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Real-Time Feature Extraction from
Electrocochleography with Impedance
Measurements during Cochlear Implantation using
Linear State-Space Models

Raphael R. Andonie!?, Wilhelm Wimmer!23, Reto A. Wildhaber*:®, Marco Caversaccio2, and Stefan Weder'

Abstract—Electrocochleography (ECochG) is increasingly used
to monitor the inner ear function of cochlear implant (CI)
patients during surgery. Current ECochG-based trauma detec-
tion shows low sensitivity and specificity and depends on visual
analysis by experts. Trauma detection could be improved by
including electric impedance data recorded simultaneously with
the ECochG. However, combined recordings are rarely used
because the impedance measurements produce artifacts in the
ECochG.

In this study, we propose a framework for automated real-time
analysis of intraoperative ECochG signals using Autonomous
Linear State-Space Models (ALSSMs).

We developed ALSSM based algorithms for noise reduction,
artifact removal, and feature extraction in ECochG. Feature
extraction includes local amplitude and phase estimations and
a confidence metric over the presence of a physiological response
in a recording. We tested the algorithms in a controlled sensitivity
analysis using simulations and validated them with real patient
data recorded during surgeries.

The results from simulation data show that the ALSSM
method provides improved accuracy in the amplitude estimation
together with a more robust confidence metric of ECochG
signals compared to the state-of-the-art methods based on the
fast Fourier transform (FFT). Tests with patient data showed
promising clinical applicability and consistency with the findings
from the simulations.

We showed that ALSSMs are a valid tool for real-time analysis
of ECochG recordings. Removal of artifacts using ALSSMs
enables simultaneous recording of ECochG and impedance data.
The proposed feature extraction method provides the means to
automate the assessment of ECochG. Further validation of the
algorithms in clinical data is needed.

I. INTRODUCTION

OCHLEAR IMPLANTATION is a highly effective treat-
ment for patients suffering from severe-to-profound hear-
ing loss. For cochlear implant (CI) patients, an electrode array
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is placed in the inner ear to stimulate the auditory nerve fibers
to transmit sound from an external microphone to the brain. To
optimize the surgical and audiological outcome, it is crucial to
preserve cochlear structure and function during implantation
(LI-[4].

Electrocochleography (ECochG) is increasingly used to
monitor cochlear health during cochlear implantation [5]-[14].
ECochG measures cochlear biopotentials in response to an
acoustic stimulus. Using pure tone stimulation (i.e., sinusoidal
stimulus), responses are commonly recorded in pairs, consist-
ing of a rarefaction (RAR) and condensation (CON) response.
RAR and CON refer to the polarity of the longitudinal pressure
wave of the applied stimulus. Different response components
can be derived from these ECochG signals, which are sug-
gested to originate from different neurosensory sources within
the cochlea [15]. The cochlear microphonic (CM) mainly
indicates the function of the outer hair cells (OHC) and is
an electrical reflection of the acoustic stimulus [16]. It is
considered the ECochG component with the most predictive
power regarding cochlear health [[11f], [17]-[20]. To measure
the CM, the difference signal (DIF) between CON and RAR is
analyzed. However, acoustic harmonics in the measurements
prevents perfect separation of the single response component
(LLf], [21]], [22]].

We refer to real-time ECochG (rt-ECochG) as an ECochG
that was continuously recorded and instantly processed during
surgery [[10]. A typical intracochlear rt-ECochG measurement
recorded by the CI's most apical electrode during surgery
is shown in Individual epochs are composed of
several buffers, which are acquired from repeatedly recorded
responses. In this way, response pairs (CON and RAR) are
recorded at a repetition rate of 1.25Hz. We obtain the DIF
signal by subtracting the RAR from the CON responses. The
continuous recording generates a sequence of epochs, referred
to as the rt-ECochG measurement. By extracting features (e.g.
CM amplitude or phase) from the epochs, feature traces are
created over the duration of a measurement. We refer to the
collection of different feature traces as the insertogram.

Studies have found a significant correlation between
changes in CM amplitude during CI electrode insertion and
postoperative preservation of residual hearing [4], [5], [23],
[24]. However, existing methods for trauma detection show
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low sensitivity and specificity and are limited to functional
preservation in patients with substantial residual hearing [13]],
[19]. Moreover, the current gold standard is the visual in-
spection of the ECochG signals by an expert, which prevents
the integration of the analysis into an automated software
[25], [26]. A promising strategy to achieve more reliable
automatic trauma detection is to include more data such as
the electrical impedance of the CI electrodes in the analysis
in addition to the rt-ECochG amplitude features [27]-[32].
Electrical impedance data provides information about the
electrode-tissue interface, including the electrode-electrolyte
interface and the surrounding tissue resistance [33]. The
increased complexity due to the simultaneous measurement
of rt-ECochG and impedance in real time (rt-impedance) as
well as the extraction of more signal features poses new
challenges to the signal processing methods applied. In this
paper, we present a new method for real-time analysis of
intraoperative rt-ECochG using autonomous linear state-space
models (ALSSMs), enabling the simultaneous measurement
of rt-impedance data. Our ALSSM based algorithms address a
broad range of signal processing tasks such as artifact removal,
filtering and feature extraction [34].

II. MATERIALS AND METHODS

In this section, we briefly introduce the basics of ALSSM
and how we use it to create algorithms for processing rt-
ECochG. In addition, we show how we tested the performance
of these new algorithms using simulation data and how we val-
idated them in a visual proof of concept using exemplary real
patient data. For comparison, we also applied an established
standard method to both the simulations and the patient data.

A. ALSSMs as Signal Models

Model-based signal processing methods are well suited for
the analysis of biological signals, as they allow to incorpo-
rate a priori knowledge of the signal physiology. ALSSMs
enable the efficient online implementation of such model-
based algorithms [34]-[36]]. The ALSSMs in this study were
implemented using the open source software library Imlib [37]).

Discrete-time ALSSMs can generate functions such as
polynomials, exponentials, and sinusoids, as well as linear
combinations of those [38]. An ALSSM of order IV is given
by the recursive state equation and the output equation

Ti41 = Ax; (D

m; = cx; 2

with state transition matrix A € RY*N, output vector ¢ €
RIXN state vector z; € RN, model output m; € R, and time
index 1 € Z .

Substitution of x; in @) with (I) leads to

m;(zo) = cA'zg 3)

with initial state vector xy. Note that the output of a model,
defined by A and c, is fully determined by the initial state z.
For the sake of simplicity, we subsequently denote this initial
state xg as x.
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B. Localized ALSSM to Signal Fitting

The best approximation of an observed signal y € R¥ with
K samples under the premise of a particular signal model is
defined as the model output m(&) yielding a minimal cost with
respect to the squared error. For local signal approximation
with ALSSMs in the interval ¢ € {a,...,b},a,b € Z, a cost
segment

k+b

-3

1=k+a

is used at filter index k € Z [34]]. v'~* adds a left- or right-
sided exponentially decaying window to the cost term. By
rewriting (@) in the form

T (2, k; ) — cATEg)? )

(k) = 2" Wi — 227 & + Ky, (5)

with substitutes

Wy, = Ef;r:ﬂ i—k (Ai—k)T TeAi~k c RNXN  (6)
&= o Ry (AR T e RY 7
R = Efi:+a ,yl k 2 c R (8)

the actual computation can be performed in a sliding window
manner and with minimum computational effort as a recursive
least squares algorithm. In this case, the decaying window
is essential to ensure numerical stability. Finally, the optimal
state is given by

21, = argmin Jg(ac, ki) 9)
z€RN
= Wk_lfk.. (10)

as showed in [34].

C. Constrained Parameter Optimization

To achieve a desired behavior of the model, in many cases
it is advantageous to restrict the space of solutions for (I0)
from R” to a subspace of it. For a M dimensional subspace,
we introduce the linear constraint

x = Hv (11D

with the constraint matrix H € RV*M_ The minimization
problem (I0) then modifies to

O = argmin J°(Hv, k;~) (12)
vERM
= (H"W.H) ' HTg,. (13)

D. Composite Cost and Model Superposition

Multiple cost segments can be combined to achieve more
complex filter characteristics. Such a combination of cost
segments is called a composite cost, of which there are several
variants [34].

To subsequently join P cost segments with individual decay
factors 'y(”) and interval borders a,, b,, we get the summed
cost

P
T(a k) = e (@, k7P (14)
p=1
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Fig. 1. Schematic overview of a typical intraoperative real-time Electrocochleography (rt-ECochG) measurement. The cochlea generates biopotentials as a
response to acoustic stimulation. The rt-ECochG is recorded directly by the cochlear implant (CI) at the most apical intracochlear electrode, which is slowly
inserted through the round window. The signal is digitized at a sampling rate fs = 20.5kHz and raw data chunks of a few milliseconds length are buffered
before stitched together to form a full response. The time span of a response is denoted an epoch and lasts from 11 to 16 milliseconds. A response contains
a condensation (CON) and rarefaction (RAR) response pair which result in the difference signal (DIF) after subtraction. The DIF signal is used to analyze
the cochlear microphonic (CM), a commonly used component of the ECochG signal. The continuous recording of responses generates a sequence of epochs,
which are combined into the rt-ECochG measurement. By extracting features from the individual responses, feature traces are created over the duration of a
measurement, as shown here on the basis of the CM amplitude. We refer to a collection of feature traces as the insertogram.

ie.,
=20 m, (15)
& =Y &P, (16)
Wi =31 wi. (17)

While each segment in the composite cost has additionally
assigned its individual output vector ¢(?) and decay factor v(®),
the transition matrix A and state vector x are common for all
segments. This simplifies the subsequent computation, but is
not a limitation of the method, since ALSSMs can be stacked.
To superimpose ) models, we can apply

A = diag (A<1>,...,A<Q)) (18)
T = [(xu))T (x@))T}T (19)
c= [C(l) C(Q)} (20)

E. Signal and Event Classification using ALSSMs

Since a cost as in @), or more generally (I4), provides a
measure of similarity between a model and the observed sig-
nal, we can use the costs to evaluate the performance of several
models. We denote the ratio between two such cost remainders
a cost ratio, which is closely related to the likelihood ratio of
two alternative hypotheses in statistics. Since likelihoods are
often in logarithmic scale, we analogously introduce the log-
cost ratio (LCR)
min
TEX]
min
rEXs

JY(x1, ks 7)

eR
JE(z2, k;2)

1
LCR; = — log 1)

with X} and X, being distinct feature spaces [34].

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

Fig. 2. Model of the amplifier drift artifact naturally occurring in intraopera-
tive real-time Electrocochleography (rt-ECochG) when paralleled by real-time
impedance measurements. The line segments are connected at the transition
points of subsequent buffer cycles of the analog-to-digital converter.

F. Artifact Removal in ECochG using ALSSMs

The currents injected by concurrent impedance measure-
ments cause the analog amplifier of the ECochG measurement
system to drift. As the polarity of these measurement currents
alternate, the resulting drift artifact resembles a stationary
triangular wave with the known period of a single buffer cycle.
However, the exact slopes of the artifact depend on the electric
properties of the surrounding tissue, which are unknown.

To compensate for the drift artifact, we design a piece-wise

linear model (cf., of @ continuous line segments.
The model of line segment ¢ € {1,...,Q} is
m{®(z) = a§? + a{Vi. (22)

The model is fitted to the raw measurement signal using a
composite cost over the full epoch duration.
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The ALSSM parametrization for a line model as in (22)) is

1 1
AD = {0 1], =11 0] (23)
with state vector
-
2@ — {aé‘n agq)} , (24)

where aq reflects the line offset and a; the slope. A total of
() ALSSMs are then stacked according to (I8)-(20) to obtain
a composite cost (14). Each line model must connect to its
successor, which is provided by the equality constraints

(g+1)

(q)
m = Myx,

oK 5 (25)

with Kp being the buffer size, i.e., the width of each line
segment in number of samples. The cost segments match the
buffer cycle width. The filter is thus evaluated only once, at
k = 0. The constraints from (23) for ) = 4 are incorporated

by applying (13) with

Ky Ky Kp 3Kp 1]
1 0 0 0 0
0 -92Kp Kp 3Kp 1
0 1 0 0 0
H=1 0 —3Kp 3Kp 1 (26)
0 0 1 0 0
0 0 0 0 1
0 0 0 10

The window functions are almost rectangular with a decay
. _ 1000

factor for reverse recursion 79 = To00—1> 4 € {2,...,Q}.
except for the first window, where a slight decay was chosen
with 7(;) = % with Kp = 60 to emphasize the pre-
stimulation baseline.

With this strategy, the signal is reconstructed by subtracting
the artifact model trajectory from the raw epoch before the

next processing step.

G. Noise Reduction in DIF using ALSSMs

The morphology of a CM response is mainly determined by
the acoustic stimulus [[15]]. This a priori knowledge enables to
design a specific ALSSM filter that accurately reproduces the
stimulation frequency fy. To approximate the CM, we used a
sinusoidal model of the form

m; = a - cos (Qoi + @) 27
with fixed frequency

QO = 27Tf0/.f87

being normalized to the recording sampling rate fs;. The
estimation parameters « and ¢ represent the amplitude and
the phase of the sinusoidal. The ALSSM parametrization

equivalent to (27) is

(28)

cos) —sin(?
o {sinQ cos () ] » €5 [1 O] (29)
with state vector
=« [Sinqb cos ¢]T, 30)
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Frequency Responses of Sinusoidal ALSSMs

1.5k 2k

|

|

|

|

|

|

|

|

|

|

T T
0 .5k 1k
Frequency (Hz)

2.5k

Fig. 3. Frequency responses of a sinusoidal Autonomous Linear State-Space
Model (ALSSM) filter with ground frequency fo = 500Hz and with two
different window lengths L1 and Lo applying an exponentially decaying
window. We note that wider windows (as with Lg) provide a higher frequency
specificity of the filter. L1 = 4ms, Lo = 8ms.

cf., table I in [34]. For the composite cost window function, we
chose a symmetric exponential decay with ; fori = k+a ...k
and v, for ¢ = k+ 1...k 4+ b. By adjusting the length
and window shapes of the cost segment, filters of different
frequency characteristics can be obtained. To form a bandpass
filter, centered around fy as shown in our model
can simply be evaluated at mg(x) for every filter index k.
By increasing the window width L = b — a, we observe the
frequency specificity of the filter will also be increased. To
preserve the frequency specificity of the filters for different
stimulation frequencies, we adapt the window length accord-

ingly.

H. Morphological Analysis of the CM using ALSSMs

The most commonly used feature to assess a CM response is
the amplitude at the fy-bin of the amplitude spectrum, obtained
by fast Fourier transform (FFT) to the DIF epoch. In analogy,
we extract the local amplitude and phase estimations &j and
(Z)k, respectively.

In a second step, we extract a confidence metric, how well
our model represents the observed data. For this, we
compare the CM model with a noise model by calculating

o min (Joe k) + (s k)
O = =5 108 0 0 ) 1 (0, k7

according to ZI) [35]. Any LCR > 0 indicates that the CM
model explains the observation locally better than the noise
model. To aggregate the amplitude information of a full epoch,
we calculate an LCR-weighted average of the amplitudes.
In doing so, plausible signal periods are emphasized. We
parameterized the average with a window function (Hamming
window) similar to the FFT to minimize windowing effects.
The per-epoch average amplitude is therefore given by

€2y

K
o= wirLCRy o
k=0

(32)
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with w; being the window function value. In analogy to (32),
the per-epoch average

K
LCR = > wiLCRy
k=0

(33)
is calculated to quantify an entire epoch.

L. Verification with Simulation Data

To test the suitability of the sinusoidal CM model, we
performed a controlled sensitivity analysis of the amplitude
estimation algorithm using simulated ECochG signals. Testing
with simulation data allows to exclude external disturbances
from the analysis and to examine the CM amplitude estimation
separately from the artifact removal.

For signal synthesis, we used a verified open-source model
of the auditory periphery by Zilany et al. [39]-[45]. This
model allows to simulate IHC and OHC responses to a
user-defined acoustic stimulus. We reproduced three typical
ECochG waveforms (A, B and C) as seen during surgery by
combining the simulated IHC and OHC cell potentials [45].
For each waveform, we varied the recruitment coefficients
Cruc, Conc € [0,1] of THCs and OHCs as well as the inten-
sity I € R (in dBgpy,, sound pressure level SPL) of the 11ms
acoustic 500Hz pure-tone stimulus in the simulation. The
actual simulation parameters were A: I = 60dBgpr,, Ciuc =
COHC = 1, B: I = 110dBSPL>CIHC = COHC = 0.5, C:
I = 60dBgpr, Cinc = 0, Conc = 1. [Figure 4| compares real
intraoperative rt-ECochG recordings to the simulations. We
added artificial pink noise to the signals to simulate different
signal-to-noise ratios (SNRs).

For comparison, we also applied a commonly used con-
ventional method on the same data set, which we reproduced
to the best of our knowledge [20]], [46]. In the conventional
method, the discrete amplitude spectrum of the response is
calculated using the FFT. The CM amplitude is then estimated
using the fo-bin of the spectrum’s absolute values. To interpo-
late in frequency domain (A f ~ 25Hz) and minimize leakage,
the signal is zero-padded and multiplied with a Hamming
window before the FFT. To estimate the noise level and its
standard deviation, 3 preceding and 3 succeeding bins, starting
9 bins away from the fy-bin are used [20]. With that, we also
calculated the z-score of the fy-bin.

We evaluated the performance of the algorithms using
Monte Carlo simulations. The test includes estimations of
the CM amplitude and an evaluation of response confidence
metrics in the DIF signal for the three test waveforms
A-C). In the conventional method, the z-score was used as the
confidence metric. The performances of the different methods
were evaluated with 10’000 samples per test waveform with
SNRs in the range of —10dB to +20dB.

J. Validation with Intraoperative Recordings

For illustration purposes, we applied the algorithms to a few
exemplary patient data from an ongoing observational study
and present the results graphically. More specifically, the real
data presented throughout this paper come from five patients
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intraoperative rt-ECochG  simulated ECochG

@ N

®A

©onN

L

5ms Time

Fig. 4. Comparison of intraoperative real-time electrocochleography (rt-
ECochG) responses to simulation data with normalized amplitudes. Shown
are the difference signals (DIF) obtained by subtraction of responses from
a condensation and rarefaction 500Hz acoustic pure tone stimulus. (A)
DIF exhibiting sinusoidal peaks. (B) DIF exhibiting sharp peaks. (C) DIF
exhibiting round peaks.

who averaged 59.2 years of age at implantation and had a pure
tone average (PTA) of 76.7dByy, (hearing level HL).

We recorded rt-ECochG and rt-impedance data from CI
patients during electrode insertion. The experimental study
has been approved by the local institutional review board
Kantonale Ethikkommission Bern (Cantonal Ethics Committee
of Bern), Switzerland (BASEC ID 2019-01578) and was
conducted in compliance with the Declaration of Helsinki.
All participants or their legal guardian gave written informed
consent before participating in the study.

Before the surgical incision, we placed a sterile insert
foam eartip with a connected sound tube into the patient’s
external auditory canal [47], [48]. For stimulation, we con-
nected the acoustic unit of a hybrid sound processor (Nucleus
7, Cochlear Ltd., Melbourne, Australia) to the sound tube.
Prior to insertion, we transcutaneously connected the sterile-
packed transmitter coil of the sound processor to the implant.
Insertion was then performed with pure tone stimulation and
measurement of both rt-ECochG and impedance through the
implant (CI622, Cochlear Ltd., Melbourne, Australia) using
the manufacturer’s measurement software (Cochlear Research
Platform 2.0, Cochlear Ltd., Melbourne, Australia). The ap-
plied pure tone stimuli were 11ms long and had an amplitude
of either 100dByy, for 250Hz or 108dBgy, for 500Hz. The
epochs were recorded unfiltered over a window of 16ms and a
sampling rate of 20.5kHz. Impedance data were obtained using
the default intraoperative setting of the Cochlear Research
Platform 2.0, in which the monopolar impedances of all
electrodes are measured simultaneously to rt-ECochG. The
results of the measurements were not communicated to the
surgeon until the insertion was complete. This was done to
avoid influencing the insertion process.

We post-processed the collected data using our signal pro-
cessing pipeline, which includes artifact removal, amplitude
estimation, and LCR calculation. For comparison, we recorded
the amplitude trace provided by the measurement software
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ECochG Confidence Metrics vs. SNR

|
i
e 17 TS |
;

Fig. 5. Evaluation of confidence metrics for electrocochleography (ECochG)
responses in simulation data at different signal-to-noise ratios (SNRs). The
curves show mean values for n = 10’000 trials of three characteristic
waveforms (Figure 4 A-C) with added random noise. Top panel: Logarithmic
cost ratio (LCR) obtained by comparing a localized Autonomous Linear State-
Space Model (ALSSM) of the cochlear microphonic (CM) versus a pure noise
model. Bottom panel: z-score obtained by a FFT-based spectral estimation.

similar to the conventional method explained in

ITI. RESULTS
A. Verification with Simulation Data

[Figure 5| compares the simulation results of the algorithms
for determining the confidence metric of the CM responses
for the three test waveforms A-C). The top panel
contains the results for the ALSSM method, while the bot-
tom panel depicts the results of the conventional method.
The curves show that the ALSSM method provides a more
homogeneous result over different CM shapes, especially in
the range of distinct responses with SNR > 0dB.

As a first approach to establish a threshold for binary
classification of the presence of physiological responses, we
chose LCR > 0.35, where the cost of the CM model exceeds
twice the cost of the noise model. As a result, signals for
all test waveforms with SNR > —2dB are being considered
significant. Using the conventional method, on the other hand,
even signals with SNR > —7.5dB (waveforms A and C) and
SNR > —10.3dB (waveform B) are considered significant
responses (p < 0.01).

shows the relative absolute errors of the amplitude
estimation comparing the ALSSM method and the conven-
tional method at different SNRs. Each panel corresponds to
the results of one of the three test waveforms A-C).

The ALSSM estimated the CM amplitude more accurately
in all simulations, and performed particularly well for wave-
forms (A) and (C). Both methods showed the largest error
for waveform (B). The ALSSM method achieved a smaller
error in this case as well. At SNRs < —7.5dB, the estimation
error of the ALSSM method is higher than the error of the
conventional method. Since responses with such a low SNR
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CM Amplitude Estimation Error vs. Noise
— ALSSM i

Relative Error (%)

SNR (dB)

Fig. 6. Absolute errors of cochlear microphonic (CM) amplitude estimations
in simulated electrocochleography (ECochG) data at different signal-to-noise
ratios (SNRs). Each panel shows the averaged results for one of three
characteristic waveforms A-C) with added random noise from
n = 10’000 trials. For comparison, the CM amplitudes were estimated by
the new method using Autonomous Linear State-Space Models (ALSSM) and
a conventional algorithm based on the fast Fourier transform (FFT).

are not considered significant by either method, the amplitude
estimates in this range are invalid anyway.

B. Validation with Intraoperative Recordings

The top panel in shows a raw DIF epoch from a
rt-ECochG measurement distorted by the artifact as described

in together with the estimated artifact model
frajectory. We reconstructed the signal as described in

(bottom panel). We applied the CM ALSSM
with L = 2ms for noise reduction. By using the ALSSM
as a bandpass filter, the transient portions of the signal are
reproduced. Note that the parameters of the localized model
were also estimated at the same time.

Figure 8| shows the pipeline result for a 250Hz pure-tone
insertogram (i.e., rt-ECochG and rt-impedance measurements
from the start of the electrode array insertion until full inser-
tion), with three exemplary DIF epochs of different distortion
and noise levels shown individually. The examples show that
artifacts can be removed applying the artifact model. Further,
the CM model fits well to the observed data within the window
considered for the cost computations.

The result is an amplitude trace with artifacts removed,
which at the same time retains its fast features. This becomes
especially evident when comparing the ALSSM amplitude
trace with the amplitude trace obtained using the conventional
method. The intermediate rise in amplitude between 25 and
60 seconds as estimated by the conventional method coincides
with the passage of the apical electrode through the round
window at the start of the insertion (drop in apical impedance
| Z22]). This is not reproduced by the ALSSM method. Finally,
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Fig. 7.  Epoch from an intraoperative real-time electrocochleography (rt-

ECochG) measurement, distorted by the amplifier drift artifact caused by
concurrent real-time impedance measurements before and after application of
the Autonomous Linear State-Space Model (ALSSM) filters. Top panel: Raw
epoch before processing (gray) and artifact estimation (black dased). Bottom
panel: Reconstructed signal before (gray) and after (black) noise reduction.

the per-epoch average LCR provides an additional confidence
metric.

Impedance traces of the apical (ICE 22) and basal (ICE
01) intracochlear electrodes are shown in the bottom panel
to illustrate the entire insertogram. The impedance of the
apical electrode elevates at 90 seconds, as expected due to the
geometry of the cochlea, but then decreases towards the initial
level [33]], [49]-[51]. The impedance of the basal electrode
drops sharply around 155 seconds after entering the fluid filled
scala tympani. This event coincides with a spike in the CM
amplitude estimate of the conventional method. However, this
spike is not visible in the amplitude trace of the ALSSM

method Epoch C).

IV. DISCUSSION

We have implemented a signal processing pipeline for real-
time morphological analysis of rt-ECochG signals. This signal
processing pipeline includes artifact removal ([V-A)), noise
reduction (IV-B)), and a local model for feature extraction

(V-C).

A. Artifact Removal

We demonstrated that artifacts caused by simultaneous rt-
impedance measurements can be removed in rt-ECochG using
our artifact ALSSM. The model-based approach allows the
discontinuities of the artifact to be adequately represented.
The estimation of the artifact becomes optimal when all other
signal components are offset free over each single buffer cycle.
However, the effects of this requirement are mitigated by
constraining the individual models over the entire epoch. In
addition, common modes of CON and RAR are eliminated
in the DIF signal. In the future, the artifact parameters ob-
tained with our approach potentially allows the derivation of
intracochlear capacitive properties during the recording of an
insertogram.
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B. Noise Reduction

In the example from we showed that the CM
model is suitable for noise reduction in the DIF signal. The
sinusoidal ALSSM behaves like a band-pass filter, which be-
comes less frequency specific when the window is shortened.

C. Feature Extraction

We used ALSSMs to locally fit a CM model to the observed
data by estimating amplitude and phase. Simultaneously, we
provided a confidence metric about the presence of a physio-
logical response using LCR.

The simulations showed that the per-epoch average LCR
yields similar results for all tested waveforms, and therefore
is a more robust confidence metric for signal classification
than the z-score from the conventional method. Thus, objective
analysis for different rt-ECochG waveforms is facilitated with
the novel ALSSM method. The steeper slope of the LCR
curves relative to the dynamic range in the region of SNR =
0dB implies a higher resolution of the confidence metric
available for classifying the signals. Our first attempt to find a
suitable threshold for binary classification of responses based
on the LCR still needs refinement, since the classification with
an LCR threshold of 0.35 showed to be rather conservative.

With the ALSSM method, the amplitude of simulated CM
could be estimated more accurately than with the conventional
method. The localized CM model provides a more detailed
representation of the amplitudes in a single epoch. By weight-
ing the individual amplitudes in an epoch using LCR, the
per-epoch average amplitude can be estimated more robustly.
The amplitude estimation for both methods could possibly be
improved by considering the harmonics.

ECochG signals exhibit a rich morphology that includes
features such as onset delay, phase, and envelope that could
be used for trauma detection in the future. In a next step,
it will be important to precisely determine these features by
fitting a global CM model. In this context, the LCR and phase
estimation of the CM ALSSM are indispensable [35]], [36].

D. Study Limitations

The main limitation of the current study is the complexity
of the CM model. To obtain a morphological description and
feature set adequate for trauma detection, the full CM must
be fitted with its transient components, in place of a local
model. In addition, the artifact estimation could be improved
by fitting a global CM model simultaneously with the artifact
model, which is feasible with our approach, since ALSSMs
can be stacked. Finally, ECochG response components other
than the CM such as the auditory nerve neurophonic should
be taken into account for trauma detection, so these must also
be analysed.

The simulation data enable the evaluation of new algorithms
for the analysis of intraoperative ECochG in a controlled
sensitivity analysis. Still, the simulations do not correspond to
complete ECochG responses, but only reflect the cumulative
cell potentials of the OHC and IHC clusters. To obtain more
vivid ECochG simulations, a computer model of the cochlea
is required [45].

405

406

407

408

409

411

412

413

414

416

417

418

419

421

422

423

424

425

426

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

448

449

451

452

453

454

455

456

457

458

459



460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TBME.2023.3276993

8
Epoch A Epoch B Epoch C
) 7
§] e . \ A ), Raw DIF
P e TN e /7 e \ J N / __ _ Artifact
~ ~ /
E \ y A\ estimation
F 8] ;N Corrected
a 1 | - \ \ A DIF
- T \ \ Yo /\./-\ i
Y ' — CM Model
Trajectory
2ms 2ms 2ms
LCR
= 757 == ALSSM
= ---FFT
~ 50 0.5 1.0 1.5 \
2 I\ PSRN
Q ldvadd ANYN YA VY =T WY Vv v e m N
<t 25 AP v‘a-“"' ’
0- /
= - Ne¥)
% 20
8 v
2 107
< ]
= m
o}
2, 4
g 5
— J
[ TAT T T — T 1 1 " T 1 T T T AT T T T T
0 130 60 90 120 150 180 210 240 270 300
Start insertion Time (s) Full insertion
Fig. 8. Intraoperative real-time electrocochleography (rt-ECochG) with concurrent impedance measurements during cochlear implant (CI) electrode insertion.

The rt-ECochG signals show the difference (DIF) of the responses obtained from condensation and rarefaction acoustic stimuli. The rt-ECochG was measured
directly using the apical intracochlear electrode (ICE) of the CI. Top panels: Raw DIF epochs and artifact estimation using Autonomous Linear State-Space
Models (ALSSM). The three epochs represent different groups of observed signals during surgery, namely (A) small response, heavily distorted by the
impedance measurements, otherwise small SNR; (B) large response, distorted by the impedance measurements, low SNR; (C) medium response, heavily
distorted by the impedance measurements, otherwise medium SNR. Second-top panels: Corrected DIF epochs after artifact removal and trajectories of locally
fitted sinusoidal ALSSMs over the cost window width at the location of the maximum logarithmic cost ratio (LCR) representing the cochlear microphonic
(CM). Black, dashed: Extrapolation of the CM model trajectory over the full epoch. Second-bottom panel: Estimated CM amplitude trace over the course of
the CI electrode insertion obtained using the ALSSM method and the fo-bin of the FFT. Gray scale: Per-epoch average LCR obtained using the ALSSM
method. Bottom panel: Clinical impedance traces during CI electrode insertion, obtained from the apical (ICE-22) and basal (ICE-01) intracochlear electrodes.

The proposed signal processing pipeline has been illustrated
by only few intraoperative examples. A prospective study in a
larger clinical cohort is required to evaluate the classification
performance of our approach.

V. CONCLUSIONS

We introduced a tool for the analysis of intraoperative real-
time electrocochleography (rt-ECochG) based on Autonomous
Linear State-Space Models (ALSSMs). The analysis includes
artifact removal, noise reduction, and feature extraction to-
gether with a confidence metric (Logarithmic Cost Ratio,
LCR) for the physiological response. Our signal processing
pipeline enables the combination of rt-ECochG with simulta-
neously recorded impedance data for the purpose of improved
automated trauma detection during cochlear implantation. We
tested the feature extraction algorithms in simulated data and
applied the full signal processing pipeline to a typical intraop-
erative measurement. The controlled sensitivity analysis with
simulated data showed that our algorithms performed superior
to conventional FFT-based methods. With our approach, it
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is feasible to perform a robust morphological analysis of
the physiological response. Rt-ECochG waveforms can be
described more efficiently with ALSSMs than with FFT. The
LCR provides the means to automatically decide on the valid-
ity of a measured response. Since the presented algorithms are
computationally efficient, they could be implemented on the
implant itself for future applications other than intraoperative
trauma detection, such as cochlear health monitoring while the
patient wears the implant.
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