatively, if the
rising current level is perceived by the recipient to
be too loud, the clinician simply cancels the mea-
surement on the current electrode and AutoNRT
continues on the remaining selected electrodes.

Two separate expert systems are used. The
ascending series uses an expert system (ES1) that
has a low false positive rate: the goal of the ascend-
ing series is to establish the presence of ECAPs with
high confidence. To reduce the error rate further,
two consecutive ECAP positive predictions are
required before the ascending series is complete.
The descending series uses an expert system (ES2)
2 This value can be adjusted by the clinician.
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that has a low error rate overall: the goal of the
descending series is to establish an accurate thresh-
old once ECAPs are obtained.

If the implant amplifier saturates at any stage
during the measurement, AutoNRTattempts to opti-
mise a number of NRTrecording parameters. If this is
unsuccessful, the measurement is cancelled and
AutoNRT continues on the remaining electrodes.
Similarly, if voltage compliance cannot be achieved
at high levels of stimulation (i.e. the implant cannot
deliver the required current), or if the maximum
current level is reached (255CL), the measurement
is cancelled.

The descending series completes when two con-
secutive ECAP negative predictions are given by ES2.
Threshold is (roughly) defined as the mean current
level of ES2’s lowest ECAP positive measurement
and highest ECAP negative measurement. Fig. 4
gives a more precise specification of the AutoNRT
algorithm flow.

2.2. NRT recording parameter
optimisation

AutoNRT uses default NRT recording parameters,
with the exception of: (i) a stimulation rate of
250 Hz is used intraoperatively, tominimise the time
taken during surgery (default is 80 Hz) and (ii) 35
averages are used per measurement (default is 50).
For default NRT measurements: (i) the implant
amplifier gain is set to 50 dB; (ii) a measurement
delay of 120 ms is used (the latency between stimu-
lation and recording); (iii) the forward masking
paradigm is used to reduce artefact [4]; and (iv)
the third phase artefact reduction pulse3 is not
used. Each NRT measurement contains 32 samples,
sampled at 20 kHz.

ECAPs are much smaller than (artefactual) sti-
mulus potentials; in some measurements, the sti-
mulus artefact saturates the implant amplifier.
When this occurs, AutoNRT attempts to use a third
phase artefact reduction pulse and/or reduce the
amplifier gain, as such:
1. U
3

biph
gap
10 m

arte
se the third phase artefact reduction pulse,
automatically optimising its current level such
that stimulus artefact is minimised.
2. I
f the amplifier still saturates, (i) reduce the gain
to 40 dB; (ii) increase the number of averages by
a factor of 1.5 (to maintain the signal to noise
Implant stimulation consists of a train of alternate polarity
asic pulses (25 ms pulse width per phase; 7 ms inter-phase
); the Nucleus Freedom implant allows a small-amplitude,
s pulse width third phase per pulse to reduce the stimulus
fact of the second phase.
ratio with the lower gain setting); and (iii) turn
off the third phase artefact reduction pulse.
3. I
f amplifier still saturates, use the third phase
artefact reduction pulse with the 40 dB gain
setting. If this is also unsuccessful, cancel the
AutoNRT measurement.

2.3. Supporting measurements

Nucleus Custom Sound Suite enforces impedance
measurements prior to performing AutoNRT. This
is particularly important during surgery where the
extracochlear electrodes can become dry, effec-
tively open circuiting the implant system. If high
impedances are found, the clinician is advised to
check electrode placement.

Additionally, intraoperative AutoNRT is preceded
by an electrode conditioning phase. High current
stimulation is applied to the selected electrode until
its impedance stabilises. The interface between
electrode and fluid changes over time: impedances
decrease as the electrode surfaces settle into con-
tact with the underlying perilymph. Electrical sti-
mulation facilitates this process. The decrease in
impedance leads to less stimulus artefact, improv-
ing AutoNRT’s efficacy.
3. The AutoNRT expert system

3.1. Specification

The ascending series and descending series expert
systems are shown in Fig. 5. They take the form of
decision trees. The decision node parameters are
the following features of a given NRT measurement:
� N
1P1: N1—P1 amplitude (mV) = ECAPP1 � ECAPN1.
Peaks are selected according to the following
rules (see Fig. 6): N1 is the minimum of the
first 8 samples; P1 is the maximum of the samples
after N1, up to and including sample 16; if any
one of the following conditions is true however,
N1—P1 = 0 mV:
- N1—P1 < 0 mV;
- latency between N1 and P1 < 2 samples;
- latency between N1 and P1 > 12 samples; or
- latency between N1 and the maximum sample
after N1 > 15 samples and ratio of N1—P1 to the
range from N1 onwards < 0.85 (explained in the
next section).
� N
oise: The noise level (mV) is defined as the range
(maximum � minimum) of samples 21—32 after
subtracting the least-squares regression line
through these 12 samples.
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Figure 4 The AutoNRT algorithm. ES1: Expert system 1; ES2: Expert system 2.
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Figure 5 The AutoNRTexpert systems. Each decision tree determines whether a given NRT measurement represents an
ECAP or not. Top: Expert system 1 (high specificity for ascending series). Bottom: Expert system 2 (specificity and
sensitivity equal for descending series).
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Figure 6 Peak picker feature extraction. The NRTmeasurement, which contains only stimulus artefact and noise, looks
remarkably like a valid ECAP. The peak picker does not reject this measurement, but the ascending series expert system
makes a correct classification (‘NO’) by virtue of its RPrevious decision node.
� N
Fi
te
1P1/Noise: The ratio of the N1—P1 amplitude to
the noise level. Since the ECAP morphology is of
more interest than the absolute ECAP amplitude,
a normalised measure of signal amplitude is pre-
ferred.
� R
Response: The correlation between the given NRT
measurement and a fixed clear neural response
(Fig. 7, left), calculated over samples 1—24. (The
template is the average of all ECAPs in the experi-
mental dataset.)
� R
Response+Artefact: The correlation between the
given NRT measurement and a fixed measurement
containing both neural response and stimulus
artefact (Fig. 7, middle), calculated over samples
1—24. (The template is the average of 200 manu-
ally selected ECAPs in the experimental dataset
that are contaminated with stimulus artefact.)
� R
Previous: The correlation between the given NRT
measurement and the NRT measurement of
immediately lower stimulus current level during
AutoNRT’s execution (regardless of step size),
calculated over samples 1—24.
gure 7 NRT measurement templates. The AutoNRT exper
mplates to assist classification. Left: Clear ECAP. Middle: E
3.2. Construction methods

The AutoNRT expert systems are two-tiered–—they
each consist of a peak picker and a decision tree
classifier, combined in the one tree structure (the
peak picker is common to both the ascending and
descending series expert systems). Both compo-
nents are machine-learned using the C5.0 decision
tree algorithm [20,21]; decision trees are the most
popular choice in data mining applications today,
providing quick and informative data analysis with
potentially large sets of features.

Learning was guided by a large dataset of 5393
NRTmeasurements. Most of themeasurements were
performed postoperatively with a group of 18 reci-
pients, using random intracochlear electrodes. 268
intraoperative NRT measurements that are domi-
nated by stimulus artefact are also included in the
dataset. Each measurement was classified as ‘YES’
(ECAP positive, 60% of the dataset) or ‘NO’ (ECAP
negative, 34% of the dataset) by two experts. No
distinction is made between different ECAP
t systems correlate a given NRT measurement with these
CAP plus stimulus artefact. Right: Stimulus artefact only.
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Figure 8 Top: The distribution of N1 and P1 position amongst 2187 training instances. Bottom: The distribution of N1—
P1 latency. For AutoNRT measurements, sample 1 is taken 120 ms after the stimulus completes, and each sample is
separated by 50 ms.
morphologies. Measurements with different classi-
fications by the two experts were discarded (6%); of
the remaining measurements, 3638 were used for
training (63% ‘YES’; 37% ‘NO’) and 1443 were used
for testing (65% ‘YES’; 35% ‘NO’).

3.2.1. Peak picker construction
The task of the peak picker is to identify potential
N1 and P1 peaks and discard NRT measurements
with false peaks. The peak picker pre-processes
data for the classification stage: whereas the peak
picker selects the measurement samples that are
potentially the peaks of an ECAP, it is the decision
tree classifier that determines whether the entire
trace represents a valid ECAP or not.

Peak picking is a non-trivial task: N1 and P1 peaks
are not always prominent, and traces that are
dominated by stimulus artefact can display peak-
like characteristics. Furthermore, a P1 peakmay not
always be present–—the peak picker must select a
suitable maximum in its place. Thus, to correctly
select peaks in such a domain, a simple search for
global extrema is insufficient.

2187 ECAP positive measurements were selected
from the training dataset for peak analysis. Fig. 8
(top) shows the distribution of N1 and P1 position
for these measurements. We base the N1 and P1
windows on these results: N1 is the minimum of the
first eight samples; P1 is the maximum of the
samples after N1, up to and including sample 16.

To determine whether the selected peaks are
due to stimulus artefact, appropriate rules were
machine-learned from the dataset. 24 trouble-
some artefact measurements were added to the
2187 ECAP positive measurements. These 24 mea-
surements, such as the one in Fig. 6, display a
characteristic upward slope that strongly suggests
the shape of an ECAP. Only 24 such measurements
exist in the experimental dataset (they are rela-
tively rare). Eight features that we considered to
be potentially useful in distinguishing artefact
traces were identified, such as: the latency
between N1 and P1; the latency between N1 and
the global maximum after N1; the latency between
P1 and the global maximum after N1; the ratio of
N1—P1 amplitude to the global range from N1
onwards (intuitively, N1—P1 amplitude should be
a significant proportion of the global range); etc.
From these features, C5.0 learned the following
rules:
� if
 N1—P1 latency > 12 samples, reject peaks;

� if
 the latency between N1 and the global max-

imum after N1 > 23 samples and the ratio of
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T

S
n

N1—P1 amplitude to the global range from N1
onwards < 0.69, reject peaks;
� o
therwise, accept peaks.

Of the 2187 ECAP positive measurements, 7 were
rejected based on these rules; of the 24 artefact
traces, 2 were falsely accepted, giving an overall
0.4% error rate. To increase the specificity of the
peak picker, we chose to strengthen the second rule
manually. This raised the peak picker error rate to
1.5% over the training data. Admittedly, the 24
artefact traces form a small-sized training set; how-
ever, we note that the peak picker is only the first
stage of the expert system and that the perfor-
mance impact is reasonably small.

A final guard is the rejection of peaks that are too
close to each other. The distribution of N1—P1
latency amongst ECAP positive measurements is
shown in Fig. 8 (bottom). No peaks occur at con-
secutive samples, so a simple added rule is: if N1—P1
latency < 2 samples, reject peaks. This rule pairs
with the upper bound of 12 samples set by C5.0.

3.2.2. Decision tree classifier construction
NRT measurements that are rejected by the peak
picker were discarded from the dataset, since these
measurements are classified as ‘NO’ before the
decision tree stage. A training set of 3020 measure-
ments and a test set of 1223 measurements remain.

Six features were extracted from each measure-
ment: the four features given in the decision tree
nodes and, additionally: (i) the correlation between
a given NRT measurement and a fixed measurement
containing stimulus artefact only (Fig. 7, right) and
able 1 Ascending series decision tree performance at dif

elected tree is highlighted. Pruning level is the minimum number o
ode.
(ii) the gradient of the least-squares regression line
through the noise portion of the measurement (sam-
ples 21—32). (The latter two features are not used in
the expert systems–—C5.0 deemed them insignifi-
cant.)

To construct the ascending series expert system,
we set the cost of a false ECAP positive prediction to
be five times worse than the converse error (higher
weightings raised the overall error rate without
significantly improving specificity). This allows the
ascending series to give ECAP positive predictions
with a higher level of confidence. To construct the
descending series expert system, all errors received
the same weighting, allowing C5.0 to generate an
unbiased classifier.

An important consideration in machine learning is
ensuring that training data are not overfitted. If an
algorithm attempts to fit training instances as clo-
sely as possible, the performance of the resulting
system with unseen data is likely to be reduced. A
decision tree is quite capable of fitting training data
perfectly since there is no limit to the degree of
branching that may occur. To avoid such overfitting,
C5.0 provides a mechanism for pruning decision
trees: the data analyst may specify a minimum
number of training instances that must follow at
least two of the branches at each node. Insignificant
branches are replaced by leaf node classifications.

We evaluated the cross-validation error, test set
error and, for the ascending series expert system,
the specificity at different levels of C5.0 pruning,
selecting the decision tree that performed well over
all three measures. Cross-validation randomly
divides the training instances into a number of
ferent levels of pruning

f instances that at least two branches must carry at a decision
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Table 2 Descending series decision tree performance at
different levels of pruning

Selected tree is highlighted

Table 3 Training set confusion matrix for the ascend-
ing series expert system

Predicted YES (%) Predicted NO (%)

YES 2105 (91.4) 199 (8.6)
NO 13 (1.0) 1321 (99.0)

Table 5 Training set confusionmatrix for the descend-
ing series expert system

Predicted YES (%) Predicted NO (%)

YES 2177 (94.5) 127 (5.5)
NO 44 (3.3) 1290 (96.7)

Table 4 Test set confusion matrix for the ascending
series expert system

Predicted YES (%) Predicted NO (%)

YES 834 (88.6) 107 (11.4)
NO 22 (4.4) 480 (95.6)

Table 6 Test set confusion matrix for the descending
series expert system

Predicted YES (%) Predicted NO (%)

YES 857 (91.1) 84 (8.9)
NO 39 (7.8) 463 (92.2)

Table 7 Test set performance comparison of
AutoNRT’s ascending series expert system (ES1) with
artificial neural network (ANN) and cross-correlation
(CC) techniques

Specificity (%) Sensitivity (%)

AutoNRT (ES1) 96 89
ANN (Charasse
et al. [15,18])

95 68

CC (Charasse
et al. [18])

95 78

ANN + CC + rules
(Nicolai et al. [19])

93 80

The AutoNRTexpert system is based on measurements from an
implant with improved signal to noise ratio.
blocks with approximately equal class distribution.
For each block in turn, a decision tree is constructed
from data in the remaining blocks and tested on the
instances in the hold-out block. In this way, each
instance can be used exactly once as a test case.
Tables 1 and 2 show the results of this evaluation for
the ascending and descending series expert systems.
The selected trees are highlighted.

3.2.3. Expert system evaluation
Tables 3—6 show the training set and test set con-
fusion matrices for the ascending and descending
series expert systems (including the peak picker
stage).

The descriptive quality of decision trees allows an
easy insight into the expert system. At a glance, the
structure of the expert system is intuitive: N1P1/
Noise is placed at the top of the decision trees, as
expected, and the remaining branches form plau-
sible rules.

Table 7 compares the test set specificity and
sensitivity of the ascending series expert system
(the more critical of the two) with those of previous
researchers. It is important to note, however, that
the results are not directly comparable, since (i)
previous systems have been based on NRT measure-
ments with Nucleus CI24M/R implants, which are
noisier and (ii) previous systems only consider mea-
surements with clear N1 and P1 peaks to be ECAP
positive–—AutoNRT places no such restriction on the
ECAP definition.
4. Results

AutoNRT has been used extensively throughout the
clinical trial and commercial launch of the Nucleus
Freedom cochlear implant system. A sizeable body of
clinical data exists; van Dijk et al. provide the results
of thefirst large study [22], and theseare summarised
brieflyhere. It is important tonote,however, that the
results of van Dijk et al. span both the validation and
commercial iterations of AutoNRT (this paper
describes the current commercial release).
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van Dijk et al. performed AutoNRTwith 29 intrao-
perative and 29 postoperative subjects, a total of
418 electrodes. On 21 electrodes, no ECAP threshold
could be determined by either AutoNRT or a human
observer. Of the remaining 397 electrodes, thresh-
olds were determined by both AutoNRT and an
expert clinician in 370 cases (93%). Of the 27 dis-
crepancies, half were due to algorithm error and
half were due to AutoNRT giving no threshold due to
low confidence (an element of earlier designs).

For the 370 electrodes where both AutoNRT and
the expert clinician determined an ECAP threshold,
the absolute difference between the two was less
than 9CL in 90% of cases, with a median of 3CL and a
maximum of 37CL. However, when AutoNRT was
compared to multiple human observers, AutoNRT
performed just as well as the ‘average’ clinician.
Five human observers (four experts and one novice)
determined T-NRT levels on 77 randomly selected
electrodes. The observers did not perform any
recording parameter optimisation (this was already
performed by AutoNRT), and the AutoNRT T-NRT
levels were hidden from them. For each electrode,
the median T-NRT of the four expert observers was
nominally set as the ‘true’ T-NRT level. Each obser-
ver — AutoNRT included — was compared with this
median. Fig. 9 shows the result of the comparison,
demonstrating the ability of AutoNRT to perform
just as well as an experienced clinician. Interest-
ingly, the novice clinician also performs just as
well as two of the experts (discussed below).
Further, two of the experts differed by as much
as 30CL: returning to the single-human comparison,
AutoNRT’s maximum error of 37CL should be
Figure 9 Performance of AutoNRT compared to five
human observers (S1—S5). The median T-NRT of the four
experts is defined as the ‘true’ T-NRT for 77 T-NRT mea-
surements. Data points are the mean absolute deviations
from this median; error bars are the 10th and 90th per-
centiles. Novice observer denoted by asterisk (*).
considered with this inter-observer variability in
mind.

Intraoperatively, AutoNRT had a mean execution
time of 23 s per electrode (S.D. 5 s). All intraopera-
tive measurements were performed with a fixed
starting current level; thus, when multiple electro-
des are measured in a session, the mean execution
time is less than 23 s because the starting current
level is based on T-NRTs from neighbouring electro-
des. Postoperatively, where AutoNRT must begin at
a low current level and uses a lower stimulation
rate, themean execution time was 46 s (S.D. 11 s). A
manual procedure typically takes a few minutes.

Thus, AutoNRT is successful and accurate in the
vast majority of cases. Compared to a manual pro-
cedure, AutoNRT saves time and gives objective
results that are more consistent across clinics world-
wide. Furthermore, as with previous releases, we
endeavour to improve the accuracy of AutoNRT in
future releases of Nucleus Custom Sound Suite as
more training data becomes available.
5. Discussion

True automation requires a high level of perfor-
mance in a number of aspects: (i) the automated
systemmust function at the single press of a button;
(ii) the system must produce results in almost all
cases; and (iii) the system must be sufficiently
accurate. Although these requirements are difficult
to satisfy simultaneously, AutoNRT provides a suc-
cessful balance.

To achieve ECAP thresholds at the press of a
button, AutoNRT takes an infrathreshold approach
so that, postoperatively, safety is assured from the
start of the measurement. If the stimulation
becomes too loud, a clinician must intervene and
cancel the measurement; in the absence of this
event however, AutoNRToperates at a single button
press. Whilst this approach enhances automation, it
places a heavy burden on the expert system. This is
for two reasons: (i) the expert system must detect
ECAPs near threshold, where the signal is less clearly
defined and (ii) the expert system does not have the
benefit of seeing large ECAPs at high stimulation
levels–—ECAPs that can be used as a correlation
template at lower stimulation levels. A comparison
with measurements of the auditory brainstem
response (ABR) highlights the latter factor further.

Visual detection of threshold is common with the
ABR. This is widely performed to detect neonatal
deafness. Typically, a high level acoustic stimulation
is used to establish a template response, and this is
correlated with responses at lower volumes to find
threshold. This is easy to do acoustically because the
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dynamic range of acoustic hearing is extremely large
and sound level scales are perceived consistently
across the population (for example, 70 dB SPL
speech is similarly loud to different listeners). Thus,
it is simple to define a starting level that is both safe
and likely to evoke a large response. Accordingly,
automated systems exist that detect ABR thresholds
by visual detection (e.g. [23]). In contrast, ECAP
thresholds can be close to the maximum acceptable
level, and stimulation levels differ largely across
recipients and even across electrodes.

To achieve T-NRT levels with a high success rate,
AutoNRT is sufficiently sensitive with all possible
ECAP morphologies. Whereas the systems of Char-
asse et al. [15] and van Dijk et al. [16] only use
responses with clear N1 and P1 peaks (a prudent
precaution with Nucleus CI24M/R waveforms),
AutoNRT makes no distinction in ECAP morphology.
This provides AutoNRT with a greater chance of
success on any given electrode. Similarly, the
AutoNRTexpert system is trained with NRTmeasure-
ments containing many obscure morphologies near
threshold. By comparison, Litvak and Emadi [17]
reject 40% of their dataset, only including traces
that are classified unanimously by five clinicians.
Charasse et al. [15] and van Dijk et al. [16], with
small subject pools, do not provide a firm indication
of their systems’ success rates; a reduced rate is
suggested by the sensitivities of their expert sys-
tems (68% [18] and 80% [19], respectively, with clear
peaks required) and the requirements of obtaining
an AGF (Charasse et al. [15] require five valid
ECAPs). Thus, previous systems are designed to be
highly specific, and this reduces the success rate and
hence the level of automation.

The pursuit of sensitivity, however, directly
reduces accuracy. Notwithstanding this trade-off,
AutoNRT has demonstrated a level of accuracy that
is comparable with a human expert. The use of two
separate expert systems for the ascending and des-
cending phases provides the required balance
between sensitivity and accuracy: the ascending
series expert system is highly specific (specificity
of 99% during training and 96% during testing), and
the descending series expert system treats all mis-
classifications equally. Since the visual detection
method requires ECAP recognition at low signal
levels, where noise and artefact are significant,
the expert system features are designed to be mor-
phology-sensitive rather than amplitude-sensitive:
evoked potentials are normalised to the noise level
(N1P1/Noise), downward sloping artefact is tracked
by template matching, and upward sloping artefact
is tracked by the peak picker rules.

When compared to the median of multiple human
experts, AutoNRT’s absolute mean deviation was
2.8CL (Fig. 9). This is similar to the results of
Charasse et al. [15] (3.6CL) and van Dijk et al.
[16] (2.3CL). Furthermore, a novice clinician per-
formed just as well as an experienced clinician in
the AutoNRT observer pool. Thus, we conclude that
threshold determination is ideally suited for auto-
mation: discrepancies between multiple observers
are most likely due to differences in the subjective
definitions of ‘threshold’, rather than any inherent
difficulty of the task.

Despite the level of automation that AutoNRT
achieves, clinical experts may prefer to supervise
AutoNRT measurements if they feel that the results
can be improved from time to time. Nucleus Custom
Sound Suite displays the NRT measurements as they
occur, and clinicians can adjust the T-NRT level as
they wish. Nevertheless, with or without human
supervision, AutoNRT saves significant clinical time
through its automated measurement sequence,
recording parameter optimisation and machine ana-
lysis. AutoNRT is a powerful tool for all clinicians,
both expert and novice.
6. Conclusions

AutoNRT offers a completely automated means of
obtaining ECAP thresholds with the Nucleus Free-
dom cochlear implant. Whereas previous systems
require considerable manual effort and expertise
to provide NRT data or ensure safety prior to the
automated procedure, AutoNRT performs all func-
tions at the press of a button. AutoNRT has demon-
strated a high success rate (93% of electrodes) and
a level of performance that is comparable with
human experts. It has been successfully used in
many clinics worldwide, significantly streamlining
the clinical procedures associated with cochlear
implant use.
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