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ARTICLE INFO ABSTRACT
Keywords: Current noninvasive methods of clinical practice often do not identify the causes of conductive
Convolutional neural network hearing loss due to pathologic changes in the middle ear with sufficient certainty. Wideband

Finite-element model
Monte-Carlo simulation
Middle-ear pathologies

acoustic immittance (WAI) measurement is noninvasive, inexpensive and objective. It is very
sensitive to pathologic changes in the middle ear and therefore promising for diagnosis. However,
Hearing diagnostic evaluation of the data is difficult because of large interindividual variations. Machine learning
Wideband impedance methods like Convolutional neural networks (CNN) which might be able to deal with this over-
Acoustic stapedius reflex laying pattern require a large amount of labeled measurement data for training and validation.
This is difficult to provide given the low prevalence of many middle-ear pathologies. Therefore,
this study proposes an approach in which the WAI training data of the CNN are simulated with a
finite-element ear model and the Monte-Carlo method. With this approach, virtual populations of
normal, otosclerotic, and disarticulated ears were generated, consistent with the averaged data of
measured populations and well representing the qualitative characteristics of individuals. The
CNN trained with the virtual data achieved for otosclerosis an AUC of 91.1 %, a sensitivity of
85.7 %, and a specificity of 85.2 %. For disarticulation, an AUC of 99.5 %, sensitivity of 100 %,
and specificity of 93.1 % was achieved. Furthermore, it was estimated that specificity could
potentially be increased to about 99 % in both pathological cases if stapes reflex threshold
measurements were used to confirm the diagnosis. Thus, the procedures’ performance is com-
parable to classifiers from other studies trained with real measurement data, and therefore the
procedure offers great potential for the diagnosis of rare pathologies or early-stages pathologies.
The clinical potential of these preliminary results remains to be evaluated on more measurement
data and additional pathologies.

1. Introduction

The human sense of hearing enables the recognition of sounds, speech, tones and noises and thus plays an essential role in
interpersonal communication. If a person’s ability to hear is compromised, this can have a restrictive effect on everyday life and make
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social interactions considerably more difficult [1]. Given the widespread occurrence of middle-ear disease and the difficulty of
accurately identifying the cause of conductive hearing loss [2,3], a noninvasive and cost-effective diagnostic tool that reliably dis-
tinguishes among middle-ear pathologies would be valuable. This would aid in better selection of cases for surgery, surgical prepa-
ration, patient counseling, as well as help prevent unnecessary surgeries, for example, avoid exploratory middle-ear surgery. Common
non-invasive diagnostic procedures include audiometry, otoscopy, and computerised tomography scans, although the latter is asso-
ciated with a certain level of risk. However, these procedures either rely on the subjective judgment of the patient, are very
time-consuming or costly or do not provide enough information to make an accurate diagnosis.

Wideband acoustic immittance (WAI) and its extension the wideband tympanometry (WBT), which additionally uses varying static
air pressures in the ear canal to obtain more information, are very promising, objective diagnostic procedures enabling rapid and
noninvasive differentiation of middle-ear diseases. Previous studies have shown that characteristics of various middle-ear diseases are
visible in WAI measurements allowing identification of these pathologies [4-10].

However, a purely visual evaluation of the measurement data through comparison with standardized data of normal and patho-
logical ears is difficult due to large inter-individual differences. Additionally, the effects of pathological changes in the middle ear on
WAI measurements are not yet fully understood [11,12]. Therefore, WAI measurements are currently used only to a very limited extent
in clinical practice.

A promising approach to better evaluate WAI measurement data is the use of machine learning. Nie et al. [13] were able to classify
WBT measurement data of patients with normal and otosclerotic ears with an area under the curve (AUC) of the receiver operating
characteristic (ROC) curve of 97 % by using data augmentation to enrich the measurement data and adapting an already pre-trained
neural network via transfer learning. Sundgaard et al. [14] also used a deep learning approach for detecting otitis media based on WBT
measurements. An AUC of 97 % was achieved, however it was not possible to distinguish between different types and stages of otitis
media.

Even though classification based on WBT measurement data with high accuracy is possible using machine learning, certain
problems remain. Despite the use of data augmentation in both papers, a large amount of WBT measurements is still required to
sufficiently train a neural network. In Ref. [13] measurements performed on 80 patients suffering from otosclerosis and in Ref. [14]
measurement samples of 526 ears with effusion and acute otitis media were used. Conducting clinical studies of this magnitude is
costly and time-consuming. In addition, it is even more difficult to obtain measurement data from patients with rare middle ear
diseases such as disarticulation or malleus head fixation. At an early stage, the diagnosis of a disease is often uncertain; therefore, the
corresponding data can only rarely be included in clinical studies.

One way out of these problems might be virtually generated data for the Al training. By using a mathematical model of the auditory
organ WAI data can be simulated and as many data sets as needed can be generated at reasonable time and cost even for rare conditions
and early stages of diseases. These can subsequently be used to train a neural network which can classify measurement data collected
from patients. Such a mathematical model was developed by Ref. [15]. It aims to simulate the data recorded during measurements and
predict characteristic changes caused by middle ear pathologies. Local physical model parameters are adjusted to reproduce the
anatomical causes of the respective pathologies. The predictive accuracy of this model was demonstrated using temporal bone
measurements [12].

The aim of this work is to train a convolutional neural network (CNN) based on virtually generated WAI data that were simulated
with the mathematical model from Ref. [12]. The CNN will be used to classify WAI measurements published in the literature and
performed on patients with normal ears as well as patients suffering from otosclerosis and disarticulation. The classification is based on
WAL data being cheaper and easier to obtain compared with diagnostic tools like umbo velocity measurements and high resolution
computed tomography as described in Ref. [8]. Further, we assess the potential of confirming CNN-based WAI diagnosis with mea-
surements of acoustic stapedius reflex threshold. The CNN-based procedure is supposed to be fully automatic, without the need to
extract specific features manually. To our knowledge, there is no published literature using simulated data for the training of a CNN to
classify measured WAI samples in normal, otosclerotic, and disarticulated ears. But there is previous work generating synthetic data for
usage in applications like middle-ear diagnosis [16-19].

2. Materials and methods

To bypass the challenge of limited measurement data on pathologies simulated data were used for the training of the neural
network. WAI measurement data published in literature and accessed via the WAI database [20] were used as classification test data to
assess the performance of the CNN on real data. The neural network in this study shall be provided with the maximum available
information from WAI measurements. Therefore, in this study, impedance magnitude, impedance phase, energy reflectance, pressure
reflectance phase, assumed ear canal area at the probe position, and frequency of the first ear canal antiresonance in the complex
impedance as a measure for the distance from the probe to the eardrum were considered. In the following the WAI measurement data
and simulated training data are described in detail and an overview of the CNN architecture is presented.

2.1. Definition of WAI measures

The classification is based on the quantities of ear canal impedance (ZEC), pressure reflectance (R) and energy reflectance (ER),
which fall under the rubric of wideband immittance measures [21]. To measure these quantities, a dynamic sound pressure is
generated using a probe inserted into the ear canal. The sound pressure propagates through the ear canal and causes the tympanic
membrane to vibrate. Part of the sound pressure is absorbed, and the rest is reflected. The reflected sound pressure and the sound
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pressure emitted by the probe interfere. The resulting pressure can be measured by a microphone fitted in the probe. From the
measured sound pressure, the impedance ZECy(x) at a distance x from the tympanic membrane can be determined using the
Thevenin-equivalent of the probe derived from a calibration procedure. The pressure reflectance R(x) at the tympanic membrane can
be quantified by equation (1) in terms of the acoustic ear canal impedance ZECy and the characteristic impedance of the ear canal
Zc = p ¢ | Au(x), where Z¢ depends on the density of air p, the speed of sound in air ¢, and the cross-section area of the measurement
position Ay (x) such that:

_ZECM(X) — Zc(x)

 ZECy(x) + Ze(x) M

R(x)
The accuracy of the measured pressure reflectance R(x) depends on the underlying approximations that (i) the viscosity of air is
negligible, and (ii) that the ear canal is a rigid-walled tube of constant cross-section. With these assumptions, which do not hold true
above 5 kHz due to increasing influence of cross-section variations [22], the magnitude of the pressure reflectance along the tube is
approximately constant and equals the magnitude of the pressure reflectance at the termination (medial end of the ear canal) with x =
0. The angle of the pressure reflectance measured along the tube equals the angle of the reflectance at the termination plus a factor
related to the round-trip travel time of the pressure wave between the measurement point and the termination at the tympanic
membrane. The impedance ZECy at the target position x = Ly can be calculated from the impedance ZECy, at the measurement position
x = Ly by the following equation [11]

ZECy +1 Zc tan(k(Ly — Ly)) with ZC:p_c. @

ZECr =7 -
Cr=Zc 7 = 78Cy tan(k(Ly — Ly)) Ay

The wavenumber k is calculated from the quotient of the angular frequency and the speed of sound: k = w / c. From the pressure
reflectance the so-called power/energy reflectance ER can be derived as the ratio of the power or energy in the reflected wave to the
power or energy in the incident wave. It is defined by:

ZEC; — Zc|?

ZECr + Z¢ | 3)

ER=R(x)|*= ‘

Note that the energy reflectance ER is a real number and contains no phase information, whereas the pressure reflectance R and the
impedance values ZECy and ZECy are complex numbers. Energy absorbance is simply 1 — ER, and therefore, we use these terms
interchangeably when referring to published literature.

2.2. Selection and preparation of WAI measurement data

The measurement data used as test data for the classification come from a freely accessible WAI database described in Ref. [20],
which is funded by the NIDCD (National Institute on Deafness and other Communication Disorders) and hosted on a server at Smith
College (USA). The database contains the individual WAI measurement data from peer-reviewed papers. Most datasets are from
normal hearing infants, children, and adults, but there are also some samples from subjects with pathologies such as otosclerosis,
disarticulation, and semicircular canal dehiscence.

The database was filtered for measurements from normal, otosclerosis, and disarticulation adult subjects. The measurement data
had to include all information needed for the calculation of complex R and ZEC at ambient pressure in the frequency range 226-6000
Hz. Individual samples from all the studies with appropriate data were further checked for plausibility and preprocessed for usage as
test data for the neural network. First, ER was calculated from the complex impedance given in the database and compared to the given
ER. Secondly, the first ear canal antiresonance was identified where possible. Depending on the age of the probands appropriate ear
canal areas were chosen and finally with this ear canal area the R-phase was calculated, and ER was recalculated with age dependent
ear canal areas.

ER can be calculated directly from ZEC and the characteristic impedance, as shown in equation (3). As a first estimate, the
characteristic impedance was determined with assumption of an average ear canal area of 44 mm? as chosen for adults by the HearID
system [23], density of air of 1.21 kg/m?> and a sound velocity of 343 m/s. ER was calculated from the given ZEC magnitude and phase
using equation (3) and compared to the given ER in the WAI database. If the maximum absolute difference or the frequency averaged
mean absolute difference between the reflectance from the database and the recalculated reflectance in the frequency range 226-1600
Hz was larger than 0.2 or 0.15 respectively, the sample was discarded. Such deviations could be attributed to the measurement
protocol and in particular to the probe calibration. The effects of probe impedance on reflectance measurements are discussed e.g. in
Ref. [24].

Since probe insertion depth affects impedance, a further criterion in the classification to improve comparability between simulation
and measurement data is the frequency value of the first acoustic ear canal antiresonance. Providing the frequency of antiresonance
instead of an estimated ear canal length avoids errors in its estimation, which is also slightly affected by the impedance of the eardrum.
The detection algorithm for the first antiresonance checked the following criteria: 1) The ZEC phase must increase in two consecutive
frequencies and change its sign or pass zero degrees. 2) The ZEC amplitude at these frequencies must have a local minimum. For a
unique determination of the first antiresonance, and not to detect by chance higher antiresonances, ZEC phase was restricted not to
surpass +45° in the frequency range from 226 Hz to the frequency candidate detected by the algorithm. If the algorithm was not able to
detect this antiresonance or if the frequency of the antiresonance was below 2144 Hz, the related sample was excluded. Frequencies
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below 2144 Hz correspond to an acoustic ear canal length of more than 40 mm if a cylindrical canal and rigid termination is assumed.
This ear canal length is already a very conservative assumption given the longest measured ear canal length by Ref. [25] of 35 mm and
the assumption from Ref. [23] that the measurement probe could sit about 12 mm from the ear canal entrance.

Ear canal cross-section also affects impedance. Some studies provided acoustic estimates of the ear canal area in the WAI database,
but [26] reported that constant area estimates are often closer to the real area and more robust than acoustic estimates of the area. Voss
et al. [23] showed that the area depends significantly on the age cohort. Therefore, the area of the samples was estimated from the
median age of the age groups given in Ref. [23]. All data remaining after the previous checks contained either sample age or related
descriptions in the paper that allowed to categorize all samples in the decades of age given in Ref. [23], which are 18-29, 30-39,
40-49, 50-59, 60-69, and 70-79 years. R phase was not given in the database and had to be calculated from the complex ZEC. The area
at the 12 mm insertion depth measured in Ref. [23] was taken as an assumption for the subjects areas to calculate the characteristic
impedance. ER was recalculated with this area assumption for all samples except the disarticulation samples with implausible phase, as
discussed later. The recalculated ER was used for classification. Usually, ER is said to be mostly insensitive to ear-canal length and ear
canal area [21,26,27]. However, this strictly only holds true if for the calculation of ER from measured impedance a correct ear canal
cross-section is chosen.

2.3. Generation of simulated WAI training data

The virtual WAI training data for the CNN was gathered through Monte Carlo simulations using the finite element (FE) model
published in Ref. [12], which is based on [15,28,29]. The FE model is executed once for each parameter sample. The FE model was
preprocessed in HYPERMESH (Altair Engineering, Inc., Troy, MI) and solved with the structural solver OPTISTRUCT (Altair Engi-
neering, Inc., Troy, MI). The solver-input-files were parametrized in MATLAB. In the FE model the ear canal, tympanic cavity, and
tympanic membrane geometry are based on microcomputed tomography data of post-mortem temporal bones. The air in the ear canal
and tympanic cavity is modeled with hexahedral (HEXA8) elements with a compressible inviscid fluid material (MAT10). The ear canal
and tympanic cavity walls are assumed to be rigid and lossless. The tympanic membrane is meshed with second-order shell elements
(QUADS) with isotropic material (MAT1). For the thickness distribution we refer to Ref. [12]. The ossicles are modeled as rigid bodies,
characterized by their mass and moments of inertia (CONM2). All ligaments, tendons, and joints are represented by massless
generalized spring-damper structural elements (CBUSH). The inner ear load is represented by a viscose damper element. Further
details about the model are published in Ref. [12]. In custom MATLAB scripts, stapes transfer function (STF), umbo transfer function
(UTF), and the WAI quantities ZEC, R, and ER are calculated as described in Ref. [12] from the FE outputs. The model is validated on
data from a temporal bone study [30] and shows good agreement with ER, ZEC, UTF, and STF for normal ears and ears with
otosclerosis, malleus fixation, and disarticulation. For more details about the validation procedure, we refer to Ref. [12].

The process for creating virtual training data through Monte Carlo simulations involved drawing a large number of samples and
simulating them with the model. The resulting data was then filtered through literature-based measurement limits, without the use of
iterative sampling algorithms. The detailed procedure was as follows.

1) Uniform parameter distributions were defined on log10-transformed parameter ranges, which were reported in Ref. [12] as initial
parameters for the identification case of the normal ear.

2) A Halton pseudorandom sequence of 400,000 samples was drawn once before performing the simulations from the uniform dis-
tributions using UQLAB-Toolbox [31].

3) With the FE model values for STF, UTF, ZEC, and ER were simulated for all drawn 400,000 samples according to the definitions in

Ref. [12]. All responses were calculated at 14 logarithmically distributed frequencies between 200 and 6000 Hz. Otosclerosis was

simulated by increasing the annular ligament stiffness parameters of all simulated individuals by a factor of 10,000. Disarticulation

was simulated by setting stiffness and damping parameters of the incudostapedial joint for all simulated individuals to zero. The

pathologies were simulated by repeating the model evaluation and by only changing these specific pathology-related parameters,

compared to the samples’ values of the initial normal sample, drawn from the uniform distributions.

To constrain the simulation to plausible data, limits were defined based on averaged literature data for the simulated STF, UTF, ER,

and relative changes to the normal condition due to the pathology. Only simulations of individuals that were within all defined

limits both for normal and all pathological cases were retained and used as training and validation data of the CNN. All limits are

described below and are shown in Figs. 4 and 5.

4

-

The following references were considered for the normal ear limits. In Ref. [32] the grand mean and twice the standard deviation
(SD) of 13 study means of STF was published. Since recent research showed that the variation within the normal ears’ population is
underestimated [33], samples exceeding + 2 SD were also allowed within a 6 dB tolerance band. Rosowski et al. [34] published the
mean + SD of the umbo transfer function measured on 58 normal ears (29 subjects) and averaged ER data from the same population as
well as the two most extreme samples 23R and 6R with the largest and smallest ER at frequencies below f = 2000 Hz out of the 58
normal ears, see Fig. 4. Accounting for model and measurement uncertainties and allowing violation of the limits which are based on
averaged references at single frequencies the following limits were defined for the normal ear.

(1) STFsimutated < STFjiterature [32], mean+2SD + 6 dB, for 200 Hz Sf < 6000 Hz,
(2) STFsimulated > STFliterature [32],mean—-2SD 6 d31 for 200 Hz < f < 6000 Hz,
(3) UTFimutated < UTFjjterature [34],mean+2SD +6 d-B7 for 200 Hz Sf < 6000 Hz,

4
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(4) UTFsimulated Z UTFliterature [34] mean—2SD 6 dB-, for 200 Hz Sf S 6000 HZ,
(5) ERgimulated < max (ERliterature [34],sample 23R +0.1, 1)1 for 200 Hz Sf <1600 Hz,
(6) ERsimulated > min (ERliterature [34],sample 6R 0~17 0)7 for 200 Hz Sf <1600 Hz.

In [30] the mean + SD of the change in UTF, ZEC, and ER due to pathologies like disarticulation and otosclerosis was studied in 14
temporal bones by performing measurements on each specimen in an initial normal condition and subsequent manipulated conditions.
This change in measurements of UTF, ZEC, and ER is referred to as AUTF, AZEC, and AER, respectively, and corresponds in simulated
individuals to the change in magnitude of UTF, ZEC, and ER due to adjustment of pathology-relevant model parameters to abnormal
value ranges. Due to the small study size, the SD in Ref. [30] might be overestimated. Therefore, limits in this study are based mostly on
the single + SD range. Exceptions were defined for disarticulation to account for model uncertainties from not fully understood effects
like pretension loss or change of tympanic membrane shape. Such effects might result as side effects from separating the incudosta-
pedial joint as discussed in Ref. [12]. Furthermore, focus was placed on the minimum relative changes from normal to pathology in the
frequency range below 1600 Hz, which has shown to be most sensitive to pathological changes. A maximum relative change from the
normal case to a pathologic case in UTF (AUTF) was only limited in case of otosclerosis to prevent simulating extreme outliers, which
might result from the simplified assumption of a very high stiffening factor of the annular ligament. Since UTF is still very sensitive,
even for stiffening factors above 1000, but ZEC and ER become increasingly insensitive, this filter barely affects the distribution of the
population, which was used for the CNN training and validation. The following limits were defined for otosclerosis:

(7) AZECsimuylated > AZECiiterature [30],mean—SD > for 200 Hz S.f <1600 Hz,
(8) AERsimulated> AERjjterature [30],mean—SD> for 200 Hz Sf <1600 Hz,
(9) AUTFsimulated < AUTFjjterature [30],mean+-SD>» for 200 Hz < f <1600 Hz,
(10) AUTFsimutated > AUTFjiterature [30],mean—SD 10 dB, for 200 Hz Sf < 6000 Hz,

and for disarticulation.

(11) AZEGsimulated < AZECiiterature [30],mean-+SD + 2 dB, for 200 Hz Sf < 600 Hz,
(12) AERgimulated < AERjiterature [30],mean+SD + 0.15, for 200 Hz Sf <1000 Hz,
(13) AUTFsimulated > AUTFjjterature [30],mean—SD — 2 dB: for 200 Hz Sf <1000 Hz.

The measured ear canal impedances include the variation of ear canal length and cross-section, with variations mostly coming from
the acoustic length of the ear canal. The acoustic ear canal length corresponds to the anatomical length of the ear canal minus the probe
insertion depth during the measurement and can thus also vary between different measured sessions at the same patient. Furthermore,
interindividual variations of anatomical ear canal length are known [25]. Since the FE simulation uses a nominal ear canal length of 9
mm, the simulated population was augmented to further include this variation. As an estimate of the variation of ear canal lengths of
the patient population, the automatically detected frequencies of the first acoustic antiresonance from the test population in this study
was used. Assuming rigid termination and plane wave sound transmission led to a mean ear canal length of 25.3 mm with a standard
deviation of 5.6 mm. This is a plausible assumption when comparing to Ref. [35], who estimated the acoustic lengths, i.e. length from
probe to eardrum, based on the reflectance group delay. The average acoustic length of their smaller population of 54 samples from 27
adult subjects with an average age of 44.1 years is 25.3 mm with a standard deviation of 6.2 mm. Therefore, for each of the 79
simulated individuals, 40 samples from a Gaussian distribution .7’(25.3mm, 5.6mm) are drawn for the ear-canal length and a
cross-section is chosen randomly from the age groups’ median values reported in Ref. [23] at the 12 mm insertion depth. Simulations at
the plausible parameter samples gathered from the Monte-Carlo method are redone at 126 logarithmic distributed frequencies from
200 to 15000 Hz. Using equation (2) and the nominal ear canal length and cross-section, firstly the impedance at the eardrum is
calculated for all simulated samples. From this position using equation (2), and the sampled ear-canal lengths and cross-sections, the
propagated ear-canal impedance for the training population is calculated. This procedure finally yielded 3160 virtual samples for each
of the groups normal, otosclerosis, and disarticulation, resulting in a total of 9480 virtual samples for training and validation of the
CNN.

The higher resolution and wider frequency range was required for an automatic detection of the frequencies of the first acoustic
antiresonance which is done equivalent to the procedure applied to the measurement data. This information is provided to the neural
network besides ZEC, R, and ER data to account for ear canal variations. Providing the frequency of antiresonance instead of an
estimated ear canal length avoids errors in its estimation, which is also slightly affected by the termination impedance of the eardrum.

2.4. Network architecture

In the context of this work, we developed a so-called lightweight CNN, which is supposed to avoid overfitting [13]. It is designed
based on the classical LeNet architecture [36], which has been shown to be effective for applications with small data sets [37].
However, regarding the application described in this paper, some necessary modifications have been made. Like common in LeNet
architecture, the developed neural network consists of two convolution layers, each followed by a nonlinear activation layer. Classical
Rectified Linear Unit (ReLU) layers were used as nonlinear activation layers. A batch normalization layer was inserted between each of
the convolution layers and nonlinear activation layers. The use of this type of layer is common in CNNs and it is intended to speed up
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the training process. In a LeNet architecture, the ReLU layer is typically followed by a pooling layer. However, this type of layer was not
implemented in this CNN due to the small size of the input argument. Since the use of a pooling layer would reduce this pixel number
even further, it might have a negative impact on the accuracy of the neural network in this application.

The CNN is implemented in Matlab R2020a using the trainNetwork and classify functions for image classification. Therefore, the
simulated training data and measured test data is stored in an ImageDatastore object, which contains the following information of each
sample stored as image data: ZEC magnitude and phase with 96 frequency steps from 226 to 6000 Hz, ER magnitude and R phase with
76 frequency steps from 226 to 3000 Hz, and the scalar quantities age-related ear-canal area and the determined frequency of the first
ear canal antiresonance. These data are arranged for each sample to a 2D-Image. Since the data vectors of the different measured
variables have different lengths, zero-padding is performed. Data were arranged in a way that frequency axes of different data se-
quences are aligned. Furthermore, 1D-Information like cross-section and length was extended to a complete data column preceding the
other data by repeating the scalar values. Since there are four frequency-dependent quantities, with a maximum vector size of 1x96,
resulting in a stacked matrix size of 4x96, and two scalar quantities, each extended to a size of 4x1, the total image size generated from
the data points is 4x98 pixels. The numerical values of the data are saved as indexed image of data type 8-bit unsigned integer using
imwrite to folders named by their label. Training and test data are provided to the network through Matlab ImageDatastore objects.

The first layer of the CNN is an image input layer with an input size of 4 x 98 x 1. It is followed by the first convolution layer with a
rectangular kernel of 4 x 30, because the length and width of the image were not equal. The convolution layer was employed with 45
filters. It is followed by a batch normalization layer and a ReLU layer. The second convolution layer was defined with a kernel size of 1
x 10 and 45 filters. The stride was defined for both convolution layers as (1,1), which means that the filters are applied to the respective
input matrices with a step size of 1 in both vertical and horizontal directions. No padding was used.

After the features of the datasets are extracted and processed by the dual sequence of convolution layer, batch normalization layer,
and RelLU layer, they are passed to the fully connected layer. Its neurons are connected to all neurons of the previous layer, combining
local features learned about the image from the previous layers and recognizing higher-level patterns. The fully connected layer has an
input size of 2700 and an output size of three, which is equal to the number of the three classes in the dataset. It is followed by a
SoftMax layer and a classification layer. The SoftMax layer is used in classifications to assign a decimal numerical value to each class,
which can be interpreted as the probability that a sample belongs to the respective class and is used by the classification layer to finally
classify the datasets into the different classes. The entire CNN architecture is shown in Fig. 1 and an overview of the individual layers is
given in Table 1, showing also the Matlab function names of all layers.

The network was designed and trained provided with all mentioned layer information and the following training options. As solver
the stochastic gradient descent with momentum (SGDM) optimizer in MATLAB R2020a was used. The neural network was trained
from scratch with 20 epochs using an NVIDIA Quadro P2200 GPU. A validation was performed every 15 iterations. The loss function
was the cross-entropy loss, which is defined by equation (4),

N
>

n=1 i

loss= — Wi b (Vi) 4

K
=1

2=

where N corresponds to the total amount of samples, K is the number of classes, w; is the weight for class i and t; is the indicator that the
n" sample belongs to class i. The probability y,; associates the n® input with class i, which in this case is the value determined by the
SoftMax function [38].

Before training the neural network, the virtually generated dataset was randomly divided into training and validation data. 80 % of
the samples were used for training and 20 % for validation. It was ensured that each simulated sample and its propagated derivatives
concerning variations in ear canal length and area were only used for either training or validation. To ensure repeatability of the
classification and to be able to draw conclusions based on the classification accuracy, a fixed seed was used to divide the dataset in a
random but repeatable manner. The performance of the classifications was evaluated based on overall accuracy, precision, recall,

2 4 s

|:| Convolution layer |:| ReLU layer . SoftMax layer

- Batch normalization layer |:| Fully connected layer . Classification layer

Fig. 1. Overview of the CNN architecture.
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Table 1

Layer arrangement and specifications of the CNN.
Layer Matlab function Channel Kernel Size Activations
Input layer imagelnputLayer - - 4x98x1
Convolution layer convolution2dLayer 45 4x 30 1x69x45
Batch normalization layer batchNormalizationLayer 45 - 1x69x45
ReLU layer reluLayer - - 1x69x45
Convolution layer convolution2dLayer 45 1x10 1x60x45
Batch normalization layer batchNormalizationLayer 45 - 1x60x45
ReLU layer reluLayer - - 1x60x 45
fully connected layer fullyConnectedLayer - - 1x1x3
SoftMax layer softmaxLayer - - 1x1x3
Classification layer classificationLayer - - 1x1x3

specificity, sensitivity, AUC, and F1-Score [39].

2.5. Stapes reflex as a second diagnostic criterion

In addition to the classification of WAI data with the CNN, it was also investigated whether the classification accuracy between
normal and pathological ears could be further improved by taking into account the positive or negative result of an acoustic stapes
reflex threshold (ASRT) measurement with the help of a decision tree. Since the measurement data from the WAI database do not
contain any information on ASRT, the ASRT prevalences are assumed for an initial benefit assessment of the decision tree on the basis
of the literature data described below.

Feeney et al. [40] obtained normative data on ASRT for normal-hearing adults. The study included 33 subjects with normal
audiometry and clinical immittance. In their study they compared wideband and clinical ASRTs. For the clinical ASRT, they tested for
ipsilateral ASRT with a 226 Hz probe tone and broadband noise (BBN) activator in both ears and repeated measurements after 1 month.
With the clinical system, 15 of 102 (14.7 %) measurement sessions had absent reflex. Performing subsequently experimental wideband
ASRT would result in 7 of 102 (6.9 %) ears without measurable reflex.

Hong et al. [41] investigated the relationship between acoustic reflex and conductive disorders with a retrospective review of 212
ears showing evidence for conductive hearing loss. The causes of hearing loss were determined from interoperative findings or
computed tomography imaging. Both ipsilateral and contralateral ASRT were measured at tonal activators of 0.5, 1,2 and 4 kHz. In the
group of ears with only an ossicular disorder 166 ears had all 8 reflexes completely absent. A number of 1-8 positive reflexes was found
in 10 ears with pure ossicular disorder. 94 % of the ears with ossicular disorder had otosclerosis. Kan et al. [42] investigated sensitivity
and specificity of a range of diagnostic tests including stapes reflex on patients with surgically confirmed otosclerosis and disarticu-
lation. The study groups consisted of 107 ears of 98 patients with otosclerosis and 20 ears of 19 patients with disarticulated incu-
dostapedial joint. They found no positive acoustic reflexes at ipsilateral stimulus at the study test frequencies 0.5 and 2 kHz in any of
the measured ears. They found absent contralateral reflex at 1 kHz in 83 otosclerotic cases and only 1 otosclerotic case with positive
reflex. In the disarticulation group 13 ears had absent contralateral reflex and 6 ears positive reflex. Keefe et al. [43] investigated the
diagnostic value of a battery of ear-canal tests including acoustic reflex in quantifying risk of otosclerosis. The study sample consisted
of 23 normal, 12 otosclerotic ears, and 13 ears tested after surgical intervention. In their study otosclerosis ears were unambiguously
classified with clinical and research ASRT as having an absent or highly elevated threshold compared to the normal group ears. Clinical
ASRT was performed ipsilateral and contralateral with tonal activators 0.5, 1, and 2 kHz and ipsilateral with a BBN activator.

Based on the findings from Ref. [40], in this study 85.3 % was chosen as a conservative assumption of the positive acoustic reflex
prevalence for normal ears. As an optimistic positive prevalence assumption, a value of 93.1 % was chosen. Based on the findings from
Ref. [41] a conservative prevalence of positive reflex in otosclerosis and disarticulation cases was chosen as 6 %. This study, however,
did not allow to determine a prevalence for ipsilateral reflex alone. The findings from Ref. [42] suggest that ipsilateral reflex was
absent in all otosclerosis and disarticulation cases. Keefe et al. [43] support this finding since they found absent or highly elevated
thresholds for otosclerotic ears, which led to unambiguous classification of the otosclerotic ears. Therefore, the optimistic choice in this
study for ears with otosclerosis or disarticulation is 100 % absent reflex in these cases. The prevalences for the conservative and
optimistic scenario are summarized in Table 2.

Fig. 2 shows the decision tree with the two-stage procedure consisting of CNN classification and subsequent review using ASRT. The

Table 2
Probability for positive ASRT based on the prevalences given in Refs. [40-43] for a con-
servative and optimistic scenario.

true label scenario

conservative optimistic
normal 85.3 % 93.1 %
otosclerosis 6 % 0%
disarticulation 6 % 0%
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decision rule of the second stage is that a suspicion of the CNN of otosclerosis or disarticulation should be confirmed by a negative
ASRT result, a normal finding of the CNN by a positive ASRT. In all other cases, the CNN suggestion is questioned and the test sample is
sorted into the category 'unknown’. Due to the lack of information on the ASRT in the test data, literature values about the proba-
bilities of a positive ASRT are used, which are summarized in Table 2 assuming a conservative or optimistic scenario. For example,
otosclerotic samples show a negative ASRT with a 94 % probability in the conservative scenario based on the information in the
literature. Thus, if for example a true otosclerotic sample is recognized by the CNN as such, it will show a negative ASRT with a 94 %
probability and thus be confirmed as a case of otosclerosis. In 6 % of cases, this real otosclerotic sample shows positive ASRT, which
means that the CNN suggestion is interpreted as uncertain and the sample is categorized as 'unknown’. The 'unknown’ class is also
included in the confusion matrix so that the performance value for the diagnosis by means of the decision tree can be calculated
correctly. To estimate the performance of the decision tree logic, the test data classified by the CNN is further divided proportionally
into the four classes according to the ASRT probabilities and finally the confusion matrix is rounded to whole samples.

3. Results
3.1. Summary of measurement data

Appropriate data for normal patient ears were found within the WAI database from the investigators [4,22,34,44-50]. Table 5 in
the Appendix gives an overview of these studies with basic subject information, inclusion criteria and the used measurement devices.
In total 460 normal samples from 261 subjects aged between 18 and 64 years were available for further analysis from the considered
studies. Some adult normal subject studies met some but not all criteria and were therefore excluded. For example [6,43], provided
only the amplitude of reflectance, i.e. ER. Refs. [51,52] did not completely meet the frequency range criterion. Feeney et al. [40]
provided tympanic membrane impedance instead of ear canal impedance. To be comparable to other data, however, this study requires
ear canal impedance. Feeney et al. [40] did not provide the estimated ear canal lengths in the database or paper, which would have
allowed to reconstruct original measured ear canal impedance.

Nakajima et al. [8] was the only study in the database with suitable data for ears with otosclerosis and disarticulation. The pub-
lication contains measurements of 14 ears affected by otosclerosis and 6 ears affected by disarticulation, two of which had partial
disarticulation and four of which had complete disarticulation. Patients aged between 22 and 72 years. In Ref. [8], two outliers are
described as having atypical tympanometry measurement data for their pathology. The otosclerosis sample (P049L) did not show the
expected values of a stiffer ossicular chain in impedance and reflectance. The second outlier (P054R) was a subject with disarticulation,
in which the reflectance did not show the characteristic pattern of disarticulation. These two outliers were therefore not used in this
work. Further study information is provided in Table 5 in the Appendix.

The consistency check between EA from the database and EA calculated from the database led to rejection of in total 5 samples for
the normal ear, one each for [45,46,48] and two samples from Ref. [22]. Further, 6 of 13 samples for otosclerosis were rejected.
Exemplarily, a comparison between the original ER and the ER calculated from the ZEC is shown for the otosclerotic samples in Fig. 10
in the Appendix. The strict consistency check criterion could not be applied to disarticulation cases as in all available 5 samples
impedance phase was unphysical. Reason for the inconsistency is mostly expected in the impedance phase, since reflectance and
impedance amplitudes mostly fit into the ranges reported for normal ears [30,34], otosclerotic ears [10,30,53], and ears with
disarticulation [5,30,53,54].

Automatic antiresonance detection led to exclusion of further 4 samples from Ref. [34] because estimated acoustic lengths were
higher than 40 mm and one further sample was excluded, because antiresonance was not detectable at all. Three samples from
Ref. [44] had too high acoustic length and 6 samples of this study failed antiresonance detection. One sample from Ref. [48] had too
long acoustic length. Furthermore, two samples from Ref. [8] failed the automatic antiresonance detection. Since inconsistencies in the
phase of many samples from Ref. [8] were known from previous proof steps and only a few data are available, antiresonances were
manually detected in cases where the automatic detection did not succeed. In these two cases of otosclerosis, where the antiresonance
could not be found due to problems with phase, the antiresonances could clearly be detected manually in the amplitude of impedance.

A total of 440 normal samples, 7 otosclerosis samples, and 5 disarticulation samples were left after the consistency check and the

CNN classification
of WAI data

CNN - — "

oL otosclerosis disarticulation normal
prediction
ASRT
positive no yes yes no
diagnosis | otosclerosis v/ || unknown | | disarticulation &/ | | unknown | | normal v/ | | unknown

Fig. 2. Decision tree for estimating the diagnostic accuracy if the CNN proposal has to be confirmed by ASRT.
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detection of antiresonances. Fig. 3 shows the ear canal impedance and reflectance from representative ears from the preprocessed WAI
database samples [20]. Three representative ears for each of the cases normal (blue), otosclerosis (red), and disarticulation (green) ear
that are closest to the total class median impedance and reflectance are plotted in solid lines. To show the variety, samples with largest
and smallest ZEC and ER amplitude below 2000 Hz are plotted with dash-dotted and dotted lines, respectively.

The representative samples are defined as the samples with the least-squares difference summed up over the frequency range
226-2000 Hz of ER and logarithmic ZEC magnitude between sample and the median of these measurands. ER and ZEC magnitude were
weighted equally by normalizing all summed differences by the maximum difference across all samples. For the normal ear, samples
were required to come from distinctive authors. The low and high impedance samples were defined as the samples with the smallest
and largest sum of ER and logarithmic ZEC magnitudes over the frequency range 226-2000 Hz, with the sums of ER and ZEC
magnitude equally weighted.

In the frequency range from 226 Hz to 1000 Hz, for most samples shown in Fig. 3, ER is higher in otosclerosis and lower in dis-
articulations than in normal ears. Furthermore, the first resonance, identifiable by a pronounced minimum in the ER, is in most cases at
lower frequencies (500-800 Hz) in disarticulations than in normal ears (800-1200 Hz) and otosclerosis (1100-2500 Hz). However,
there are exceptions where samples in parts of the frequency range from 226 Hz to 1000 Hz show a different behavior. The high
impedance normal ear sample stands out as having similar ER values to the high impedance otosclerosis sample and having detectable
resonances from 1800 Hz to 2200 Hz, but not before. This sample is from Ref. [34] and was recorded using a measurement system that
does not monitor static pressure in the ear canal. Thus, it is conceivable that in this sample the eardrum was preloaded by positive
pressure created in the ear canal during insertion of the probe, causing the middle ear to stiffen.

The ER changes and resonance shifts compared to the normal ears are caused in otosclerosis by stiffening of the ossicular chain due
to fixation of the stapes at the annular ligament and in disarticulation mainly by a reduction of chain stiffness and reduction of damping
due to decoupling from the inner ear. For detailed discussions of mechanical cause-and-effect principles, we refer the reader to Refs.
[12,30]. Because of the physical dependence between R, ZEC, and ER, the characteristic changes of ER are also seen in the other curves.
In the low frequency range up to the first characteristic resonance, ZEC amplitudes are also higher in otosclerosis, analogous to higher
ER. The ZEC phase is closer to —90°, while the R phase slopes flatter. The opposite is true for disarticulations. At the frequencies where
a local minimum in the ER can be detected below 2-3 kHz, a local decrease in ZEC magnitude and R phase and a local increase in ZEC
phase can also be detected. We cannot explain the course of the measured ZEC phase in ears with disarticulation. There could be an
error in the measurement or evaluation. Plausibly, there would be a local phase increase at the frequency where the first resonance is
clearly visible in the ER, as also shown in Ref. [9], Fig. 4.5. For most samples of all classes, there is a prominent minimum in ZEC
magnitude in the 2-6 kHz frequency range, which correlates with a sharp phase rise of up to 180° in the ZEC phase. The very high
prominence compared to other characteristics indicates very weak damping. This characteristic can be identified as the quarter-wave
antiresonance property of the ear canal, since plausible acoustic lengths from the probe to the eardrum are obtained for frequencies in

A
10° —
% By representative samples
\E """"" low impedance sample
é 108 =T high impedance sample
Q
=
2
£107F
S
=) normal
O otosclerosis
m 6 i « .
N 10 disarticulation :
200 1000 6000 200 1000 6000
frequency (Hz)
C D
135 Xy
§ 90 2
O _ L
§ 45 5 100
Q 0 E
g 9
= s -200 1
8 -45 5,
& -9 £
§ -300 1
-135 ' *
200 1000 6000 200 1000 6000
frequency (Hz) frequency (Hz)

Fig. 3. Preprocessed representative ears from the WAI database [20] to show the variety of (A) ear canal impedance magnitude, (B) reflectance
magnitude, (C) ear canal impedance phase, and (D) reflectance phase for the cases normal, otosclerosis, and disarticulation. For each case three
representative ears that are closest to the total class median impedance and reflectance are plotted together with the samples with largest and
smallest impedance and reflectance amplitude below 2000 Hz.
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this range.

The three representative normal ears show only weakly pronounced characteristics. The reason for this is that representative
samples have been defined in such a way that the least squares error to the median is the smallest. Averaging leads to a smoothing of
the curves [55] and the features lose prominence. In addition, the damping may be slightly higher in some people. These samples are
then closer to the median in terms of the least squares measure and were therefore likely identified as representative samples.
Searching for key features as in Ref. [12] would likely pull samples with more distinct features from the total set. Overall, there is
considerable overlap in the WAI measures between the normal ear, otosclerosis, and disarticulation groups, and especially given the
high and low impedance samples, purely visual discrimination is nearly impossible.

3.2. Generated data set from Monte Carlo simulations

Using Monte Carlo simulations, characteristic populations of normal and pathological ears could be generated, which are consistent
with literature data. Application of the literature-based cut-off limits in the Monte Carlo simulations resulted in 23,509 remaining
virtual individuals for the normal ear out of the 400,000 simulations. Additional application of the limits for relative changes due to
otosclerosis and disarticulation, each with respect to the normal ear, resulted in 79 remaining simulated virtual subjects. Figs. 4 and 5
show the 79 individuals drawn in thin lines together with the filter limits drawn in thick dotted lines, which are numbered in cor-
respondence to their definition in section 2.3. The simulated population is also compared to the mean + 2SD range of [32] for the STF
magnitude, the mean + 2SD range of [34] for UTF magnitude and the two most extreme ER curves from Ref. [34], all drawn in thick
blue lines. The virtual population of normal ears is well centered in the literature interval for ER. However, STF and UTF magnitudes
for the normal ear are in general higher than the average of the referenced literature data.

Fig. 5 shows the change from the normal condition due to otosclerosis and disarticulation for the magnitudes of UTF, ZEC and ER.
The filtered population of otosclerosis fits well in the mean + SD range of [30] for ZEC and ER. Some otosclerotic ears have a lower UTF
magnitude, which might be caused by the choice of one high annular ligament stiffening factor. Further, not displayed investigations
showed that stricter limits for UTF magnitude would not change the sample distribution for ZEC and ER. The population of disar-
ticulation ears fits well in the mean + SD range of umbo velocity. Some disarticulation samples have less change in ZEC and ER than
the mean + SD range.

Fig. 6 shows the median, 5 % and 95 % percentiles of the initially simulated data from the model with nominal ear canal length and
area labeled as before transformation, and the augmented virtual population data after transformations with the sampled ear canal
length and area. Table 6 and 7 in the Appendix show the numeric values of the curves in Fig. 6 for the median impedance magnitude and
phase and the differences to the 5 % and 95 % percentiles at the octave frequencies 0.25 kHz, 0.5 kHz, 1 kHz, 2 kHz, 4 kHz and at 6 kHz.
The median ZEC magnitude of the augmented data at these frequencies decreases by 49 %-84 % up to 2 kHz compared to the initially
simulated data. This agrees with the in average longer ear canal in case of augmented data. Also, the phase decreases by 9 %-114 % up to
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Fig. 6. Median, 5 % and 95 % percentiles of the initially simulated data from the model with nominal ear canal length and area (before trans-

formation) and augmented virtual training population after transformations with the sampled ear canal length and area. (A) Ear canal impedance
magnitude. (B) Ear canal impedance phase.
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2 kHz. The changes in ZEC magnitude and phase are comparable among the three cases. The differences from the 5 % and 95 % per-
centiles decrease by 16 %-78 % up to 2 kHz for the amplitude and —4 % to —64 % for the phase. Case and frequency specific systematics in
these changes of the variation are not visible. At 4 kHz and 6 kHz amplitude and phase variations increased in the data after trans-
formation by up to a factor of 40 compared to before transformation.

3.3. Comparison of simulated and measured data

Fig. 7 compares the representative preprocessed test samples derived from the WAI database to the closest simulated individuals
used for the CNN training. The representative samples plotted in dashed lines are the same as shown in Fig. 3 and are selected as
described in Section 3.1. The simulated individuals plotted in solid lines are determined as the closest samples to the representative
samples in terms of summed least squares difference. The differences are calculated for the measurands ER, R phase, ZEC phase, and
logarithmic ZEC magnitude. Except ZEC magnitude all measurands were evaluated across the frequency range 226-2000 Hz. ZEC
magnitude was evaluated in the range 226-6000 Hz, where the maximum-normalized summed difference below 2000 Hz was
weighted by 0.7 and above by 0.3. All other quantities were normalized to the maximum of all samples and were weighted once in the
overall difference to find the closest samples.

A detailed description and interpretation of the measured curves can be found in section 3.1. At this point, particular attention will
be paid to the characteristics of the simulated data in comparison to the measured data. The simulated curves follow the essential
features of the measured data mostly qualitatively well in the frequency ranges used for their assignment. As with the measured data,
ER in the frequency range from 226 Hz to 1000 Hz is higher in otosclerosis and lower in disarticulation than in normal ears. The first
prominent resonance of the simulations, apparent by a local minimum in the ER, is at lower frequencies (600-735 Hz) for disartic-
ulations and tends to be at higher frequencies (1560-2060 Hz) for otosclerotic ears than for normal ears (935-1675 Hz). This is
comparable to the measurements. Consistent with this, below the first resonance, ZEC magnitude is higher, ZEC phase is lower, and R
phase tends to be higher in otosclerotic ears than in normal ears. For disarticulations it is the reverse. Above 2 kHz, the qualitative
responses in the ZEC phase are comparable. However, the quarter-wave antiresonance is less damped in the simulated data than in the
measured data, as evidenced by a more pronounced antiresonance in the simulated ZEC magnitude and a steeper increase in the ZEC
phase. Larger deviations occur for the disarticulation ears in the ZEC phase over the entire frequency range and the R phase from about
4 kHz. However, as outlined in Section 3.1, the ZEC phase in the measured disarticulations is not consistent with other publications,
while our simulated samples more plausibly reproduce these features. A sharp increase in R phase from 4 kHz as in the measured
samples is also not apparent in the measurements in Ref. [30]. Furthermore, there are larger deviations between measured and
simulated samples in the ER from about 3 kHz. This range is masked by a gray bar in Fig. 7B and D. As explained in Ref. [12], this
frequency range could be influenced by anatomical variations of the tympanic cavity. Sackmann et al. [12] also suggest, based on the
investigations in Ref. [30], that this frequency range in ER appears to be less relevant for distinguishing pathologies. Therefore, R phase
and ER data in this frequency range were not included in the classification.
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Fig. 7. Comparison of representative data from the WAI database [20] to closest simulated WAI data. (A) Ear canal impedance magnitude. (B)
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To quantitatively evaluate the discrepancies between each simulation curve and the measured curves in the frequency range from
226 Hz to 2000 Hz, the absolute differences for ER, ZEC phase, R phase, and the logarithmic relationship for ZEC magnitude between
the three representative measured curves shown and the nearest identified simulated samples were evaluated. The maximum of the
absolute difference for each class and the average of the absolute difference over the frequency range from 226 Hz to 2000 Hz for each
pair of representative sample and corresponding identified simulation sample were used as the evaluation measure. To put these
measures in the context of interindividual variations, the absolute frequency-dependent range was further calculated for the repre-
sentative measurement samples for all classes for ER, R phase, ZEC phase. For the ZEC magnitude, the absolute logarithmic ratio
between the smallest and the largest value per frequency was calculated. From the span or logarithmic ratio, the maximum over all
samples per class and the mean per sample over the frequency range 226 Hz-2000 Hz were evaluated. The order of magnitude of these
values can already be estimated from Fig. 7. Detailed values are summarized in Table 8 in the Appendix. From the values, it can be
summarized that the variations between the representative literature individuals and the nearest identified simulated samples are
mostly smaller or in the same order of magnitude as the interindividual variations between the representative literature samples within
a class. Both discrepancies and interindividual variations are greater in ears with disarticulation than in otosclerotic and normal ears.
This is because the measurement curves of the disarticulation show very prominent, weakly damped resonances. Small deviations in
the resonant frequencies lead to relatively large deviations in the magnitudes and phases. However, the magnitude deviations for the
first prominent resonance at ER are only in the range of 0.10-0.21, which is comparable to the maximum deviations between
simulation and measured samples of the other classes.

3.4. Training and classification performance of the CNN

The training and cross-validation of the network took approximately 105 s. The training and validation loss decreased substantially
during the first three epochs and further slightly decreased until the end of the training at epoch 20 without evidence for overfitting. At
the end of the training a validation accuracy of 92 % was reached. The inference of all 452 test samples took only approximately 0.2 s
using a 3.90 GHz Intel CPU and was significantly faster than the training. Table 3 summarizes the number of training, validation, and
test samples for each class and in total.

Classification of the data from the WAI database led to the confusion matrix shown in Fig. 8. The percentages of correctly and
incorrectly classified cases of the number of cases in each true class are shown as a row-summary. The percentages of correct clas-
sifications are the class-wise recalls or sensitivities. The percentage of correctly and incorrectly classified cases of the number of cases
in each predicted class are shown as a column-summary. The percentages of correct classification are the class-wise precisions.

Fig. 9 shows the confusion matrix updated by additional application of stapes reflex with a conservative and optimistic scenario of
reflex prevalence for normal ears and ears with otosclerosis and disarticulation. Further performance criteria are listed in Table 4.
Using ASRT as a confirmation tool of the WAI diagnosis improves specificity of otosclerosis from 85.2 % to 97.8 and 99.1 % depending
on the reflex prevalence scenario. Similarly, the specificity of disarticulation is improved from 93.1 % to 98.9 % and 99.6 %,
respectively. At the same time sensitivity is not changed. But precision significantly increases as shown in Table 4.

Table 4 compares further the results from the CNN trained with simulation data to some other classification approaches for
conductive middle-ear pathologies. Shahnaz et al. [10] used the 90th percentile of the ER from 211 to 6000 Hz of normal ears as a
cutoff point to identify otosclerosis cases and separated them from the normal ears in their study. Their study contained 115 ears from
62 normal patients and 28 ears from otosclerotic ears. They reached a sensitivity of 82 % and a specificity of 83 % with this approach.
Using third-octaves bands of ER they reached an AUC of 86 % at 500 Hz.

Nakajima et al. [8] plotted absorbance level, which is directly related to ER, versus air-bone gap for 14 patients with otosclerosis, 6
disarticulation patients and 11 semicircular canal dehiscence (SCD) cases. In this 2D plot representation they could build groups which
allowed to separate most of these pathologies. Otosclerosis was detected with a sensitivity of 86 % and a specificity of 100 %.
Disarticulation was separated with a sensitivity of 83 % and a specificity of 96 %. In their study they did not include normal ears,
justified thereby that in clinical settings normal patient could already be separated from patients with conductive hearing loss by
audiometry. Keefe et al. [56] used moment analyses of WBT and ambient-pressure absorbance. Their predictors based on moment
deviations from the 10th to 90th percentile of normal ears in their study. Their study contained 42 normal ears and 18 ears with
conductive hearing loss. They did not distinguish by type of conductive pathology. For a fixed specificity of 90 % they reached up to a
sensitivity of 72 % for ambient-pressure absorbance and 94 % for WBT. Their AUC for ambient-pressure absorbance reached 90 % and
for WBT 95 %. Nie et al. [13] trained a CNN with a comparable architecture to the CNN of our study with WBT measurement data to
separate otosclerotic ears from a control group of normal ears. One CNN in their study was trained directly with the measurement data.
Further CNNs were trained with synthetic data, which were gathered with standard approaches of data augmentation from the real
data and tuned with transfer learning strategies. They reached an accuracy of 89.7 % and AUC of 94.5 % for the CNN trained with real
data and an accuracy of 94.9 % and AUC of 96.8 % for the CNN with the best F1-score trained using data augmentation and transfer

Table 3
Number of virtual training and validation samples and real test samples used for the CNN in this study.
Normal Otosclerosis Disarticulation Total
Virtual training samples 2520 2520 2520 7560
Virtual validation samples 640 640 640 1920
Real test samples 440 7 5 452
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Fig. 8. Confusion matrix for the classification of WAI data for the neural network trained with virtual data.
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Fig. 9. Confusion matrix for the classification of WAI data for the neural network trained with virtual data combined with subsequent confirmation

of WAI diagnosis by acoustic stapes reflex. Displayed are the estimated classifications for the (A) conservative acoustic reflex prevalences and (B)
optimistic prevalences. The calculated proportions are rounded to natural numbers.

learning. Their study population consisted of 80 otosclerosis patients and 55 normal patients. Further performance parameters are
given in Table 4.

4. Discussion
4.1. Generation of virtually simulated samples

Due to the difficulty in measuring the stiffness and damping parameters of the ligaments and joints in the middle ear and tympanic
membrane, there is considerable variation in the parameter ranges published in the literature. When these uncertainties are propa-
gated directly by the model, the variation in simulated middle-ear measurements is much greater than in published normative data.
Furthermore, as shown in Ref. [12], it is possible to have parameter combinations within these parameter ranges that lack sufficient
sensitivity of individual measurement curves to pathological parameter changes. Therefore, as part of our model validation and
training data generation, we apply filters to ensure that the individual virtual simulated responses of the samples fall within the normal
and pathological ear ranges from the literature. By combining filters from different measurement metrics of normal and pathological
ears, we ensure that only plausible parameter combinations are allowed. Through this calibration, we were able to generate individual
simulated training data that both matched the literature normative data and accurately represented the curve characteristics of real
individuals (see Fig. 7). These data are well suited for training the CNN. The methods and simulation model have the following
limitations.

While qualitative characteristics for the normal, otosclerosis, and disarticulation populations from the Monte-Carlo simulations fit
quite well, there are a few quantitative discrepancies to the referenced literature data that are further discussed here. For instance, the
STF and UTF magnitudes of the simulated data are generally in the upper magnitude range of the magnitudes allowed by the Monte-
Carlo filters. The limits for disarticulation were further chosen less restrictively than for otosclerosis.

In this study, the pathologies were modeled in a very simplified way to keep the already high model complexity moderate and to
still be able to use Monte Carlo methods, which require high numbers of model evaluations. Furthermore, the mechanically relevant
effects of the pathologies have not yet been investigated in sufficient detail in experimental measurements. For instance, otosclerosis
was represented in the model by a stiffening factor of 10,000. However, in reality there are also partial degrees of stiffening that can
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Table 4

Performance of the simulation-based convolutional neural network (CNN) for wideband acoustic immittance (WAI) data classification with and
without confirmation by acoustic stapes reflex threshold (ASRT) from this study in comparison to other classification approaches for conductive
middle-ear pathologies. Shown performance parameters are accuracy (acc.), precision (prec.), recall or sensitivity (sens.), F1-score and the area under
the curve (AUC) of the receiver operating characteristic. Further abbreviations are ABG: Air-bone gap; SCD: semicircular canal dehiscence; ER: energy
reflectance; WBT: wideband tympanometry.

Study design, cases (samples) case acc. prec. recall/ spec. F1- AUC
sens. score
This study. WAI-measurements otosclerosis 78.3 83% 857% 85.2 15.2 91.1
CNN classification, diagnose otosclerosis (7) and disarticulation (5) with disarticulation % 13.9 100 % % % %
separation from normal ears (440) % 93.1 24.4 99.5
% % %
This study. WAI-measurements CNN classification + ASRT confirmation, otosclerosis 66.9 37.5 85.7 % 97.8 52.2 -
diagnose otosclerosis (7) and disarticulation (5) with separation from disarticulation % % 100 % % %
normal ears (440), conservative scenario 50.0 98.9 66.7
% % %
This study. WAI-measurements CNN classification + ASRT confirmation, otosclerosis 73.7 60.0 85.7 % 99.1 70.6 —
diagnose otosclerosis (7) and disarticulation (5) with separation from disarticulation % % 100 % % %
normal ears (440), optimistic scenario 71.4 99.6 83.3
% % %
[10]: ER measurement, separate otosclerotic ears (28) from normal ears (115) otosclerosis - - 82 %' 83 %' - (86
%)2
[81: ER + ABG separate otosclerosis (14), disarticulation (6), SCD (11) otosclerosis - — 86 % 100 - —
disarticulation 83 % %
SCD 100 % 96 %
95 %
[56]: WAL, separate conductive pathology (18) from normal (42) conductive - - 72 % 90 % - 90 %
pathology
[56]: WBT, separate conductive pathology (18) from normal (42) conductive - - 94 % 90 % - 95 %
pathology
[13]: CNN trained with measured WBT data, separate normal ears (55) from otosclerosis 89.7 89.4 89.2 % - 89.3 94.5
otosclerosis (80) % % % %
[13]: CNN trained with measured WBT and usage of data augmentation and otosclerosis 94.9 - - - 94.7 96.8
transfer learning techniques, separate normal ears (55) from otosclerosis % % %
(80)

! performance of ‘ER below the 90th percentile of the normal ears from 211 to 6000 Hz’ [10] as cutoff point.
2 performance of ‘ER averaged in 1/3 octave bands centered at 500 Hz’ [10].

occur with significantly lower changes in the stiffness of the annular ligament. Additionally, translational and rotational stiffnesses are
not likely to be equally affected by otosclerosis in the patient, as otosclerosis usually begins with local stiffening at one side of the
annular ligament. In the case of disarticulation, the exact mechanically relevant changes have hardly been investigated by mea-
surement. Some modelers have assumed that separation of the incudostapedial joint is accompanied by a pretension loss throughout
the ossicular chain aside from decoupling the stapes and inner ear from the ossicular chain [11,12]. However, this has not yet been
proven, but indicated by measurements of tympanic membrane shape changes during separation of the incudostapedial joint published
by Ref. [57].

Since both the normal ear and pathological ear criteria are required to be satisfied in this study, such assumptions in one of the cases
may influence the populations of other cases. On the other hand, this linkage also ensures that generally implausible parameter
combinations are avoided, as explained in Ref. [12], and it allows the limited available measurement data to be utilized more
extensively. Another reason for the offset of the virtual data could be that the number of Monte Carlo simulations (400,000) was still
very small considering the large number of uncertain model parameters (N = 66). Therefore, statistical statements about the mean of
the simulated virtual population and comparisons with populations from measurements with sometimes also very small sample sizes
can only be made to a limited extent. With iterative Monte-Carlo algorithms, convergence for the defined filter criteria could be
targeted, but this would only make sense if more measurement data were available, especially for the pathologies.

The chosen methodology of first drawing all samples and then filtering them gives insight into systematic deviations between
simulations and different measurement data sources. Applying the filters in varying combinations, makes it possible to identify causes
for deviations. For example, the superimposed application of the filter criteria for the normal ear and the pathological ears leads to the
exclusion of many samples near the lower limit of the STF and UTF magnitudes of the normal ear. This is not the case if only the normal
ear filter criteria are applied. The exclusion of these samples can mainly be attributed to the filter criteria for the lower limit of the
change in ZEC and ER due to otosclerosis (limits (7) and (8)). Ears with stiffer ligaments are predominantly excluded. These ears
exhibit limited sensitivity to additional stiffening of the ossicular chain caused by otosclerosis.

One limitation of the model in this study is, that except for variations in the tympanic membrane thickness and modifications in the
ear canal length and cross-section, we do not account for further geometry variations like tympanic membrane shape, and ossicles’
positions and orientations. A fully parameterized, stochastic middle ear model would be required to account for such geometric
variations. Such a model would be very helpful and an important research goal, but it does not yet exist.

It has been observed that effects like evanescence or the oblique insertion of the probe affects measurement data only at higher
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frequencies [58,59]. We did not take these two influences into account in the simulation, and therefore made sure in the
post-processing by the filters that the limits of the filters for the reflectance already end at 1600 Hz. Age-related changes in middle ear
material properties were also not considered.

4.2. Classification performance and clinical relevance

This study cannot definitively determine whether training with virtual data leads to better or worse performance than training with
measurement data alone or hybrid training with both measurement and virtual data. An insufficient number of individual measure-
ments for pathologies to train a CNN prevents such an assessment. However, when compared to other studies that have trained
classifiers using measured data, the CNN trained with virtual data shows at least similar performance. The CNN trained with virtual
WALI simulation data in this study achieved sensitivities, specificities and AUC values for the diagnosis of otosclerosis and disarticu-
lations that are comparable to corresponding values of other approaches in the literature for classifying WAI data. For otosclerosis, a
sensitivity of 85.7 %, specificity of 85.2 %, and AUC of 91.1 % were achieved. Shahnaz et al. [10] achieved a sensitivity of 82 %,
specificity of 83 %, and AUC of 86 % for ER data of patients with otosclerosis. Keefe et al. [56] achieved with ER data a specificity of 72
%, a sensitivity of 90 %, and an AUC of 90 % for conductive pathologies in general.

In this study, mostly normal ears were misclassified. If measurement of the acoustic stapes reflex threshold is performed as a second
test to confirm the WAI diagnosis, this study estimates that higher overall specificities for the pathologies can be achieved. For
otosclerosis, a specificity of up to 99.1 % and a sensitivity of 85.7 % could be achieved in this study. These values are comparable to the
specificity of 100 % with sensitivity of 86 % of [8], who suggest a combined evaluation of ER and air-bone gap. However, unlike
classical audiometry, stapes reflex threshold measurement can be performed without active patient participation, i.e., even in neo-
nates. Using the procedures of this study, comparable values to Ref. [8] were also obtained for disarticulation. While the number of test
data from measurement data of normal ears was sufficiently high, only 7 otosclerosis and 5 disarticulation measurements in total could
be used as test data for the CNN in this study. This in turn leads to the fact that the sensitivity and specificity of the classification are
very susceptible to single misclassifications. In case of otosclerosis and disarticulation one measurement represents 14.3 % and 20 % of
the total number of each class. Hence, to evaluate the diagnostic reliability and scalability of the obtained results, more measurement
data of the pathological cases is needed. Databases like the one from Ref. [20], which was used in this study and contains publicly
available WAI measurement data, offer a great contribution to research and should be fed with further data.

The small number of pathologic measurement data used as test data with enough available normal ear data (n = 440) also results in
very inhomogeneous class sizes. This in turn leads to a much lower precision of 8.3-60.0 % for otosclerosis in our study compared to
other studies (89.4 %). Considering the number of pathologies compared to normal ears in this study, a prevalence of pathologies of
1.1-1.6 % can be calculated. This value is comparable to the 0.2-1.3 % prevalence [60-62] of clinical otosclerosis with hearing
impairment in the total adult population. Thus, our results provide performance values for a test applied to the entire population.
However, other prevalences might be more realistic for a clinical population. When the rows of the confusion matrix for classification
of WAI data are multiplied to give the same class sizes for all classes (otosclerosis, disarticulation, normal), a precision of 85.1 % and
93.4 % is calculated for otosclerosis and disarticulation, respectively. The corresponding F1-scores also increase to 85.4 % and 96.6 %,
respectively, and the accuracy increases to 87.9 %. These values are comparable to those reported in the study by Ref. [13] for the
identification of otosclerotic ears using WBT.

By varying the static ear canal pressure, the WBT measurement, unlike the WAI measurement, also contains information about the
nonlinear behavior of the soft tissues of the middle ear, such as the annular ligament. Pathologies which locally alter this nonlinear
stiffening behavior, might be more distinctive in WBT than in WAI only, as pointed out in Ref. [15]. Therefore, WBT is expected to
contain additional information relevant to diagnosis compared with the WAI measures included in this study. This can be argued, for
example, based on the study of [56]. Using WBT measurement data for otosclerosis, they achieved a sensitivity of 94 % with a
specificity of 90 % and an AUC of 95 %, whereas WAI measurement data only achieved a sensitivity of 72 % with a specificity of 90 %
and AUC of 90 %. Also, [43] were able to achieve an improvement of the AUC from 88 % to 95 % for discrimination of otosclerosis and
normal ears with WBT compared to WAI with a multivariate predictor with three reflectance variables. Currently, only the [43] study
in the WAI database from Ref. [20] includes pressurized WAI (WBT) measurements from a few otosclerotic individuals with limited
frequency and pressure resolution. Unfortunately, there are no WBT measurements available for individuals with disarticulation in this
database. Due to the scarce data, we cannot quantitatively calibrate a model based on WBT data at this time. The classification of WAI
data in this study is also affected by the uncertainty of unbalanced static pressure at the tympanic membrane. By using WBT mea-
surements, this uncertainty can be avoided, which should reduce the overall variance of each class and thus improve the discrimi-
nability of the classes. In addition, the variation of the measurements can be further reduced by more reproducible measurement
methods. The measurement data from the database we used for this study came from measuring devices with different levels of
technical development. For some datasets, the data was also not physically consistent. The model for generating training data was
fitted only to the limits given in the literature using the Monte Carlo method. A true statistical fit of the model to statistical curves
would increase accuracy, and additional data augmentation with noise could make the method more robust to new data. Transfer
learning of a network pre-trained on virtual data to real measured data could probably also achieve higher accuracies. However, these
methods require more pathological measurement data.

The phase of WAI data was included in this study. However, the measuring instruments typically used in clinical routine only
output the reflectance and the impedance is not available as a tool for diagnosis. It is expected that the impedance phase provides
characteristic information relevant for the differentiation of pathologies in frequency ranges that are not as sensitive for magnitude
changes. This is because resonance shifts that occur on the frequency axis are mapped more clearly in the phase information than on
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the magnitude axis. After resonances, the magnitude difference between normal and pathological cases is often lost in interindividual
variations while the phase still retains a delayed offset, as seen in the averaged results from Ref. [30]. Due to the limited amount of
available individual test data and data to calibrate the simulated phases in the model, a final assessment of the added value of phase in
diagnosis cannot be made in this study. However, the consistency check during post-processing of the data already shows how
important the phase is. If consistency were not checked, the sensitivity for otosclerosis of the CNN in this study would drop from 85.7 %
to only 61.5 % without significantly changing the specificities for the investigated pathologies.

Furthermore, the phase information in the impedance can be useful to achieve sufficient quality and reproducibility of the mea-
surement data, e.g. also to detect leakage [21] based on the criteria in Ref. [45] already directly during the measurement. In this case,
the measurement could simply be repeated or extended. Since providing phase information from WAI measurements does not require
any hardware changes, we strongly recommend not to dismiss this information in diagnostic tests but make it accessible at least for
future evaluations.

Furthermore, many measurement devices currently used in clinical practice assume fixed values for the ear canal area at the probe
position and do not account for the measurement position when calculating the WAI measurement quantities. However, as obvious
from the equations for the calculation of reflectance from impedance, differences in the assumption of the ear canal area in the
calculation of the characteristic impedance, which is needed to calculate ER from ZEC, to the ear canal area inherently accounted for in
the measurements of impedance, introduce an error to ER. Ear canal area and measurement position further significantly influence
impedance. In this study, we attempted to include the area of the ear canal in the classification. However, assumptions had to be made
about the cross-sectional area of the ear canal based on the age of the subjects, because this information was often missing from the
data or was obtained using procedures that are not very reproducible. The length of the ear canal is taken into account by the anti-
resonance frequency, as described in section 2.2. It would be helpful if these variables could be reliably measured in future diagnostic
devices.

Despite these limitations, the preliminary results of this study for the detection of otosclerosis and disarticulation using a CNN
trained solely with simulated WAI data are quite promising. Without the use of virtually generated data, a considerable amount of
measurement data of the various pathologies would be required to train a network that can classify the pathologies with similar
accuracy. Conducting clinical studies to obtain such measurement data is connected to a high cost and time effort. Additionally,
pathological ears are usually only included in such studies if their respective pathology has been confirmed by a subsequent surgery.
Thus, only pathologies that are in an advanced stage are examined. However, the generation of WAI data based on a FE model also
allows the modeling of pathologies that are in early stages and not as pronounced yet. This could enable earlier detection of the
pathologies and thus lead to better treatment opportunities. The method also has the potential to diagnose problems in reconstructed
ears like a dislocated prothesis. For such cases, measurement data from well-defined situations, where the exact issue is known, can
hardly be obtained. The presented approach could be used to simulate such cases and thus may contribute to their detection.

5. Conclusion

The main finding of the present study is that simulated diagnostic data are similarly suitable for training a convolutional neural
network as measured data. We focussed on the discrimination of normal, otosclerotic and disarticulated ears. The FEM simulation
model employed is highly complex. We used the Monte Carlo method to generate sufficient data to represent both qualitatively and in
most cases quantitatively the variability of measurements in normal, otosclerotic and disarticulated ears. The convolutional neural
network trained with the simulated WAI data achieved an AUC of the receiver operating characteristic of 91.1 %, a sensitivity of 85.7
%, and a specificity of 85.2 % for otosclerosis. For disarticulation, an AUC of 99.5 %, sensitivity of 100 %, and specificity of 93.1 %
were achieved. Furthermore, it was estimated that specificity could potentially be significantly increased to about 99 % if stapes reflex
threshold measurements were used to confirm the diagnosis based on wideband acoustic immittance measurements. The overall
classification performance is thus comparable to other classification approaches in the literature that rely only on measured data as
training data. In this context, simulated data offer the advantage that pathological cases and early-stage cases can also be trained for
which very little measurement data is available.

To evaluate the clinical potential of this preliminary study, the approach would need to be tested on more real measurement data
and additional pathologies would need to be considered.
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APPENDIX A

Table 5
Overview of studies from the WAI database [20] that contain data that meet the requirements described in Section 2.2.

Reference No. of No. of Age Ear condition Inclusion criterion Measurement device
subjects* samples* range
Abur et al. 7 86 19-22 normal Not known Not known
[44]
Groon et al. 21 21 19-30 normal air-conduction behavioral thresholds, 226-Hz Custom
[45] tympanometry, normal otoscopy, no middle-ear
surgery or disease during the preceding 2 years
Lewis and 15 28 21-45 normal pure-tone audiometry, 226 Hz tympanometry, Custom
Neely and normal otoscopic inspection
[22]
Lewis [46] 30 60 22-33 normal pure-tune audiometry, present ipsilateral custom
broadband-noise acoustic reflex, and 226-Hz
tympanometry
Merchant 5 5 19-31 normal normal hearing screening, otoscopy, and 226 Hz  Titan probe, custom calibration
etal. tympanometry, no history of balance disorder, and evaluation
[471 dizziness, neurologic pathologies, or middle-ear
surgery except tympanostomy tube placement
Rosowski 29 58 22-64 normal no history of significant middle-ear disease, no Mimosa Acoustics HearID
et al. recent otologic surgery, and no abnormalities in
[34] their auricles or eardrums. In addition,

audiometric measurements, air-bone gap, and
226-Hz tympanometry values had to be within
the normal range.

Shaver and 48 48 18-35 normal no history of chronic otitis media, active flu, Interacoustics research
Sun abnormal otoscopy and with normal pure-tone prototype with custom ER probe
[48] audiometry, 226 Hz tympanometry and and Interacoustics AT235
tympanometric peak pressure tympanometer
Sun [49] 84 84 18-35 normal otoscopy, air conduction pure-tone audiometry, Interacoustics research
air-bone gap and normal tympanometric peak prototype with custom ER probe
pressure, no history of abnormal middle ear and Interacoustics AT235
condition, hearing loss, family otosclerosis or tympanometer
recent flu.
Voss and 10 10 18-24 normal normal hearing thresholds with standard clinical ~ custom
Allen methods
[4]
Voss et al. 12 60 19-42 normal negative history of middle-ear problems, normal =~ Mimosa Acoustics HearID
[50] hearing thresholds and tympanograms
Nakajima 20 20 22-72 14 otosclerosis  diagnosis of the respective pathology based on Mimosa Acoustics HearID
etal. [8] 6 the air-bone gap had to be present and confirmed

disarticulation during a subsequent surgery

" Number of normal, otosclerosis, or disarticulation subjects. Some studies contain also subjects of other cases irrelevant for this study.
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Table 6

Median of ZEC magnitude, and differences of 5 % and 95 % percentiles of ZEC magnitude to median ZEC magnitude of the (a) augmented virtual
population data after transformations with the sampled ear canal length and area and (b) in round brackets initially simulated data from the model
with nominal ear canal length and area.

Freq. (Hz) 250 500 1000 2000 4000 6000
Normal ZEC Mag. (Pa s/m>) -10° Pgs—Pso 18.0 (30.8) 9.9 (13.0) 6.6 (10.9) 6.8 (19.8) 11.4 (2.3) 64.1 (1.5)
Pso 41.2 (95.8) 20.1 (49.0) 10.2 (27.7) 6.3 (32.1) 2.5(17.6) 10.6 (10.8)
Ps5o-Ps 8.6 (24.3) 5.0 (14.2) 3.8 (13.8) 3.4 (12.5) 1.9 (1.3) 9.5 (0.8)
Otosclerosis ZEC Mag. (Pa s/m3) -10° Pgs—Pso 23.6 (30.0) 12.5 (14.8) 6.6 (9.3) 7.4 (16.8) 11.4 (2.4) 69.4 (1.6)
Pso 46.0 (123.6) 22.3 (62.2) 9.6 (28.3) 6 (26.9) 2.5(17.8) 10.6 (10.8)
Ps5o-Ps 11.9 (32.2) 6.0 (18.5) 3.8 (14.5) 3.2(11.4) 2.0 (1.2) 9.5 (0.8)
Disarticulation ZEC Mag. (Pa s/m>) -10° Pgs-Pso 17.3 (27.4) 9.4 (16.1) 11.8 (26.7) 7.9 (22.9) 11.7 (1.5) 62.4 (1.5)
Pso 37.3(76.4) 16.8 (32.8) 12.8 (30.4) 6.5 (40.9) 2.5(17.4) 10.6 (10.9)
Ps5o-Ps 9.6 (25.1) 4.6 (13.1) 6.4 (15.2) 3.6 (16.7) 1.9 (1.6) 9.5 (0.8)
Table 7

Median of ZEC phase, and differences of 5 % and 95 % percentiles of ZEC phase to median ZEC amplitude of the (a) augmented virtual population data
after transformations with the sampled ear canal length and area and (b) in round brackets initially simulated data from the model with nominal ear
canal length and area.

Freq. (Hz) 250 500 1000 2000 4000 6000
Normal ZEC phase (degrees) Pgs-Pso 4.8 (6.8) 6.6 (10.8) 22.4 (24) 29.4 (36.6) 12.9 (16.9) 15.7 (6.8)
Pso —83.2 (-74.5) —80.8 (—69.9) —74.7 (-57.5) —70.2 (—34.1) 74.0 (—82.2) 69.7 (—80.3)
Ps5o-Ps 3.9(8.4) 5.3(9.1) 7.8 (14.49) 10.0 (20.5) 158.8 (4.3) 151.2 (4.6)
Otosclerosis phase (degrees) Pgs-Pso 4.8 (8.3) 5.4 (9.5) 16.7 (22) 37.4 (46.5) 13 (19.8) 13.5(7.0)
Pso —85.9 (-79.0) —85.4 (-78.4) —81.7 (-71.8) —66.0 (—31.7) 74.1 (—82.5) 72.1 (—81.1)
Ps5o-Ps 3.0 (6.9 3.1 (7.4 5.6 (11.8) 12.9 (19.9) 159.2 (4.0) 153.8 (4.1)
Disarticulation phase (degrees) Pos—Pso 5.5 (8.6) 24.0 (25.0) 44.1 (72.1) 20.4 (42.7) 13.9 (15.7) 16.0 (7.8)
Pso —82.4 (-75.3) —77.5 (—67.7) —67.2 (-31.4) —74.7 (—38.2) 72.7 (—81.8) 69.3 (-=79.1)
Ps5o-Ps 5.1(7.8) 8.6 (13.9) 12.9 (33.6) 7.3 (20.0) 156.8 (4.9) 150.7 (5.8)
Table 8

Discrepancies between each measurement curve and the nearest identified simulation curve in the frequency range from 226 Hz to 2000 Hz and
interindividual variations of the characteristic measurement samples per class.

Measurand Case Max. variation of Max. abs. difference between mean of variation of mean abs. difference between
literature samples’ literature and simulated samples® literature samples® literature and simulated samples*
ZEC mag. (dB) Normal 5.5 3.4 1.8 0.5-2.3
Otosclerosis 3.3 3.7 1.3 0.9-1.2
Disarticulation 12 9 3.3 1.5-3.1
ZEC phase Normal 14 13 6 3-4
(degrees) Otosclerosis 25 12 13 1-4
Disarticulation 47 85 27 17-43
ER (-) Normal 0.14 0.16 0.06 0.03-0.04
Otosclerosis 0.36 0.20 0.16 0.02-0.05
Disarticulation ~ 0.51 0.42 0.23 0.09-0.16
ER phase Normal 40 24 9 2-12
(degrees) Otosclerosis 32 21 10 3-6
Disarticulation 45 42 13 9-13

1 Maximum over all frequencies in the range 226 Hz—2000 Hz of the (a) absolute range in ER, R phase, and ZEC phase of all measured samples per
class, (b) absolute logarithmic ratio between the smallest and the largest value per frequency.

2 Maximum over all frequencies in the range 226 Hz—2000 Hz and over all samples per class of the (a) absolute differences between each mea-
surement curve and the nearest identified simulation curve for ER, R phase, and ZEC phase, (b) absolute logarithmic ratio between the smallest and
largest value per frequency for ZEC magnitude between each measurement curve and the nearest identified simulation.

3 Same definitions as (1) but with mean instead of maximum.

4 Same definitions as (2) but with mean instead of maximum, and mean was calculated per pair of corresponding simulation and measurement
samples.
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10. Comparison of original ER and ER recalculated from original complex ZEC from the WAI-database [20] of the otosclerosis data from

Ref. [8]. The comparison is split into the samples which where (A) consistent in ER and ZEC according to the criteria defined in this study and (B)
inconsistent samples in ER and ZEC. The legend indicates the subject numbers as defined in the data from Ref. [8].
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