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Abstract:

The primary goal of this research project was to demonstrate the feasibility of developing an optimal
prediction model for noise-induced hearing loss (NIHL) using modern statistical learning methods. Three
approaches were developed: (1) a multilayer perceptron network (MLP), (2) a radial basis function
network (RBF) and (3) a support vector machine (SVM). The three statistical learning models were
developed to predict noise-induced hearing loss (NIHL) from an archive of animal noise exposure data,
which contains 900 chinchillas exposed to various noise environments..

There were basically two different kinds of noises that were used in these modeling studies: High
level (peak>140dB) impulse noise transients, which typically occur in military environments, and low
and medium level (peak<140dB) long term complex noise exposures, which usually occur in industrial
environments. Both noise metrics and biological parameters were used as input variables to the prediction
models. Since the prediction models consist of individual biological information, it should be possible to
predict noise-induced hearing loss in an individual.

Two frequency specific prediction models were considered: One was a specific frequency model
(SF model), the other was a wide band frequency model (WF model). In the SF model a prediction model
was built for each specified frequency. In the WF prediction model contiguous frequency band
information on either upper or [ower side(s) of a specified frequency band were considered as additional
input(s) for the models. Both SF and WF models were built and tested.

Two partition methods were used to stratify the data sets for training, validating and testing the
prediction models. Partition method 1 considers all the data sets from the different noise types. The
database is stratified according to exposure noises before sampling to make sure that the samples from
different types of noise are allocated to both training and test data sets more or less equally. Partition
method 2 neglects the fact that all available training data are collected under different exposure conditions.
The samples from different groups are divided into disjoint sample sets of equal size randomly, without
taking into account the different exposure groups. The prediction models using partition 1 and 2 were
built and tested.

For long term complex noise exposures 10 noise metrics and 5 biological parameters were used as
the inputs of the prediction model in the initial stage of the research project. Four prediction results at
specific center frequencies were produced, i.e. noise-induced permanent threshold shift (PTS), inner hair
cell (IHC) loss, outer hair cell (OHC) loss, and permanent change in cubic distortion product otoacoustic
emission (ADPOAE). It was found that energy alone was not a sufficient metric to predict complex noise
induced hearing hazard. Kurtosis is a complementary metric. With the kurtosis metric performance of the
prediction models is improved as much as 66%. It was also found that some biological parameters, such
as asymptotic threshold shift and pre-exposure DPOAE did not contribute much to increasing the
prediction accuracy (in many cases these variables made the prediction results worse). In the final
prediction model for complex noise exposures 6 noise metrics and one biological parameter were used as
input variables to predict the NIHL in terms of PTS, IHC loss and OHC loss. It was found that the
prediction models using the WF method would yield the best average prediction accuracy. Of the three
prediction models, the RBF model produced the best performance. The percent prediction accuracy for
IHC loss using the RBF model was 92%, OHC loss: 93% and PTS: 96%. The performance of the RBF
models using partition method 1 and method 2 were not significantly different.

For impulse noise exposures parameters, such as peak, duration, number and rate, are important to
the prediction of NIHL. The SVM model with the SF method was selected as the best prediction model.
The percent prediction accuracy for [HC [oss using the RBF model was 85%, OHC loss: 87% and PTS:
93%.
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Highlight/Significant Findings:

1. Moderm statistical algorithms, such as a radial basis function network (RBF) and a support vector
machine (SVM) can be used to build robust prediction models for noise-induced hearing loss
(NTHL). That is, to predict the consequences of a noise exposure for an individual in terms of
permanent threshold shift, and sensory cell loss. The percent prediction accuracy for the various
models was at least 85%. The best of the models could yield a prediction accuracy as high as
96%.

2. For long term complex noise exposures energy alone is not a sufficient metric to predict complex
noise induced hearing loss. Kurtosis is a complementary metric. With the kurtosis metric
performance of the prediction models is improved as much as 66%, a significant improvement.

3. Two partition methods were used to stratify the data sets for training, validating and testing the
prediction models. It was found that the partition methods did not have a significant effect on the
performance of the prediction models. The RBF and SVM models are effective and robust.

4. Two frequency specific prediction models were considered: One was a specific frequency model
(SF model), the other was a wide band frequency model (WF model). In the SF model a
prediction model was built for each specified frequency. In the WF prediction mode] contiguous
frequency band information on either upper or lower side(s) of a specified frequency band were
considered as additional input(s) for the models. It was found that the WF model did increase the
prediction accuracy for complex noise exposures, while the SF model had a better performance
for high level impulse noise exposures.

Translation of Findings:

In this research project we developed several modern statistical learning models to predict
noise-induced effects on the peripheral auditory system in an animal model. The success of this initiative
has demonstrated the feasibility of such an approach and has identified combinations of metrics that are
important for predicting NIHL. Because of the similarity of the chinchilla and human response to noise
the demonstration of the feasibility of such a modeling approach can form the basis for creating a
predictive model applicable to humans and can lead to a new approach to creating a damage risk criteria.
Since the prediction models consist of individual biological information, it should be possible to predict
noise-induced hearing loss in an individual.

Outcomes/Relevance/Impact:

This research is the first of its kind to apply modern statistical prediction models to the problem of
predicting noise-induced hearing loss in an individual. Two prediction models were developed for
noise-induced hearing loss. The radial basis function (RBF) neural network model with wide-band
frequency method was developed for long term complex noise exposures. The percent prediction
accuracy for IHC loss using the RBF model was 92%, OHC loss: 93% and PTS: 96%. The support vector
machine (SVM) model with the specific frequency method was built for high level impulse noise
exposures. The percent prediction accuracy for IHC loss using the RBF model was 85%, OHC loss: 87%
and PTS: 93%.



For long term complex noise exposures energy alone is not a sufficient metric to predict complex
noise induced hearing hazard. Kurtosis is a complementary metric. With the kurtosis metric performance
of the prediction models is improved as much as 66%, a significant improvement.

I. Introduction

This proposed two-year effort had a single “specific aim,” which was to demonstrate the feasibility of
developing an optimal prediction model for noise-induced hearing loss (NIHL) using modern statistical
learning methods. Three approaches were developed: (1) a multilayer perceptron network (MLP), (2) a
radial basis function network (RBFN) and (3) a support vector machine (SVM). The model with the best
predictive performance is defined as optimal. The above models were created utilizing an extensive
existing database to predict damage to the auditory system in the chinchilla from any noise environment
that can be subjected to an analysis from which the standard as well as newer acoustic metrics can be
extracted.

I1. Background and Significance:

(1) Background: Since the beginning of the industrial revolution, NIHL has been and continues to be
a public health concern and has been identified as such in the NOISH, National Occupational Research
Agenda (NORA) document (1996). Over the last 50 years considerable data on NIHL has been amassed
from epidemiological studies and animal-model research. Much of the former data has been embodied in
the ISO-1999 (1990) document while a comprehensive synthesis of the latter, for use in guiding the
development of improved damage risk criteria (DRC), has not been attempted. All of these studies
ultimately have a single common objective: the prediction of noise-induced trauma from knowledge of
the exposure conditions. This goal has remained elusive. The strengths and weaknesses of the ISO
document, which is based on data collected in the 1950's and 60's, have been discussed (Johnson, 1994)
and specific problem areas affecting all DRCs derived from epidemiological data highlighted (Ward,
1994). The ISO-1999 (1990) document is a revision of the 1975 version. It presents in statistical terms the
relation between a noise exposure and a noise-induced hearing loss (NIHL) in people of various ages and
having various exposure durations. The basic approach to this standard was formulated over 30 years ago
and incorporates a demographic database acquired even earlier. In this widely used document (see e.g.,
Dobie, 1993; Bies and Hansen, 1990) all noise exposures are quantified by a single metric, that is, a
time-integrated pressure-squared or energy metric incorporating a spectral weighting. Pure tone radiation
and impulsive (impact) noises are assigned a 5 dB “correction.” The energy approach to the standards
document has been questioned by Bies and Hansen (1990) who showed that an alternate formulation
(non-energy-based) is also consistent with the demographic database and by Kraak (1981) whose
approach is consistent with that of Bies and Hansen. Similarly, there are many examples in the literature
that demonstrate, on the basis of experimental evidence, the limitations of an energy metric (e.g., Lei et
al., 1994). The ISO approach to an age correction has also been questioned on methodological grounds by
Bies and Hansen (1990) and by Humes and Jesteadt (1991) and most recently on experimental grounds
by Mills et al., (1997). The approach to the interaction between noise and other threshold-elevating
variables (e.g., age) suggested by Humes and Jesteadt is conceptually consistent with the approach of
Bies and Hansen (1990). While the Bies and Hansen results were challenged by Macrae (1991) using
recently-acquired human data, a subsequent paper by Bies (1994) showed that, with minor modification,
his alternate view of the ISO data base was also consistent with Macrae’s data. It is clear that, based on
the above, the ISO energy-based approach is not unique and other formulations, using the same database,
will produce divergent estimates of NIHL. In addition, the enormous variability seen in the hearing loss
data that were incorporated into the ISO-1999 standard (Mills et al., 1996) severely limits the predictive
valye of the approach embodied in this document. Records of litigation over the past 20 years will
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confirm the diversity of strongly held opinions regarding the predictive accuracy of ISO 1999 and hence
its practical utility. Clearly, a better predictive strategy, utilizing more sophisticated statistical techniques
and incorporating more essential exposure variables is needed.

The number of animal model experiments has increased dramatically since the early 1970's. These
studies have served to demonstrate very effectively the complexity of NIHL and have, as a consequence,
altered our perspective on NIHL. Unfortunately, to date animal data have, arguably, had little effect on
noise exposure standards. Based on these animal model results, it is now clear that characterizing a noise
exposure by an energy metric is inadequate in many, if not most, industrial/military situations. One of the
most important, although not surprising findings is the significant role of temporal variables in the
production of NIHL. Since the energy approach, inherent in most criteria including ISO-1999, integrates
across time, an energy metric is insensitive to the temporal structure and presentation sequence of an
exposure (Lei, et al., 1994).

One key to the problem lies in the role of temporal variables and how they can be quantified.
Temporal variables manifest themselves in essentially two ways: (1) in the structure of an uninterrupted
noise and (2) in the sequencing of a series of discrete exposures. In the former case it is the non-Gaussian
noises typical of many industrial and military environments that are most interesting. Lei et al. (1994) and
Hamernik and Qiu (2001) have shown, in a series of equal energy noise exposures, that a statistical
metric, the kurtosis, computed on both the time and frequency domain signal was well correlated with
both the magnitude and frequency specificity of the noise-induced trauma. The kurtosis, which is defined
as the ratio of the 4" order central moment to the squared 2™ order central moment of the sampled
distribution, incorporates both the peak and interpeak interval histogram characteristics of a time varying
signal. These results suggest that a statistically based metric such as the kurtosis in combination with an
energy metric may be more predictive of NIHL.

Price and Kalb (1991) built a model to predict the hazard of noise exposure to high-level military-type
impulse noise (the model should be applicable to more general exposure paradigms). The Price and Kalb
model has a number of attractive features including nonlinear middle ear effects but it is still limited by
current incomplete models of cochlear mechanics and an assumed relation between cochlear mechanics
and trauma. The model is currently available only for the cat, for which there is a very limited database.
The model thus could not be tested in other species for which a considerable body of data exists and
under a variety of noise exposure conditions.

Over the past 25 years, a considerable body of data has accumulated on the response of the chinchilla
auditory system to various noise exposures. Our laboratories alone have a database consisting of over
2500 animals exposed to continuous, Gaussian and non-Gaussian (complex), impulse or impact noises for
various periods of time on an interrupted and uninterrupted exposure schedule. Additional relevant data
on NIHL from several hundred additional chinchillas can be gleaned from the literature. An effort should
be made to use this database, as well as that of other laboratories, to develop more sophisticated
approaches to the generation of noise exposure standards.

Statistical approaches to the prediction of NIHL: An important goal in industrial health/hazard
management as well as in applied NIHL research is the construction of a reliable model to predict with
some precision NIHL from a set of given noise exposure parameters. Building a prediction model is a
regression problem, i.e., an estimation of an unknown continuous function from a finite set of noisy
samples. ISO 1999 as well as other predictive schemes or DRCs have applied the so-called ‘first-principle
model” (Cherkassky and Mulier, 1998). This approach is a distribution-based statistical technique that
tries to mechanically fit a pre-specified function to some data set. Most NIHL research results, including
all of our previous work, are based on a first-principle approach. This approach works well when the
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number of samples is large relative to the model complexity. However, even when the number of samples
is very large, this method can produce a large bias if the model complexity is incorrectly selected or the
system under study is too complex to be mathematically described. The prediction of NIHL under various
noise exposure conditions is just such a problem. There is a growing consensus that it is impossible to use
a few simple parameters, such as energy and exposure duration, to predict hearing hazards with any
precision from the large diversity of complex noise environments. New stafistical approaches such as the
artificial neural network (ANN) and support vector machine (SVM) learning algorithms, which can
develop models from large, complex and information-rich data sets are available and have been
successfully used to solve complex nonlinear problems in science and engineering. Among the most
aftractive features of such approaches is that they are distribution-free models that Jearn directly from the
input data. While such models cannot provide information on the mechanisms of NIHL (nor should they
be expected to), they may be extremely useful in predicting the outcome of an exposure from the
appropriate input parameters.

The ANN: An artificial neural network is a network of processing units each of which has some
properties that are similar to those of biological neurons. An ANN is a computing device that mimics our
inferred understanding of information processing and knowledge acquisition in the brain. In contrast to
modern digital computers that rely on binary arithmetic in conjunction with sophisticated programming
that incorporates solution procedures explicitly expressed in terms of logical statements, an ANN extracts
relations from complex systems where explicit procedures cannot be “spelled out.” Functionally, ANNs
can formulate relations or procedures of operation by “learning” from input data (examples). An ANN
can be trained to recognize patterns in an incomplete data set.

In a complex system such as the mammalian auditory system, in which an output (response) is
dependent on the complex interactions among various input parameters, a conventional systems analysis
approach, which relies on mathematically tractable relations, may not be appropriate. Rather an ANN
approach can be used to search for a relation among data sets in an adaptive and “fuzzy” manner. That is,
an ANN approach is advantageous in the handling of problems where explicit rules are not easily
formulated. This search operation can be achieved with an incomplete data set through the self-learning
and associative abilities of an ANN. Thus the relation between noise metrics and auditory system changes
can be obtained using an ANN approach without the restrictions imposed by a traditional mathematical
approach requiring tractable functions, provided that sufficient training data are available.

As in nature, a network function is determined largely by the connections between elements. One can
train a neural network to perform a particular function by adjusting the values of the connections (weights)
between elements. 1t is apparent that an ANN derives its computing power through, first, its massively
parallel distributed structure and, second, its ability to learn and therefore generalize. These two
information-processing capabilities make it possible for ANN to solve complex problems that are
currently intractable.

The SVM: The support vector machine is a universal constructive learning procedure based on
Vapnik’s statistical learning theory (Vapnik, 1995), which can learn a variety of representations, such as
neural nets, polynomial models, radial basis functions and splines. Moreover, SVM itself can be viewed
as a promising method for pattern recognition tasks or regression problems. The SVM also has
advantages in higher dimensional spaces because the optimization of the machine does not depend on the
dimensionality of the input space. This feature is especially suitable to our research on noise hazard
prediction.

(2) Significance: There is consensus of opinion on the need to be able to predict the effects of a
noise exposure, but there is as yet no generally agreed upon method for accomplishing this. In this
research we developed modern statistical learning models to predict noise-induced effects on the
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peripheral auditory system in an animal model. The models were trained by a very large and very diverse
data set acquired from chinchilla studies (N > 900). The success of this initiative demonstrates the
feasibility of such an approach. Because of the similarity of the chinchilla and human response to noise
the demonstration of the feasibility of such a modeling approach can form the basis for creating a
predictive model applicable to humans and can lead to a new approach to creating a DRC.

The successful development of a predictive scheme will also be cost effective in the long run by
reducing the number of parametric studies that need to be carried out in order to determine the effects of
new and suspect noise environments. Since this model can be used to identify noise parameters and
combinations of parameters important in determining trauma, critical animal model experiments that
should be performed can be identified. Thus, an additional benefit of this research will be to reduce the
number of animals that need to be used in noise research.

IIL. Experimental Design and Methods:

Our statistical learning models were developed using three structures: (i) a feed-forward neural
network, (il) a Gaussian radial basis function neural network and (iii) a support vector machine. The
reason for using these algorithms is that both ANN and SVM are powerful tools for nonlinear problems.
Our aim was to develop an optimal prediction model from these approaches.

The development of a prediction model for noise-induced hearing loss consisted of two phases: (1)
model structures and their algorithm designs and (2) experimental design. Each of these phases is
described below.

(1) Model structures and corresponding algorithm designs:

Two inductive principles were used in adaptive model estimation: the regularization inductive
principle (including the cross validation technique) for two ANN models and structural risk minimization
(SRM) for the ANN and SVM models. Table 1 outlines all three adaptive regression approaches and
algorithms for model selection (i.e. choosing optimal model complexity) and parameter estimation that
were used in this research.

Table 1. Three adaptive regression approaches and related algorithms.

Adaptive regression approach Algorithm/principle(s) for Algorithm for parameter
model selection estimation
(A) Feed-forward neural network | (1) Cross validation Back propagation algorithm for all
(2) SVM weights in both hidden and output
layers
(B) Gaussian RBF neural network | (1) Cross validation (1) k-means clustering algorithm/
(2) SVM SVM for RBF centers
(2) Back propagation algorithm
for weights in output layer
(C) Support vector machine | SRM and Vapnik's loss | Quadratic programming algorithm
(SVM) function in the kernel representation




Three optimal prediction models using the above three adaptive regression approaches were obtained.
In the last phase of this research, the performance of the three models was compared. The best one was
selected as our final prediction model for noise-induced hearing loss.

(a) Feed Forward ANN With A Back Propagation (BP) Algorithm:

In the multilayer feed forward topology, the inputs that are presented to each perceptron (a computing
element/neuron in the ANN) only come from connections with the preceding layer. A schematic of such a
multilayer perceptron network (MLP) (Hush & Horne, 1993; Dayhoff, 1990) is shown in Fig. 1. In this
figure, each circle represents a perceptron, and the arrows indicate connections between perceptrons, The
input vector feeds into each of the first layer perceptrons comprising the input layer. The input layer is
passive, in that it merely receives the data patterns passing into the network. The output of this layer feeds
into each of the second layer perceptrons and so forth. The output layer yields the network's result.
Between the input and output layers there are one or more intermediate layers referred to as hidden layers.
Each layer may have a different number of neurons, and even a different transfer function. Hornik et al.,
(1989) proved that a two-layer network (the input layer is not included), with sigmoid transfer functions
in the hidden layer and linear transfer functions in the output layer, can approximate virtually any
function of interest to any degree of accuracy, provided sufficiently many hidden units are available. The
sigmoid function is a nonlinear activation function defined by the logistic function:

1
f(x)= T+ exp(cn) (1)

The development of the back propagation (BP) algorithm represents a landmark in the design of
neural networks in that it provides a computationally efficient method for the training of multilayer
perceptrons (Haykin, 1999). The BP algorithm essentially compares the actual output of the MLP with
the desired output (known from training data). In the structure of an MLP network any changes in the
weights produces a chain reaction of effects that propagates forward through the successive layers of the
network. The BP algorithm starts to adjust the weights at the last hidden layer (i.e. the layer immediately
behind the output layer) and continues to make adjustments successively toward the first hidden layer (i.e.
the layer immediately following the input layer). The calculations used to obtain the weight adjustments
at a given layer are used in computing the adjustments for the next layer and so forth until the input layer
is reached.

The BP algorithm for a MLP network is actually a generalization of the least mean square (LMS)
algorithm developed by Widrow and Hoff (1960). The standard BP algorithm is a gradient descent
algorithm in which the network weights are moved along the negative of the gradient of the performance
function. When the LMS is used for the single-layer linear network the mean squared error is a quadratic
function so that it is guaranteed to converge to a solution that minimizes the mean squared error as long
as the learning rate « is not too large. However, in a multilayer nonlinear network the situation is more
complicated. The performance surface for a multilayer network may have many local minimum points
and the curvature can vary widely in different regions of the parameter space. There are a number of
variations on the basic algorithm that are based on heuristic modifications to the basic BP and other
numerical optimization techniques, such as the conjugate gradient and Newton's methods (Hagan et al,,
1996; Haykin, 1999; Demuth and Beale, 2000). After comparing performances of a number of BP
algorithms, the Levenberg-Marquardt algorithm (Hagan et al., 1996; Scales, 1985) was selected as the
main algorithm for building our multilayer network prediction model. The reason for selecting this



algorithm is its fast convergence and accurate training ability for networks containing up to a few hundred
weights.

first hidden second

input layer layer hidden layer

output layer

Fig. 1 Architecture of an MLP feed forward network.

Network structure:

The universal approximation theorem (Hornik et al., 1989; Haykin, 1999) states that a single
hidden layer is sufficient for a multilayer network to approximate any function of interest to any
degree of accuracy, provided sufficiently many hidden units are available. However, the theorem
does not state that a single hidden layer is optimum in the sense of learning time, ease of
implementation, or generalization. Theoretical results and many simulations in different
engineering fields have shown that there is no need to have more than two hidden layers for a
multilayer network to approximate any function (Kecman, 2001). The problem in our design is
whether one or two hidden layers should be used. Both architectures are theoretically able to
approximate any continuous function to the desired degree of accuracy (Cybenko, 1989; Hornik et
al., 1989; Kurkova, 1992). It is difficult to establish, a priori, which topology is better. Therefore,
in our modeling efforts we tried both structures and found that the performance of the structure
with two layers was not significantly better than the one with one layer (see “MLP neural network
model selection” on page 24~25).

Model selection:

In the case of general nonlinear regression, the mean squared error (MSE) could be
decomposed into bias and variance components. If the parameters give a low bias the
approximation error arises from a high variance, and vice versa. This is referred to as the
bias-variance dilemma (Geman et al., 1992). A trade-off must be made between these two
components. Cross validation technique was used to resolve this design problem.

Cross validation technique;:

Cross validation is a statistical method to resolve the trade-off between bias and variance
(Cherkassky and Mulier, 1998; Kecman, 2001). In the cross validation approach the available
training data set is randomly partitioned into two subsets: a learning set and a validation set. The
learning data are used to separately estimate a number of different models (a single and two
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hidden layers with different number of neurons in our case) while the validation data are used for
testing the model. The estimated model with the best average performance would be selected as
the final prediction model.

The k-fold cross validation approach was used for model selection. For a given data set z=[xy],
where x=[x,, ..., x,] and y=[y;, ...,yu] of sample size n, the squared error loss functions of m
candidate network structures are computed as following (Cherkassky and Mulier, 1998):

1. Randomly divide the training data z into 4 disjoint samples of equal size z,, z, ..., .

2. For each validation sample z; of size wk

a.  Use the remaining data, z, =U j«Z; to construct an estimate f;.

b. For the regression estimate f;, sum the empirical risk for the data z;, which is not used
to estimate the model:

_k
r’__
n

S ) - 2)

3. Compute the estimate for the prediction risk by averaging the empirical risk sums for z,,
22y ooy Tkt

RI)I =

k
2 ©)

e

where m indicates the number of candidate models. The model with minimum R was selected as
the multilayer prediction network. If the performance of the top three models was very close, the
model with simplest structure was selected as the prediction model.

Two-thirds of the data set was randomly partitioned as the training and validation data sets
and the remaining one-third as the test data set. Considering that all the data sets came from
different types of noise, the database was stratified according to the exposure noises before
sampling to make sure that the samples from different types of noise are allocated to both training
and test data sets more or less equally. For the training data (2/3 of the database) two data division
techniques were used to build the best prediction model using a MLP feed-forward network:

Universal model

Neglecting the fact that all available training data are collected under different exposure
conditions, the training data is randomly divided into & (k=5 orl0) disjoint samples of
equal size zy, 22, ..., Z Use the above approach to get a universal mode].

Specific model

The fact that all available data come from different exposure conditions was considered
in this approach. The database was stratified before sampling. In this case we set k
(k=4~6). For each subset under a certain exposure condition, the training data was
randomly divided into & disjoint samples. Then randomly divided samples were picked
from each subset by sampling without replacement to form k disjoint samples of z,,
23, ..., 2 (note the size of each z; is not necessarily equal but will be quite close). The
same approach as above was used to get the specific prediction model.

11



o Weight initialization

Choosing the initial weight (and bias) is an important step in getting good network
performance. A sigmoidal function was selected as the activation function in our multilayer
prediction model. The basic strategy in choosing the initial weight should ensure that after
initialization most of the sigmoidals are not too steep and that they are inside the domain of the
approximated data points. In our case the initialization of weight was processed as follows:

For the initialization weight in the hidden layer(s), the initial weights were generated by a
normal distribution with a zero mean and with a standard deviation o that is proportional to

1/I7"* (I is the dimension of the input) for the normalized input vectors, to ensure that the

activation of the hidden neurons is determined by the nonlinear parts of the sigmoidal functions
without saturation (Bishop, 1995).

For the initialization weight in the output layer, and to avoid small weights, half the weights
should be initialized with +1, and the other half with —1. If there are an odd number of output
layer weights, then the bias should be initialized at zero (Smith, 1993).

e Data preprocessing

To make the neural network training more efficient some preprocessing on the samples was
performed.

1)  Data normalization: Since the sigmoidal function is in the range [-1,1], the training pair
[x,y] was normalized to the range [-1,1];

2)  Principal component analysis: This technique was used to orthogonalize the components
of the input vectors so that they are uncorrelated with each other.

(b) Radial Basis Function Neural Network (RBFNN)

Like a multilayer perceptron (MLP), an RBF network has a universal approximation ability (Hartman
et al., 1990; Park and Sandberg, 1991). The RBFNN (Fig. 2) is a multilayer feed forward neural network
consisting of an input layer of source nodes, a layer of non-linear hidden units that operate as kernel
nodes and an output layer of linear weights. Cirosi and Poggio (1990) showed that an RBF network has
the best approximation property of all neural network structures. Thus the RBF network was selected as a
candidate tool for our prediction model.

A generalized regression neural network (RBFNN) is frequently used in function approximation, the
architecture of a RBFNN is shown in Figure 2. A RBFNN has two layers, one is radial basis layer and the
other is a special linear layer.
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Fig. 2 Architecture of a RBFNN.

The ||dist|| box in the figure accepts the input vector p and the input weight matrix IW, and
produces a vector having S elements. The elements are the distances (dot products) between the input
vector and the vectors IW formed from the rows of the input weight matrix. The bias vector bl and the
output of ||dist|| are combined by the element-by-element multiplication. The values of ‘distances’ are fed
into radial basis neurons. The transfer function of the radial basis neuron is:

radbas(x) = e €]

The radial basis neurons with weight vectors quite different from the input vector will have outputs
near zero, and the small outputs will only have a negligible effect on the linear output neurons. On the
other hand, a radial basis neuron with a weight vector close to the input vector will yield a value near 1. If
a neuron has an output of 1 its output weights in the second layer pass their values to the linear neurons in
the second layer.

In the first layer, each neuron’s weighted input is the distance between the input vector and its weight
vector, and its net input is the element by element product of its weighted input with its bias. If a neuron’s
weight vector is equal to the input vector, its weighted input will be zero, and its output will be 1. If a
neuron’s weight vector is a distance of spread from the input vector, its weight input will be spread, its
net input will be root square of -log(0.5) (or 0.8326), such that its output will be 0.5. The value of spread
can be adjusted according to the performance of the networks. The RBF network takes matrices of
training input vectors P and target vectors T, and a spread constant for the radial basis layer, and return a
network with weights and biases such that the output are exactly T when the input are P, The number of
neurons is the same as the number of training input vectors P and the first layer weights are set to P’
Each bias in the first layer is set to 0.8326/SPREAD, this determines the width of an area in the input
space to which each neuron responds. The value of SPREAD should be large enough that neurons
respond strongly to overlapping regions of the input space. This will make the network function smoother
and results in better generalization for new input vectors occurring between input vectors used for
constructing the network.
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One concern for this kind of RBF network may be the number of hidden neurons, since it has as
many as input vectors. On the other hand, it takes much less time to construct a RBF network than
training a sigmoid/linear network.

The second layer has as many neurons as input/target vectors, and LW is set to T. The nprod box
produces S2 elements in vector n2. Each element is the dot product of a row LW and the input vector al,
all normalized the sum of the elements of al. If an input vector p close to a training input vector p0, this
vector p will produce a layer 1 output close to 1, and this leads to a layer 2 output close to t0, one of the
targets used in training the network.

(c) Support Vector Machine (SVM):

As discussed above an appropriate ANN should balance the bias and variance, trying to keep each as
low as possible. When the data set is large enough (goes to infinity) a neural network can approximate
any regression function to an arbitrary degree of accuracy. Unfortunately, in practice the size of the data
set usually limited. By taking into account the size of the data set, which is often small with respect to the
problem’s dimensionality, it is advantageous to consider some approaches to learning that are based on
small sample statistics. A support vector machine (SVM) approach is just such a statistical learning
technique.

The support vector machine is a new learning machine based on statistical learning theory developed
by Vapnik and Chervonenkis (Vapnik, 1995). The term support vector indicates a subset of the training
data corresponding to the solution of the learning problem. The fundamentals of SVM are structural risk
minimization (SRM) and Vapnik-Chervonenkis (VC) bounds.

Least-square support machine vector (LS-SVM) was used in our research. LS-SVM (Suykens 2002)
is a modification to the Vapnik SVM . The modifications are in two folds. First, equality constraints are
taken instead of inequality constraints. With this modification, the threshold in the SVM inequality

constraints can be considered as a target value, with which an error variable e, is allowed to tolerate the

estimation errors. Second, a squared loss function is taken for the error variable. The modifications will
greatly simplify the original SVM problem.

Consider the function in the primal weight space:
S =wp(x)+b ©)

where xe R", yeR'and ¢(.):R” — R'is the mapping to the high dimensional and potentially infinite
dimensional feature space. The optimization problem in the primal weight space can be formulated as

follows giving the training set {x,,y,},k=1L..N:
. 1l 7 &,
minJ,(w,e)=—w'w+y=> e; (6)
w.he 2 2 P

such that y, = f(x,)=w'p(x,)+b+e,k=1.,N
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The Lagrangian is constructed as:

N
L(w,b,e;a) = J,(W,e) = Y, (W p(x,)+b+e, — y,)
k=1

where ¢, are Lagrange multipliers. The conditions for optimality are given by

oL

—=0—->w=

ow
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oL al
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ob ;*

oL

N
@, p(X,)
1
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K(x,,x,)=Q, =¢(xk)r¢(x/)sk=1 =1.,N

We get the following solution:

Solve in «,b:

where y =y, ;...;yN], 1, = [1;...1] and a = [a];...a,v]. The kernel is obtained as follows:

The resulting LS-SVM mode for function estimation becomes

where o, ,b are the solution of the linear system. The parameters can be determined by exploring a

training set, validation set and testing set. The values of the parameters are selected such that the best

v
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performance on this validation set has been achieved. To avoid the performance being too sensitive with

respect one particular validation set, n-fold cross-validation approach could be adopted.

If an RBF kernel K(x,x,)= exp[

be tuned.

2
_x-xd
0,2

] is selected, then only two parameters (y,o) need to
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(2) Experimental Design:

The experimental design includes: (a) selection of dependent and independent variables (b) database
organization; (c) frequency considerations in the prediction model; (d) model validation and the
performance metric.

(a) Selection of dependent and independent variables:

The proposal takes advantage of a large existing experimental database to create a 'universal'
prediction model (for the chinchilla) that can evaluate hearing hazard not only caused by steady state
noise but also non-stationary noise, such as impulse/impact and other categories of non-Gaussian noises.
The database was analyzed using modern adaptive regression techniques. The approach used two types of
artificial neural networks and a support vector machine. Each of these promising algorithms has its
advantages (as discussed above). The final model chosen was the one showing the best performance in
terms of predictive accuracy. Table 3 lists all of the dependent and independent variables for the
prediction model. Some discussion of these variables follows.

Selection of variables: The variables listed in Table 2 are, except for the kurtosis variables, the
generally accepted variables for defining noise exposures for purposes of hearing conservation practice as
well as those for specifying noise-induced effects. An extensive literature supports this assertion. Our
recent papers support the inclusion of the statistical metric -- kurtosis.

Table 2 Inputs and outputs for the prediction models.

Inputs (independent variables) Outputs (dependent variables)

Noise metrics: Indi )
I. Weighted energy, Eul(f); ndices of trauma to the auditory

2. Kurtosis in time domain, £(¢); system . (at  specific  center
3. Probability of a transient occurring in impulse/impact noise, frequencies):

P; o
4. Kurtosis in frequency domain Af) at cf=0.5, 1, 2, 4, 8 kHz; L. Noise-induced PTS,

PTS(f) (dB) at cf = 0.5, 1,

5. Weighted energy in filtered octave bands Ey(f) at cf = 0.5, 1,
2,4, 8 kHz; 2,4,8 kHz;
6. Noise type, Nt; 2. Outer hair cell loss,
7. Impulse peak pressure, Ppea; OHC()(%) at cf=0.5, 1,
8. Impulse duration, D; 2,4,8 kHZ}
9. Impulse number, N; 3. Inner hair cell loss,
10. The energy of background noise, Ey(f); IHC(f) (Yo)at cf = 0.5, 1,
2,4, 8 kHz;
Biological input variables: 4. Permanent change in
1. Pre-exposure auditory evoked potential thresholds, PREgp(f) DPOAE, ADPOAE(f)

atcf=0.5, 1,2, 4, 8 kHz; (dB)atef=0.5,1,2, 4,3

2. Temporary threshold shift, 75(f) at c£=0.5, 1, 2, 4, 8 kHz kHz,
3. Pre-exposure cubic distortion product otoacoustic emission,
PREDPOAE(f) atcf=0.5,1,2, 4, 8§ kHz.
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Independent variables (inputs to the model):
Noise metrics (exposure parameters):

(1) Weighted energy, Ew(f): It is well accepted that energy is an important predictor for assessing
hearing hazard. Energy is the basis of the 1968 and 1990 criterion. Since hazard depends on both sound
pressure and some function of time, a time integrated exposure level was used (ISO, 1990):

1 ¢ [P(O] )
E, =10]og,0—ff%dt+1010g,0(7") (16)

0

where T is the duration of the exposure, Ty is the specified duration of the exposure in suitable units of

time, and P, is the reference rms sound pressure (re 2x107° pascals). In the equation, P, is the

instantaneous (weighted or unweighted) sound pressure in pascals. The use of "X " as a subscript in the
above refers to the weighting function that will be used: A-weighting and/or P-weighting function. A
weighting function essentially assigns factors to the various spectral components of a stimulus that are
proportional to the ability of that frequency to produce hearing loss.

A-weighting is the most commonly used function, and has been incorporated into most sound level
meters. A-weighting of steady G noise provides a good estimate of the relative hazard to hearing of the
various frequencies that compose a steady noise exposure (Mills et al., 1983). However, A-weighted
sound exposure level (SEL) will tend to overestimate the hazard from impulses with large amounts of
low-frequency energy (Patterson et al., 1993). Patterson et al., 1993 established an empirical P-weighting
function based on 475 chinchillas that were exposed to a variety of impulse noises. P-weighting provided
a more accurate assessment of the hazard from such impulses. However, since the number of animals and
exposure conditions used to derive the P-weighting function were limited, its generality could not be
confirmed. Our previous work (Patterson and Hamernik, 1992; Patterson et al., 1993) showed that the
appropriate weighting function for impulse containing noises is not a simple monotonic function, as
implied by A-weighting, but rather a more complex function at frequencies above approximately 1 kHz.

(2) Kurtosis in time domain, (f): The kurtosis is defined as the ratio of the fourth-order central
moment to the squared second-order central moment of the distribution, i.e.:

) (% _#)4
By =3— (17)
A (% _#)2

where uis mean of x4, &= 0,1,..., N. For a Gaussian distribution the kurtosis is 3. Erdreich (1986)
suggested using kurtosis to characterize impulse exposures. Most of the industrially relevant noises can
be modeled as combinations of Gaussian noise with a variety of transients mixed in. It is the transients
either impacts or noise bursts that give the noise its non-G character. The kurtosis of a sampled signal
provides information about the duration of any transients in the noise, the repetition rate of the transients,
the relative difference between peak and background levels and the peak intervals in the analysis window.
In our previous work (Hamernik et al., 2003) we found that a 40-s analysis window for kurtosis
calculation is adequate. This and other related work referenced in the above paper indicated a high
correlation between trauma and {3(t).

(3) Probability of a transient occurring in a non-Gaussian exposure, P and the peak/interval histogram:
Recent research (Hamernik et al., 2003) has shown that the probability of a transient occurring is an

17



important variable in determining trauma. This might be expected since in the limit as P goes to zero, a
non-G exposure approaches the G condition. These results also show that an asymptotic limit of cell or
hearing loss for Af)>~40 at a given Leq holds across a series of exposure conditions that had very
different peak as well as interval histograms but the same energy. This is significant because it suggests
that the temporal and peak sequencing of transients does not have an appreciable effect on indices of
trauma (at least as far as industrial noise is concerned) over a realistic, although not all inclusive, range of
these variables. Over the years a number of studies have looked separately at the effects of impact peak
SPL or at the effects of varying the inter-stimulus interval (ISI) both of which were typically held
constant in any given exposure condition. Such exposures, as far as industrial noise issues are concerned,
are rather unrealistic. So too was the omission of any background noise in the exposure paradigm. The
asymptotic behavior of the non-G exposure data in Hamernik et al., (2003) through to the pure impact
exposure end point of the exposure sequence suggests that these variables may not need to be considered
when evaluating industrial noise for hearing conservation purposes. Their contribution, as well as that of
other time related factors, is buried in the statistical metric &¥).

The probability of a transient occurring could be calculated from the joint peak-interval histogram
(Lei and Hamernik, 1998) by averaging several analysis windows.

(4) Kurtosis in frequency domain, Af): It has been generally accepted that the spectrum of the noise is
an important feature for trauma assessment (Kryter, 1970; Price 1983, 1986; Hamernik and Qiu, 2001).
Time domain kurtosis &) is not sensitive to frequency components of a non-G noise. Hamermik et al.,
(1998, 2001, 2003) found the kurtosis computed on the filtered octave band noise signal, &), was useful
in the prediction of the place-specific outer hair cell loss and PTS.

(5) Weighted energy in filtered octave bands, Ew(f): Ew(f) is an important determent of trauma. In our

research plan both &) and E(f) was used together to predict PTS, OHC/IHC loss or ADPOAE at
specific frequencies.

(6) Noise type, N7: Since the purpose of this proposal is to establish a general animal (chinchilla)
prediction model of hearing hazard for any noise environment it is important to identify the noise type
(e.g., continuous, impact, impulse, interrupted, intermittent,) before inputting independent variables into
the model. For example, it has been shown (e.g. Ward, 1991; Hamernik et al., 1994, 1998) that the
hearing hazard produced by an interrupted exposure paradigm is generally less than that produced by an
equal-energy uninterrupted exposure. This trauma reduction may also be related to the toughening
phenomenon. [Note: Noises of sufficient intensity, presented to a subject on a daily repeated cycle,
produce a threshold shift (TS) following the first day of the exposure. TSs measured on subsequent days
of the exposure sequence have been shown to decrease relative to the initial TS. This reduction of TS,
despite the continuing daily exposure has been called a cochlear toughening effect and the interrupted
exposures referred to as toughening exposures.] Whether or not toughening produces a protective effect,
i.e., less PTS from the exposure producing the toughening or from a subsequent exposure, is not entirely
clear. In the research plan some physiological phenomena, such as acoustic reflex and toughening, are
expected to be absorbed into modern statistical algorithms by supplying the noise type information to the
model.

Some noise types Nt in the database include: (1) a single short (acute) exposure (a few milli seconds
to 8 hr.) (2) different on-fractions, (3) intermittent noise (quiet intervals of a few seconds to an hour), (4)
interrupted noise (quiet intervals of several hours), (5) continuous noise (uninterrupted for up to 5 days).

(7-10) Impulse peak pressure, Ppea; Impulse duration, D, impulse number, N, and the energy of
background noise, Eu(f): Although /X¢) incorporates the variables of Py, D and N, it cannot provide any

18



specific information on these variables. It is well known that taken individually each of these variables
has an effect on the degree of trauma. Erdreich (1986) suggested using kurtosis to define an impulsive
noise environment, but he indicated that the contribution of level, spectrum and peak distribution to the
biological effect needed to also be individually evaluated. From our experience with non-G simulation,
different combinations of peak distribution, impulse duration, background noise, and probability of a
transient occurrence could produce the same kurtosis in time domain but different effects on hearing.
Therefore, variables of impulse peak pressure Ppek, impulse duration D, impulse number N and the
energy of background noise En(r) were used to  complement the kurtosis metric.

Biological input variables:

(1) Pre-exposure auditory evoked potential thresholds, PREgp: Even under the same exposure
conditions, the variability between subjects is often very large. There are a number of possible causes one
of which has been the preexposure thresholds. Since these data are readily available they were used as
inputs to the model.

(2) Temporary threshold shift, 77 Since it seemed reasonable to assume that temporary losses of
hearing were somehow related to permanent losses (Reger and Lierle, 1954), TTS experiments became
very popular in humans and other animals for a number of years. While a considerable amount has been
learned about the behavior of TTS and its relation to exposure parameters, the results have arguably had a
modest impact on our knowledge of how NIPTS accumulates over a working lifetime. Our recent work
on 900 chinchillas (Hamernik et al., 2002) showed that across audiometric test frequency, there was a
consistent relation between threshold shift (TS) and PTS of the form

PTS(dB) = a(e’"* -1) (18)
where, for a given test frequency, a (dB) and b (dB) are constants. Correlation between TS and PTS at the

various test frequencies was the highest for 7S

,p» Where TS, was measured 24 h after exposure. The

variable 7S5, was used as an additional parameter in the prediction model.

(3) Pre-exposure cubic distortion product otoacoustic emission, PREppoag. Since the source of the
emissions lies in the bidirectional transduction properties of the OHC (Brownell et al., 1985), emissions
seemed ideally suited for the early detection of noise-induced hearing loss which typically first manifests
itself in OHC changes and, in particular, the OHC cilia (Liberman and Dodds, 1984). Our previous study
showed that the distortion product emissions were more sensitive, frequency-specific indices of
noise-induced cochlear effects than pure-tone threshold measures. This was particularly evident near the
threshold for noise-induced damage to the outer hair cell system (Hamernik et al., 1996). As with
preexposure thresholds, PREppoag, which when taken into account, may be a useful in reducing
variability.

Dependent variables (outputs of the model):
(1) NIPTS at a specified frequency, PT7S(f): NIPTS is the most often used index of the effects of noise

on hearing in humans. All existing exposure criteria use PTS. In humans as well as other animals PTS is
the only available index that is routinely used to evaluate hearing loss.

(2-3) OHC and THC loss at a specified location, OHC(f), IHC(f): In animals OHC and [HC loss are
often used as an adjunct to audiometric measures which often do not correlate well with the pathology.
Often OHC loss is found when threshold measures are normal. The quantitative relation between sensory
cell loss and hearing thresholds was shown to follow a sigmoid function (Hamernik et al., 1989):

19



[C—PTS) -l
OHC % loss =100 1 +e* 8 (19)

where, B (dB) and C (dB) are empirically determined, frequency dependent constants. Although
correlations were high, variability was large. IHC loss/PTS followed a similar relation but with poorer
correlations. It is clear that the relation between PTS and OHC/IHC loss (%) is nonlinear. Kraak (1981)
indicated, “as a result of exposure of the hearing organ to noise, hair cell damage may occur without the
influence on hearing being measurable. In further exposure, the damage will accumulate and finally result
in impairment of hearing”. Sensory cell loss provides an alternative index of noise-induced effects.

(4) Permanent change of DPOAE at a specified frequency, ADPOAE(f): Since the effects of noise
are usually first detected in the OHCs and the OHCs are generally considered to be the source of the
DPOAESs, permanent change of DPOAE was used as another index of NIPTS. ADPOAE is defined as the
difference between the frequency specific pre-exposure DPOAE and the 30d post-exposure DPOAE at
the primary frequency level of L;=1;=70 dB. Data are available for other primary levels. A justification
based on current literature can be made for the choice of 70 dB.

(b) Database organization:

For the past 25 years all the variables shown in Table 3 have been systematically archived. The
database contains audiometric, otoacoustic emission and histological data for each animal exposed to
a specific noise. All the data for each animal in the database is complete. Two individuals, prior to
archiving, checked each data point. Most of these data have appeared in our published papers and
reports. With Microsoft’s Access all the required information can be extracted, i.e., biological input
data (Ba, Bs, PREgp, TS and PREpposg) and indices of trauma to the auditory system at specified
frequencies (P7S, OHC and ADPOAE).

All exposure noises were recorded and digitized by computer. One of the first tasks was to
analyze all the exposure noises using the digitized recorded data sets. A program was written to
analyze noises using the Matlab platform. All the noise metrics listed in Table 3 were computed and
input into the database.

Since some noise metrics, for example Ppeax, D, N, P, and Ey(t) are specific for non-G exposures,
the model must first categorize the exposure as either G or non-G. Kurtosis in time domain, &¥), was
used to determine the nature of the exposure. The kurtosis of Gaussian steady noise is equal to 3. The

non-G charater of the noise increases as /) increases. If A(r)<3.5 the noise was classified as

steady G noise and all variables related to non-G noise was set to zero. Thus for Gaussian noise only
weighted energy Ew(f) and weighted energy in filtered octave bands Ey(f) were used as noise metrics.
This is equivalent to the traditional prediction models such as ISO 1999. Note industrial noise is not
typically Gaussian.

(c) Frequency considerations in the prediction model:

Since thresholds and otoacoustic emissions are measured at multiple frequencies and OHC/IHC
loss is evaluated at multiple locations that are eventually transformed to corresponding frequencies
(Eldredge et al., 1981), NIHL must be evaluated in a frequency specific manner. This makes it
necessary to account for possible correlation between contiguous frequency bands. Two frequency
specific prediction models were considered:
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(1) Specific frequency model (SF model): Five frequencies were considered (cf = 0.5, 1, 2, 4, 8 kHz).
That is, a prediction model was built for each specified frequency. Hence, there were five
prediction models each one good only for the specified frequency.

(i) Wide band frequency model (WF model): In the SF model the correlation between different
frequency bands, especially between contiguous frequency bands is not considered. In the WF
prediction model / contiguous frequency band information on both sides of a specified frequency
band was added to the input layer. For example, if 1 kHz is selected for an estimate of its indices
of trauma and /=1, in the input layer, then the frequency kurtosis, energy spectra, initial AEP
thresholds, etc. at cf = 0.5 and 2 kHz were also input. We will initially set /=1 since in many cases
of NIHL, the most severe loss is often confined to three octaves. The average of / contiguous
points (including the selected cf) will be used as the specified frequency-related inputs and outputs.
At extreme points (i.e. 0.5kHz and 8 kHz) only the right or left frequency band will be added to
the input layer.

(d) Model validation and the performance metric:

The rational for the 2/3-1/3 data splitting for training and verification respectively is that for
statistical purposes the more data points used to train the model the better performance will be. To
evaluate the model performance fairly, data for verification cannot be used in training. On the other
hand, to get a good assessment on the performance of the model, more data points are needed as well.
A trade off must be made to split the database reasonably. The 2/3 and 1/3 splitting, while arbitrary, is
reasonable.

The metric used to evaluate the performance of the prediction models is clearly some measure of
the accuracy of prediction. The error rate for each output at a specified center frequency was
calculated. An average error rate over all 5-frequency bands was then obtained for each dependent
variable.

Means and standard deviations for values of PTS, OHC, IHC loss and ADPOAE (dependent
variables) for each exposure group are calculated separately and form the target values for the
prediction model. The outputs of the trained prediction model for each animal in the verification set
was compared to the corresponding group mean and s.d. of the dependent variables from the group to
which the verifying animal belongs. If the output value is located in the range, mean+ 1s.d., the
predicted value was considered correct.

To formularize the error rate the following symbols are introduced:
Y, the values of outputs, i = 1,2,3,4 and j = 1,2,.., 5.

The output of the prediction model was four frequency-specific metrics that define hearing
loss i.e. noise-induced permanent threshold shift [P7S(f)] at each of five audiometric test
frequencies (0.5, 1.0, 2.0,4.0, and 8.0 kHz), outer hair cell loss OHC(f) and inner hair cell
loss JHC(f) in the octave band lengths of the cochlea centered on the audiometric test
frequencies, and the permanent change in the cubic distortion product otoacoustic emissions
ADPOAE(f) at c£= 0.5, 1, 2, 4, 8 kHz. The subscript of / indicates the type of output, i.e. ¥,
= PTS;; Y = OHC;; Y3 = IHC; and Yy = ADPOAE,. The subscript j indicates the specific
center frequency (cf) of the octave band being considered, i.e. j = 1 to 5 corresponds to cf =
0.5,1,2, 4, or 8 kHz.

N,: The total number of the animals in the verification group.
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r(Yy): indicates the error rate value, of ith output at jth center frequency for Yj;. The subscript /
is an indicator of the animal number being used for verification, /=1,2,..., N,.

ri:  the error rate for the four outputs i = 1, 2, 3, 4, i.e., »= error rate for PTS, », = error rate for
OHC, r3 = error rate for IHC and 74 = error rate for ADPOAE.

[ weighting coefficients for each of the four outputs. /=1, 2, 3, 4. The weighting coefficients
are arbitrarily selected based on an inferred relative importance of the four output variables.
A number of factors must be or can be considered in setting the weights. For example
consider the following: (1) PTS is the generally accepted index of the effects of noise on
hearing and might be considered the most important of the output variables. All existing
criteria relate exposure conditions to PTS in humans. With this consideration in mind PTS
might be given a strong weighting. (2) However, since PTS is often not a good index of
pathology other indices of trauma have been sought. Thus, the inclusion of the DPOAE as
another dependent variable but one that might be deemphasized in computing an error when
the emphasis is on PTS. (3) Damage to the OHC system is the first indicator of noise trauma.
This damage is not always reflected in PTS. The OHCs are the source of DPOAEs thus the
latter may be more diagnostic of noise-induced change and might be given a higher weight.
IHC loss is typically the least predictable of the output variables and in most situations
might be heavily deemphasized. The predictive accuracy of the model can be shifted by the
weighting factors dependent on the specific issue or set of issues under consideration.

Since the PTS is the most popular index used for hearing hazard, it was initially given the
largest weighting followed by, OHC loss, ADPOAE and IHC loss.

R: the grand prediction error rate.

The error value for a given output at a specified frequency was defined in a binary manner; i.e.,
if the predicted value is located in the range of mean+ 1s.d., the prediction error is 0. Otherwise the
prediction error will be 1:

)= {0,(meansg -1s.d) < ¥; <(meang, +1s.d.)

. i=123,4and j=123,45 (20)
1, otherwise

where meany, is the specific group mean to which the analyzed animal belongs. The error rate for
each output r; can be expressed as:

1< .
V.=§Z{ZF/(YU)/NVJ i=12,3,4 (21)
J=1L1=1

The grand prediction error rate for the model will be:

1 4
R=72, (22)

i=)

The smaller the R (0 < R <1), the better the performance of the model.

1V. Mode] Structure

(1) Sample number and exposure conditions:
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A total 900 chinchillas, exposed under more than 130 noise environments were used to build the
statistical prediction models. Among them, 578 were exposed to high level impulse noise
transients, 322 were exposed to a variety of complex noises.

There are two different types of noise:

1. High level (peak>140dB) impulse noise transients with short duration, which typically

occur in military environments;

2. low and medium level (peak<140dB) complex long term noise exposures (Gaussian or

non-Gaussian), typical of industrial environments.

Two prediction models were designed for these two types of noise exposures. Table 3 lists the
inputs and outputs variables for high level impulse noise. Table 4 indicates the inputs and outputs
variables for complex noise.

Table

3. Input and output variables for high level impulse

Inputs (independent variables)

Outputs (dependent variables)

Noise metrics:

1.
2.

N W

Weighted energy, Eu(f);

Weighted energy in filtered octave bands Ey(f) at cf =
0.5,1, 2,4, 8 kHz;

Impulse peak pressure, Ppeax;

Impulse duration, D;

Impulse rate, R;

Impulse number, N;

Pre-exposure auditory evoked potential thresholds,
PREg(f) at £ = 0.5, 1, 2, 4, 8 kHz;

Indices of trauma to the auditory system
(at specific center frequencies):

1. Noise-induced PTS, PTS(f) (dB)
atcf=0.5,1, 2, 4, 8 kHz;

2. Outer hair cell loss, OHC(#)(%)
atcf=0.51,2, 4, 8 kHz;

3. Inner hair cell loss, IHC(f) (%)at
cf=0.5,1, 2,4, 8 kHz;

Table 4: Input and output variables for complex noise

Inputs (independent variables)

Outputs (dependent variables)

Noise metrics:

I.

2.
3.
4

Weighted energy, Ew(1);

Kurtosis in time domain, 3(f);

Probability of a transient occurring, P;

Kurtosis in frequency domain Af) at ¢f = 0.5, 1, 2, 4,
8 kHz;

Weighted energy in filtered octave bands E\(f) at cf =
0.5,1,2,4, 8 kHz;

The energy of background noise, Ey(?);

Pre-exposure auditory evoked potential thresholds,
PREgp(f) at cf=0.5, 1, 2, 4, 8 kHz;

Threshold shift, 7S(f) at cf = 0.5, 1, 2, 4, 8 kHz
Pre-exposure cubic distortion product otoacoustic
emission, PREppoac(f) 2t cf=10.5, 1, 2, 4, 8 kHz.

Indices of trauma to the auditory system
(at specific center frequencies):

1. Noise-induced PTS, PTS(Y) (dB)
atcf=0.5,1, 2,4, 8 kHz;

2. Outer hair cell loss, OHC(f)(%)
atef=0.5,1, 2, 4, 8 kHz;

3. Inner hair cell loss, JHC(f) (%)at
cf=0.5,1, 2, 4, 8 kHz;

4. Permanent change in DPOAE,
ADPOAE(f) (dB) at cf=0.5, 1,
2,4, 8 kHz.
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(2) Data partition methods

The samples from different groups were divided into training, validation and testing sets through two
partition methods.

Method 1: Specific model

Considering that all the data sets from different types of noise, the database is stratified according to
exposure noises before sampling to make sure that the samples from different types of noise are allocated
to both training and test data sets more or less equally.

Method 2: Universal model
The fact that all available training data are collected under different exposure conditions is neglected.
The samples from different groups are divided into 4 disjoint sample sets of equal size,

z,,z,,2;,2,, randomly, without taking into account different exposure groups.

(3) Model selection
Two model selection methods were considered:

(i) The models with the best average performance over the five octave frequency bands was chosen.
Therefore, for one particular type of prediction model, only one model was chosen.

(ii) Octave bands based model selection: The models was chosen according to the performance in each
octave frequency band, the model with the best performance for one particular octave frequency band was
chosen, as a result, there might be up to 5 different models chosen for one particular type of prediction
model.

(4) Model structure design
(a) MLP neural network model selection
1. Preprocessing and postprocessing

Neural network training can be made more efficient if certain preprocessing steps are performed on
the network inputs and outputs. It is useful to scale the inputs and outputs before training, such that they
always fall within a specified range. A nonlinear tan-sigmoid was chosen as the activation function of the
neural networks, which generates an output in the range of [-1,1], the preprocessing method that scales
the inputs and outputs of the neural networks into the range [-1, 1] was deployed. It should be noted,
whenever the trained network is used with new inputs, they should be preprocessed with the same
minimum and maximums which were computed for the training set, and the outputs of the neural
networks should be postprocessed to covert back to their original units.

2. Hidden layers

In our modeling efforts we tried MLP structures with one and two hidden layers. Table 5 shows the
performance comparison of MLP with two structures.
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Table 5 Percent of prediction accuracy for IHC Joss using the MLP, partition method 1.

Prediction Accuracy for IHC loss (percent)

Frequency 0.5kHz | 1kHz | 2kHz | 4kHz | 8kHz | Average | No. of neuron @ each layer
MLP (1hid 1 output) 90.05 | 82.20 | 82.41 | 91.50 | 86.96 | 86.62 20

MLP (2hid 1 output) 92.23 | 70.41 | 82.19| 95.44 | 88.40 | 85.73 20 30

MLP (2hid 3 outputs) | 86.67 | 88.07 | 91.09 | 91.91 | 95.55 | 90.66 30 20

MLP (1hid 3 outputs) | 90.56 | 78.30 | 88.21 | 97.30 | 93.88 | 89.65 30

Prediction Accuracy for OHC loss (percent)
Frequency 0.5kHz | 1kHz | 2kHz | 4kHz | 8kHz | Average
MLP (1hid 1 output) 92.24 | 79.82|78.27 | 95.03 | 92.13 | 87.50 25
MLP (2hid 1 output) 90.60 | 94.62 | 82.94 | 94.41 | 89.45 | 90.40 1020
MLP (2hid 3 outputs) | 91.82 | 79.61 | 84.47 | 94.61 | 92.66 | 88.63 30 30
MLP (1hid 3 outputs) | 94.93 | 78.48 | 83.88 | 95.03 | 90.27 | 88.52 30

- Prediction Accuracy for PTS (percent)
Frequency 0.5kHz | 1kHz | 2kHz | 4kHz | 8kHz | Average
MLP (1hid 1 output) 95.85 |[91.22|91.31 | 87.07 | 89.76 | 91.04 20
MLP (2hid 1 output) 91.82 | 87.29 | 88.94 | 93.81|93.49 | 91.07 3020
MLP (2hid 3 outputs) | 92.54 | 96.06 | 88.21 | 94.31 | 92.34 | 92.69 2020
MLP (1hid 3 outputs) | 91.00 | 94.61 | 88.61 | 94.20 | 92.14 | 92.11 30

It was found that the performance of the structure with two layers was not significantly better than
the one with one layer, which means a single hidden layer is sufficient for a multilayer network to
approximate any function of interest to any degree of accuracy, provided sufficiently many hidden units
are available. Thus, one hidden layer neural network with three outputs of MLP was chosen as the basic
models structure.

3. Initializing weights and bias

Before training a neural network, the weights and biases need to be initialized. The initialization
methods were chosen depending on the structure of the network. For the layer with a linear transfer
function, the weights are initialized to random values between -1 and 1. For the layer with a nonlinear
transfer function, an initialization method based on the technique of Nguyen and Widrow (was used. It
generates initial weight and bias values for a layer such that the active regions of the layet’s neurons will
be distributed roughly evenly over the input space. Comparing with the pure random weights, this
technique has several advantages: a) few neurons are wasted, since the active regions of all the neurons
are in the input space; b) training works faster, since each area of the input space has active neuron
regions.

4. Training algorithm

The network was read for training after the initialization. The Levenberg-Marquardt algorithm
(Hagan et al., 1996; Scales, 1985) was selected as the training algorithm for the proposed MLP network
due to its fast convergence and accurate training ability for networks containing up to a few hundred

weights. The detailed training algorithm is not given here, the interested readers may refer to the
corresponding references.

5. Generalization
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One of the problems that occur during neural network training is overfitting. The error on the
training set is driven to a very small value, but when new data is presented to the network, the error is
large. The network has memorized the training examples, but it has not learned to generalize to new
situations. In order to improve generalization, an early stopping method was used. In this technique, the
available data is divided into training, validation and testing sets. The training set was used to compute
the gradient and updating the network weights and biases. The error on the validation set is monitored
during the training process. The validation error will normally decrease during early phase of training, as
does the training error, however, when the network begins to overfit the data, the error on the validation
set will typically begin to rise. The training is stopped when the validation error increases for a specified
number of iterations, and the weights and biases obtained at the minimum validation error are returned.

6. Complexity of network

Usually, the larger a network is used, the more complex the functions that the network can create. A
smaller network may be less likely to learn the noises in the training data, and may generalize better to
new data. To obtain a network with minimum size while maintaining good performance, the method of
network growing was used. A network with small number of perceptrons is used first, and new
perceptrons are added until the performance of the network deteriorates. The network with the best
performance was chosen.

(b) RBF regression networks model selection
1. Preprocessing and postprocessing

The preprocessing and postprocessing of the inputs and output in the construction and testing of
RBFNN are the same as the ones used in neural network.

2. Weights and other parameter setting

The weights of the RBF were determined according to the training data, as described in the
RBFNN model structure section. The parameter SPREAD was used to calculate the value of the bias. The
value of SPREAD should be large enough that neurons respond strongly to overlapping regions of the
input space. This will make the network function smoother and results in better generalization for new
input vectors occurring between input vectors used for constructing the network. The SPREAD is set
through iteration: first setting a small value for SPREAD and then increasing the value by a step size in
each iteration until the performance deteriorates.

(c) LS-SVM model selection
1. Preprocessing and postprocessing

The inputs and outputs of the LS-SVM model are normalized such that they have zero mean and unity
standard deviation, and the outputs of the model are converted back to their original units when new input
data is applied to the trained LSSVM model.

2. Parameter tuning

As an RBF kernel is selected, two parameters (y,o) need to be tuned: y is the regulation

parameter, determining the trade-off between the fitting error minimization and smoothness of the
estimation function, and o is the kernel function parameter. One way to infer the values of the two
parameters is through Bayesian inference LS-SVM function estimator (regressor) with several levels of
inference (Suykens et al., 2002), which takes probabilistic interpretations of the network outputs and
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determines the tuning parameters (hyperparamters) automatically. Basically, the Bayesian inference has
three levels of inference, the first level is used for predicting mean and error bars through probabilistic
interpretation of the LS-SVM regressors. In level two, the hyperparameters (in this case, it is the

regulation parameter y) are determined and kernel parameters (in this case, it is the RBF kernel function

parameter ¢ ) are determined in level three. However, this method did not achieve the best performance
after testing the models using current data. As a result, this method was not used for the final model
selection. Another possible way was through iteration. Though the best performance could not be
achieved through Bayesian inference, the tuning parameters obtained from it could be used as the
reference values for other algorithms. Taking into account the results returned from Bayesian inference

and the testing results, the regulation parameter y was set to 10, and the RBF kernel function parameter

o was determined according to the structure and performance of the model.
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V. Numerical Results

Part I: Complex noise induced hearing Joss models

Total 322 animals exposed under 30 complex noise conditions were used to build the three statistical
prediction models mentioned above. Since all exposures were 5-day continuous noise exposures,

asymptotic threshold shift A7S(f) was used as an input instead of 7S(/).

(1) Energy only versus energy plus kurtosis

To demonstrate the value of kurtosis as a new effective metric for estimating NIHL from complex

industrial noise environments, two inputs strategies for the three models were used as listed in Table I-1.

Table I-1 Energy only and energy plus kurtosis inputs

Inputs (independent variables)

Outputs (dependent variables)

Energy only:
1. Weighted energy, E.(f);
2. Weighted energy in filtered octave bands Ey(f) at cf = 0.5,
1, 2, 4, 8 kHz;
3. Pre-exposure auditory evoked potential thresholds, PREgp(f)

atcf=0.5,1, 2, 4, 8 kHz

Energy plus kurtosis:

1.
2.

Weighted energy, Eu(f);

Weighted energy in filtered octave bands Ey(f) at cf = 0.5,
1,2, 4, 8 kHz;

Kurtosis in time domain, §(¢);

Kurtosis in frequency domain &f) at cf= 0.5, 1, 2, 4, 8 kHz;
Pre-exposure auditory evoked potential thresholds, PREgp(f)
atcf=0.5, 1, 2, 4, 8 kHz;

Indices of trauma to the auditory
system  (at  specific  center
frequencies):

1. Noise-induced PTS, P7S(f)
(dB)atcf=10.5,1,2,4,8
kHz;

2. Outer hair cell loss,
OHC(f)(%) at cf=0.5, 1,
2,4, 8 kHz;

3. Inner hair cell loss, THC(f)
(Yo)at cf =05, 1, 2, 4, 8
kHz;

The performance of three models for energy only and energy plus kurtosis is listed in Table 1-2.
We used the improvement in the percent of error rate to evaluate the improvement in the performance
between algorithm 1 and algorithm 2 as described below:

_En-Ep %)
Ey

Pl

(23)

where PI is the improvement in the percent of error rate, and E£a and Ea; are the error rates from
algorithm 1 and algorithm 2, respectively. For example: if the error rate from algorithm 1 is 0.1 and
error rate from algorithm 2 is 0.06, the P/=40%, it can be said that the performance of algorithm 2
was improved by 40% compared to algorithm 1.
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Table I-2(al) Prediction accuracy in percent for IHC loss using three models and two partition
methods.

Frequency | 0.5kHz | lkHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP Energy only 83.50 82.08 78.16 88.07 64.82 79.33 1
MLP E plus B 84.34 8426 |[89.02 |92.97 |92.77 88.67 1
MLP Energy only 90.63 8531 |75.63 | 8281 |62.19 |[79.31 2
MLP E plus B 98.44 78.13 | 82.50 | 87.81 | 90.31 87.44 2
RBF Energy only 83.12 8342 | 82.50 |79.09 |73.19 |80.26 1
RBF E plus B 92.96 90.46 |91.61 88.92 |89.96 |90.78 1
RBF Energy only 82.50 84.38 | 80.31 82.19 | 72.50 80.38 2
RBF E plus B 93.44 88.13 | 94.06 [90.94 |[89.69 |91.25 2
SVM Energy only 83.02 78.36 | 78.87 |80.12 | 74.31 78.94 1
SVME plus B 87.99 85.19 |[86.43 |90.16 |90.47 88.05 1
SVM Energy only 82.81 80.00 |76.56 |80.63 |7594 |79.19 2
SVM E plus B 91.25 8438 |86.25 |93.44 |9250 |89.56 2

Table 1-2(a2) Performance improvement in percent for IHC loss (E plus B vs Energy only)
Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP 509 12.17| 49.73| 41.07| 79.45 4519 | 1
MLP 83.35| -48.88| 28.19| 29.09| 74.37 39.29 | 2
RBF 5829 | 4246 | 52.06| 47.01 62.55 53291
RBF 62.51| 2401 | 69.83| 49.13 62.51 5540 |2
SVM 2927 | 31.56| 35.78| 50.50| 62.90 4326 | 1
SVM 49.10 | 2190 | 41.34| 66.13 68.83 49.83 | 2

Table 1-2(al) shows the prediction accuracy for IHC loss using three models and two partition
methods. It is clear that if the kurtosis is used as an additional metric the average prediction accuracy
could be as high as 91% using RBF model. Table I-2(a2) gives the performance improvement percent
for IHC loss with energy only and with energy plus kurtosis. It shows that the model with energy plus
kurtosis improved the prediction performance significantly. The average performance improvement
percents range from 39% to 55%. The RBF model with energy plus kurtosis has the best average
performance for IHC loss prediction. It is interesting to note that the prediction accuracy (or the error
rate) at 8 kHz got the most improvement if the kurtosis metric was combined into the prediction
models.
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Table I-2(b) Prediction accuracy in percent for OHC loss using three models with different partitions.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP Energy only 85.73 84.70 | 73.40 |84.78 |79.21 81.56 1
MLP E plus 97.61 76.23 | 81.78 | 89.65 | 83.04 85.66 1
MLP Energy only 77.50 7437 | 68.13 |82.81 |60.94 |72.75 2
MLP E plus B 93.75 79.38 | 83.75 |[85.63 | 87.81 86.06 2
RBF Energy only 85.70 80.54 | 7630 |78.77 |67.39 77.74 1
RBF E plus B 94.81 91.61 | 9482 |[95.13 |86.54 |92.59 1
RBF Energy only 83.44 79.69 | 75.63 |76.88 |68.13 76.75 2
RBF E plus B 93.44 87.81 |91.88 |94.38 | 80.00 89.50 2
SVM Energy only 84.46 78.80 | 7826 |76.82 |67.90 |77.25 1
SVME plus 8 94.61 90.90 |89.55 |92.14 |88.42 |[91.12 1
SVM Energy only 84.38 77.50 | 77.81 | 7594 |64.06 |7594 2
SVM E plus 8 94.69 90.00 |90.31 |92.19 |90.62 |91.56 2

Table I-2(b2) Performance improvement in percent for OHC loss (E plus B vs Energy only).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP 83.25| -55.36| 31.50| 32.00 18.42 2223 11
MLP 7222 | 19.55| 4901 | 16.40| 68.79 48.84 | 2
RBF 63.71 | 56.89| 78.14| 77.06| 58.72 66.71 | |
RBF 60.39| 3998 | 66.68| 75.69| 37.25 54.84 | 2
SVM 65.32| 57.08| 51.93| 66.09| 63.93 60.97 | 1
SVM 66.01 | 55.56| 56.33| 67.54| 73.90 64.92 | 2

Table I-2(bl) shows the prediction accuracy for OHC loss using three models with different
partition methods. It is clear that if the kurtosis is used as an additional metric the average prediction
accuracy could be as high as 92% using RBF model. Table I-2(b2) gives the performance
improvement percent for OHC loss with energy only and with energy plus kurtosis. It shows that the
model with energy plus kurtosis improved the prediction performance significantly. The average
performance improvement percents range from 22% to 66%. Both RBF and SVM models with
energy plus kurtosis have very good average performance for OHC loss prediction.
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Table I-2(c) Prediction accuracy in percent for PTS using the three models with different partitions.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz 8kHz Average | Partition
Model method
MLP Energy only 82.42 9224 | 73.72 86.55 75.78 82.14 |
MLP E plus 3 94.21 83.86 91.20 88.92 | 88.82 89.40 1
MLP Energy only 75.94 86.88 78.13 86.25 67.50 78.94 2
MLP E plus B 88.75 92.50 91.25 95.00 92.19 91.94 2
RBF Energy only 87.27 |87.06 |81.68 |78.87 |69.26 | 80.83 1
RBF E plus B 90.17 19399 |93.69 |94.30 |89.44 |9232 1
RBF Energy only 88.44 | 86.25 |84.38 |83.13 |7438 |8331 2
RBF E plus B 94.69 96.56 | 95.63 93.13 85.00 93.00 2
SVM Energy only | 84.48 |88.94 [80.13 [82.82 [71.12 [8150 |1
SVME plus B 93.17 93.27 88.40 |90.58 |91.10 91.30 I
SVM Energy only 86.25 91.25 80.63 81.25 | 71.25 82.13 2
SVM E plus 3 95.63 95.00 89.06 89.38 86.56 91.13 2
Table I-2(c2) Performance improvement in percent for PTS (E plus B vs Energy only).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 67.06 | -107.99 | 66.51 | 17.62| 53.84 40.65 | 1
MLP 53.24 | 42.84| 59.99| 63.64| 7597 61.73 |2
RBF 22.78 53.55 65.56 73.02 65.65 5994 |1
RBF 54.07 74.98 72.02 59.28 41.45 58.06 |2
SVM 55.99 39.15 41.62 | 45.17 69.18 5297 |1
SVM 68.22 42.86 43.52 | 43.36 53.25 5036 |2

Table 1-2(c1) shows the prediction accuracy for PTS using three models with two partition
methods. [t is clear that if the kurtosis is used as an additional metric the average prediction accuracy
could be as high as 93% using RBF model. Table I-2(c2) gives the performance improvement percent
for PTS with energy only and with energy plus kurtosis. It shows that the model with energy plus
kurtosis improved the prediction performance significantly. The average performance improvement
percents range from 40% to 61%. The RBF model with energy plus kurtosis has the best average
performance for PTS prediction. As seen previously, the prediction accuracy (or the error rate) at 8
kHz improved the most if the kurtosis metric was entered into the prediction models.

Conclusion:

1. Energy alone is not a sufficient metric to predict complex noise induced hearing hazard. Kurtosis
is a complementary metric. With the kurtosis metric performance of the prediction models is
improved as much as 66%, a significant improvement.

2. While three models show good performance for IHC, OHC and PTS prediction, the RBF has the
best average performance, the performance of the SVM model is quite close to the RBF and the
MLP model is the weakest.
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(2) ATS as one of the inputs to the prediction models

It is arguable whether TTS or ATS is a good indicator of PTS (Hamernik and Ahroon, 1998).

For the 5-day continuous exposures only ATS was measured. To demonstrate the contribution of
ATS to the performance of the prediction models, two sets of inputs were chosen to test the
prediction models. One set includes all 8 possible variables listed in Table I-3 (denoted as ‘All’),
and the other set included all variables except ATS (denoted as “All but ATS”). The performance of
the prediction models was evaluated in terms of the average percent predicted accuracy of IHC loss,
OHC loss, PTS and change of DPOAE respectively, and is shown in Table [-4.

Table 1-3:

Input and output variables used in the models for complex noise prediction performance.

Inputs (independent variables)

Outputs (dependent variables)

2.
3.
4

Noise metrics:
1.

Weighted energy, En(?);

Kurtosis in fime domain, f(¥);

Probability of a transient occurring, P;

Kurtosis in frequency domain Zf) at cf = 0.5, 1,
2,4, 8 kHz;

Weighted energy in filtered octave bands E\(f) at
cf=0.5,1,2,4, 8 kHz;

The energy of background noise, Ey(f);
Pre-exposure  auditory  evoked  potential
thresholds, PREgp(f) at cf=0.5, 1, 2, 4, 8 kHz;
Asymptotic threshold shift, ATS(f) at cf = 0.5, 1,
2,4, 8 kHz

Indices of trauma to the auditory system
(at specific center frequencies):

1. Noise-induced PTS, PTS(f) (dB)
atcf=0.5,1, 2, 4, 8 kHz;

2. Outer hair cell loss, OHC(f}(%)
atcf=0.5,1, 2, 4, 8 kHz;

3. Inner hair cell loss, JHC(f) (%)at
cf=0.5,1,2,4, 8kHz;
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Table 1-4(al) Comparison of prediction accuracy in percent for IHC loss using the three models
with/without ATS input.

Frequency | 0.5kHz | 1kHz 2kHz | 4kHz 8kHz Average | Partition
Model method
MLP All 88.82 82.40 | 88.19 | 82.11 95.24 87.35 1
MLP All but AST 90.56 78.30 | 88.21 |97.30 | 93.88 89.65 1
MLP All 86.88 79.38 | 89.06 | 89.38 | 86.56 86.25 2
MLP All but AST 90.00 86.25 | 80.00 |96.56 |[91.25 88.81 2
RBF All 95.24 89.02 |90.36 |90.69 |88.71 90.81 1
RBF All but AST 95.86 91.61 |92.55 |87.68 |91.10 91.76 1
RBF All 90.94 88.44 | 88.75 |89.69 | 87.50 89.06 2
RBF All but AST 90.94 89.69 |90.63 |90.00 | 89.38 90.13 2
SVM All 87.36 84.36 |86.02 |91.10 | 92.66 88.30 1
SVM All but AST 89.64 86.65 | 88.19 |91.83 |93.28 89.92 1
SVM All 91.56 85.00 |8500 |91.88 |88.44 88.38 2
SVM All but AST 85.94 85.00 |84.38 [92.50 |92.81 88.13 2

Table [-4(a2) Performance improvement in percent for IHC loss (All but ATS vs All).
Frequency |0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 15.56 | -23.30 0.17| 8491 | -28.57 18.18 | 1
MLP 23.78 | 3332 | -82.82| 67.61 34.90 18.62 | 2
RBF 13.03 | 23.59| 2272| -32.33 21.17 10.34 | 1
RBF 0.00 | 10.81 16.71 3.01 15.04 9.78 | 2
SVM 18.04 | 14.64 | 15.52 8.20 8.45 13.85 | 1
SVM -66.59 0.00 -4.13 7.64 37.80 21512

Table I-4(al) shows the prediction accuracy for IHC loss using the three models with and without
ATS. Table I-4(a2) gives the performance percent improvement for IHC loss with “All but ATS” and
“All” input systems. As shown in the above tables in some frequency bands using the ATS as an
additional input did yield better performance (such as the MLP model at 2 kHz with partition method 2),
the average performance improvement for [HC loss prediction using “All but ATS” is better than that of
using All, which means that the role of ATS in the [HC loss prediction models is not important. The RBF
model with “All but ATS” has the best average performance for IHC loss prediction, though it only beat
SVM and MLP models by 2~3%.
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Table I-4(bl) Comparison of prediction accuracy in percent for OHC loss using the three models
with/without ATS input.

Frequency | 0.5kHz | 1kHz 2kHz | 4kHz 8kHz Average | Partition
Model method
MLP All 88.11 81.68 |76.94 |81.69 |91.64 84.01 1
MLP All but AST 94.93 78.48 | 83.88 [95.03 |90.27 88.52 1
MLP All 91.25 83.75 | 85.31 84.06 | 83.44 85.56 2
MLP All but AST 87.19 82.50 |80.00 |93.75 |85.63 85.81 2
RBF All 95.77 89.76 | 93.48 |94.11 84.57 91.54 1
RBF All but AST 96.37 90.99 |[95.44 |93.79 | 86.25 92.69 2
RBF All 95.94 8625 |88.75 19250 |83.13 89.31 1
RBF All but AST 96.25 87.50 19469 |9438 | §82.19 91.00 2
SVM All 93.28 89.22 | 86.64 |87.79 |84.47 88.28 1
SVM All but AST 95.03 90.48 |92.86 |91.00 |88.51 91.57 1
SVM All 91.56 86.88 | 8594 |90.00 | 85.63 88.00 2
SVM All but AST 92.81 89.69 |90.00 |[94.69 |90.31 91.50 2

Table I-4(b2) Performance improvement in percent for OHC loss (All but ATS vs All).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Maodel method
MLP 5736 | -17.47| 30.10| 72.86| -16.39 28211
MLP -46.40 | -7.69| -36.15| 60.79| 13.22 1.73 | 2
RBF 1418 | 12.01| 30.06 | -5.43 10.89 13.59 | 1
RBF 7.64 9.09| 52.80| 25.07 -5.57 15.81 | 2
SVM 26.04 11.69 | 46.56 26.29 26.01 28.07 | 1
SVM 1481 | 21.42| 28.88 | 4690 | 32.57 29.17 | 2

Table I-4(b1) shows the prediction accuracy of OHC loss using the three models with and without
ATS. Table 1-4(b2) gives the performance percent improvement for OHC loss with “All but ATS” and
“All” input systems. As shows in the above tables the performance percent improvement in Table -4(b2)
is mixed with positive and negative changes in various frequency bands, the average performance
improvement for OHC loss prediction using “All but ATS” is basically better than that of using “All”
inputs, which means the role of ATS in the OHC loss prediction models is not important. The
performance of the RBF and SVM models with “All but ATS” are very close, while the average
performance of the MLP model is lower than the SVM and RBF models by 4% to 7%.
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Table 1-4(cl) Comparison of prediction accuracy in percent for PTS using the three models
with/without ATS input.

Frequency | 0.5kHz | lkHz |2kHz | 4kHz 8kHz Average | Partition

Model method
MLP All 87.46 87.67 |79.92 | 89.45 93.59 87.62 1
MLP All but AST 91.00 94.61 88.61 94.20 92.14 92.11 1
MLP All 90.00 7938 |90.94 | 8844 88.75 87.50 2
MLP All but AST 89.38 95.00 80.94 |[91.88 90.00 89.44 2
RBF All 94.52 94.31 93.69 |95.24 88.51 93.25 1
RBF All but AST 95.65 95.34 |[9431 96.17 89.54 94.20 1
RBF All 94.69 90.94 [91.25 |95.63 88.75 92.25 2
RBF All but AST 96.25 92.81 92.50 | 96.88 82.81 92.25 2
SVM All 89.75 89.95 86.23 86.86 90.59 88.68 I
SVM All but AST 93.99 95.55 88.10 |93.07 |91.82 92.51 1
SVM All 90.00 88.75 86.25 90.31 85.63 88.19 2
SVM All but AST 95.00 98.13 87.19 | 91.88 88.75 92.19 2

Table 1-4(c2) Performance improvement in percent for PTS (All but ATS vs All).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition

Model method
MLP 28.23 56.29 | 4328 | 45.02| -22.62 36.27 |1
MLP -6.20 | 75.75|-110.38 | 29.76 11.11 15.52 (2
RBF 20.62 18.10 9.83 19.54 8.96 14.07 | 1
RBF 29.38 | 20.64 1429 | 28.60 | -52.80 0.00 | 2
SVM 4137 | 55.72 13.58 | 47.26 13.07 33.83 |1
SVM 50.00 | 83.38 6.84 | 16.20 21.71 33.87 |2

Table I-4(cl) shows the prediction accuracy for PTS using the three models with and without ATS.
Table I-4(c2) gives the performance improvement percent for PTS with “All but ATS” and “All” input
systems. As shown in the above tables in some frequency bands using the ATS as an additional input did
yield better performance (such as the MLP model at 2 kHz with partition method 2), the average
performance improvement for IHC loss prediction using “All but ATS” is better than that of using All,
which means that the role of ATS in the PTS prediction models is not important. The performance of the
models was close while the RBF model is a little bit better than the other two models.

Conclusion: The inclusion of ATS in the models does not improve the performance of the prediction
models. The average performance of the three models without an ATS input, either by partition method 1
or 2, is better than that of the models with ATS input. Thus ATS will not be used as an input for the
subsequent prediction models.
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(3) Wide frequency and specific frequency model comparison

Since thresholds and otoacoustic emissions are measured at multiple frequencies and OHC/IHC
loss is evaluated at multiple locations that are eventually transformed to corresponding frequencies
(Eldredge et al., 1981), NIHL must be evaluated in a frequency specific manner. This makes it
necessary to account for a possible correlation between contiguous frequency bands. Two frequency
specific prediction models were considered:

(i) Specific frequency model (SF model): Five frequencies are considered (cf = 0.5, 1, 2, 4, 8 kHz).
That is, a prediction model was built for each specified frequency. Hence, there will be five
prediction models each one good only for the specified frequency.

(i1) Wide band frequency model (WF model): In the SF model the correlation between different
frequency bands, especially between contiguous frequency bands is not considered. In the WF
prediction mode! contiguous frequency band information on either upper or lower side(s) of a
specified frequency band was considered as additional input(s) for the models. Two WF methods
were used. One is both-side WF, i.e. both upper and lower sides of a specific frequency band are
used as additional inputs. For example, if 1 kHz is selected for an estimate of its indices of trauma
in the input layer, then the frequency kurtosis, energy spectra, initial AEP thresholds, etc. at c¢f =
0.5 and 2 kHz will also be input for both-side WF model. At extreme points (i.e. 0.5 kHz and 8
kHz) only the right or left frequency band will be added to the input layer. The other is upper-side
WE, i.e. only upper side of a specific frequency band is used as an additional input. For instance,
if 1 kHz is selected for an estimate of its indices of trauma in the input layer, then the frequency
kurtosis, energy spectra, initial AEP thresholds, etc. at ¢f = 2 kHz will also be input. At extreme
point (i.e. 8 kHz) there is no upper side input.

Table I-5(al) Percent prediction accuracy for IHC loss using the three models (SF vs. WF).

Frequency 0.5kHz | 1kHz 2kHz 4kHz 8kHz Average | Partition
Mode! method
MLP SF 90.56 78.3 88.21 97.3 93.88 89.65 1
MLP both-side WF 86.65 82.74 [90.67 |84.49 |87.79 86.47 1
MLP upper-side WEF | 88.41 81.48 [92.55 86.64 | 90.1 87.84 1
MLP SF 90 86.25 80 96.56 | 91.25 88.81 2
MLP both-side WF 90.94 71.25 84.38 89.69 | 91.56 85.56 2
MLP upper-side WF | 91.56 86.87 | 82.19 |87.S5 88.44 87.31 2
RBF SF 95.86 91.61 92.55 87.68 |[91.10 91.76 1
RBF both-side WF 91.21 91.19 |91.6!1 92.55 |91.81 91.67 1
RBF upper-side WF | 92.45 8797 [91.82 9235 |914 91.2 1
RBF SF 90.94 89.69 |90.63 90.00 | 89.38 90.13 2
RBF both-side WF 93.75 94.06 |90.94 |[91.56 | 89.69 92.00 2
RBF upper-side WF | 95.63 87.5 91.56 |93.44 | 89.38 91.5 2
SVM SF 89.64 86.65 88.19 |91.83 |[93.28 89.92 1
SVM both-side WF 86.34 83.74 | 8726 |89.86 |91.81 87.80 1
SVM upper-side WF | 89.12 84.47 | 86.84 |89.66 |91.71 88.36 1
SVM SF 85.94 85.00 | 84.38 | 92.50 |92.81 88.13 2
SVM both-side WF 86.25 82.19 | 8594 |89.38 |90.63 86.88 2
SVM upper-side WF | 90.31 82.5 89.69 |[93.75 |92.81 89.81 2
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Table [-5(a2) Change in percent of the prediction error rate for IHC loss using the three methods (SF
vs Both-side WF).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz 8kHz Average | Partition

Model method
MLP 29.29 | -25.72 | -26.37| 82.59| 49.88 2350 | 1
MLP -10.38 | 52.17| -28.04| 66.63 -3.67 22512
RBF 52.90 477| 11.20| -65.37 -8.67 1.08 | 1
RBF -44.96 | -73.57| -3.42| -1848 -3.01 | -2338/|2
SVM 24.16 | 17.90 730 19.43 17.95 17.38 | 1
SVM -2.25| 1578 | -11.10| 29.38| 23.27 9.53 |2

Table I-5(a3) Change in percent of the prediction error rate for IHC loss using the three methods (SF
vs Upper-side WF).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Maodel method
MLP 18.55| -17.17| -58.26| 79.79| 38.18 14.88 | 1
MLP -18.48 -4.72 | -1230| 7248 | 2431 11.82 |2
RBF 45.17 | 30.26 8.92| -61.05 -3.49 6.36 | 1
RBF -107.32 | 17.52| -11.02 | -52.44 0.00| -16.12|2
SVM 478 | 14.04| 1026 20.99 18.94 13.40 | 1
SVM -45.10| 14.29| -51.50| -20.00 0.00| -16.49 |2

Table I-5(a4) Change in percent of the prediction error rate for IHC loss using the three methods
(Both-side WF vs Upper-side WF).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP -15.19 6.80 | -25.23 | -16.09| -2333| -11.27|1
MLP -7.35]-11896 | 1230 17.52| 2699| -13.79]2
RBF 16.42] 26.77] 257 2.6l 4.77 5341
RBF -43.02 | 52.48 -7.35 | -28.66 2.92 5.88 |2
SVM -25.55 -4.70 3.19 1.93 1.21 -4.81 |1
SVM -41.90| -1.77| -36.37| -69.92 | -30.32| -28.75]2

Table I-5(al) presents the percent of prediction accuracy for IHC loss for the three models. Table
1-5(a2)-(a4) give the percentage change in prediction error rate for IHC loss using SF vs. Both-side WEF,
SF vs. Upper-side WF, and Both-side WF vs. Upper-side WF, respectively. The overall performance of
the SF model with partition method 1 is always better than that of the WF model. In partition method 2
the average performance of the RBF and SVM models using the SF model got worse in comparison with
the WF model. For the two WF methods, the upper-side WF seems better than the both-side WF model.
The performance difference between SF and WF is not significant in the IHC loss prediction.
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Table [-5(b1) Percent prediction accuracy for OHC loss using the three models (SF vs. WF).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP SF 94.93 78.48 | 83.88 |95.03 |90.27 | 88.52 !
MLP both-side WF | 87.6 79.19 | 8231 |92.87 |90.27 | 86.45 1
MLP upper-side WF | 94.74 81.82 | 79.72 |91.1 89.44 87.36 1
MLP SF 87.19 | 82.5 80 93.75 | 85.63 85.81 2
MLP both-side WF | 86.88 86.25 | 875 84.69 | 87.5 86.56 2
MLP upper-side WE | 93.12 84.69 | 84.06 |85 9438 | 88.25 2
RBF SF 96.37 |90.99 9544 ]93.79 |86.25 |92.69 [
RBF both-side WF 93.79 | 91.41 |9421 |94.10 |90.98 |92.90 1
RBF upper-side WE [ 95.13 | 91.31 |92.34 |91.93 [91.19 |9238 |1
RBF SF 96.25 87.50 |94.69 |94.38 |82.19 |91.00 2
RBF both-side WF 91.88 90.31 |94.06 |91.56 | 87.81 91.13 2
RBF upper-side WF | 91.88 86.25 [92.81 |94.69 |93.44 |91.81 2
SVM SF 95.03 90.48 |92.86 |91.00 |88.51 |91.57 1
SVM both-side WF | 94.62 | 90.06 |89.14 |90.99 |92.86 | 91.53 1
SVM upper-side WF | 96.37 | 91.4 9193 |89.86 |91.51 |92.22 1
SVM SF 92.81 89.69 |90.00 |94.69 |90.31 |91.50 2
SVM both-side WF | 95.00 87.50 |86.88 | 82.81 | 89.68 | 88.38 2
SVM upper-side WF | 94.06 | 92.5 89.69 | 88.75 [90.63 |91.13 2

Table 1-5(b2) Change of prediction error rate for OHC loss using the three methods (SF vs Both-side
WE).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 59.11| -3.41 8.88 | 30.29 0.00 1528 | 1
MLP 236 | -27.27| -60.00 | 59.18| -14.96 -5.58 ]2
RBF 41.55| -489| 21.24| -525| -52.44 -2.96 | 1
RBF 53.82 | -29.00 10.61 3341 | -46.10 -1.47 |2
SVM 7.62 423 | 34.25 0.11 | -60.92 0.47 |1
SVM -43.80 | 17.52| 23.78| 69.11 6.10 26.85 | 2

Table 1-5(b3) Change of prediction error rate for OHC loss using the three methods (SF vs
Upper-side WF).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 3.61 | -18.37| 20.51| 44.16 7.86 9.18 |1
MLP -86.19 | -1430| -25.47| 5833 -155.69| -20.77|2
RBF 2546 | -3.68| 40.47| 23.05| -56.07 4.07 | 1
RBF 53.82 9.09| 26.15| -5.84|-171.49 -9.89 | 2
SVM -36.91 | -10.70 | 11.52| 11.24| -35.34 -8.35] 1
SVM -21.04 | -37.47 3.01 | 52.80 -3.42 4.17 |2
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Table I-5(b4) Change of prediction error rate for OHC loss using the three methods (Both-side WF vs
Upper-side WF).

Frequency | 0.5kHz | 1kHz |2kHz 4kHz 8kHz Average | Partition
Model method
MLP -135.74 | -14.47 12.77 | 19.89 7.86 -7.20 | 1
MLP -90.70 | 10.19| 21.58 -2.07 | -122.42 | -14.38 |2
RBF -27.52 1.15| 2441 | 26.89 -2.38 6.82 |1
RBF 0.00 | 29.53 17.39 | -58.95| -85.82 -8.30 | 2
SVM -48.21 | -15.58 | -34.57| 11.14 15.90 -8.87 |1
SVM 15.82 | -66.67 | -27.26 | -52.80| -10.14| -31.00 |2

Table I-5(bl) presents the percent prediction accuracy for OHC loss for the three models. Table
[-5(b2)-(b4) give the percentage change in the prediction error rate for OHC loss using SF vs. Both-side
WF, SF vs. Upper-side WF, and Both-side WF vs. Upper-side WF, respectively. The overall performance
using the SF and WF models is mixed in the OHC loss prediction. There is no significant difference in
prediction using either the SF model or the WF model.
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Table I-5(c1) Percent prediction accuracy for PTS loss using the three models (WF vs. SF).

Frequency | 0.5kHz | lkHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP SF 91 94.61 |88.61 |94.2 92.14 | 92.11 1
MLP Both-side WF | 88.84 91.72 | 9191 |88.93 |94.21 91.12 1
MLP Upper-side WF | 97.09 90.93 | 86.44 |88.2 96.05 91.74 I
MLP SF 89.38 95 80.94 |91.88 |90 89.44 2
MLP Both-side WF | 88.75 90.63 | 89.69 |86.87 |92.5 89.69 2
MLP Upper-side WF | 85.94 93.13 | 88.75 |[97.81 | 92.81 91.69 2
RBF SF 95.65 95.34 9431 [96.17 |89.54 |94.20 1
RBF Both-side WF 97.41 96.90 |96.07 |9596 |95.02 |96.27 1
RBF Upper-side WF | 93.37 9544 9575 [95.55 |[95.75 95.17 1
RBF SF 96.25 92.81 9250 |96.88 | 82.81 92.25 2
RBF Both-side WF 96.25 95.63 |96.56 |93.44 |93.44 95.06 2
RBF Upper-side WF | 95 96.25 |94.06 |95 92.5 94.56 2
SVM SF 93.99 95.55 | 88.10 |93.07 |91.82 |92.51 1
SVM Both-side WF | 96.17 9441 9120 |94.62 |9534 |9435 1
SVM Upper-side WF | 93.89 95.86 |91.93 |[94.21 |9534 |94.25 1
SVM SF 95.00 98.13 [87.19 |[91.88 |88.75 92.19 2
SVM Both-side WF | 93.75 90.94 [92.19 |93.75 |94.69 |93.06 2
SVM Upper-side WF | 95.31 97.5 95 95.31 | 96.56 95.94 2
Table I-5(c2) Change of prediction error rate for PTS using the three methods (SF vs Both-side WF).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP 19.35| 3490 | -40.79| 47.61| -35.75 11.15] 1
MLP 560| 46.64| -84.87 | 38.16| -33.33 -2.42 |2
RBF -67.95 | -50.32 | -44.78 520 | -110.04 | -55.50 |1
RBF 0.00 | -64.53|-118.02 | 52.44|-162.04| -56.88]2
SVM -56.92 | 2039 | -3523| -28.81| -75.54| -32.57|1
SVM 20.00 | 79.36 | -64.02 | -29.92 | -111.86| -12.54|2

Table I-5(c3) Change of prediction error rate for PTS using the three methods (SF vs upper-side WF),

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP -209.28 40.57 16.00 50.85 | -98.99 448 | 1
MLP 2447 2722 -69.42]-270.78] -39.08| -27.08 2
RBF 3439 | -2.19| -33.88| 13.93]|-146.12| -20.08 |1
RBF 25.00 | -91.73 | -26.26 37.60 | -129.20 | -42.46 |2
SVM 1.64 -749 | -4746 | -19.69| -75.54| -30.26 |1
SVM -6.61 | 2520 |-156.20 | -73.13 | -227.03 | -92.36|2
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Table 1-5(c4) Change of prediction error rate for PTS using the three methods (both-side WF vs
upper-side WF).

Frequency | 0.5kHz | lkHz | 2kHz |4kHz 8kHz Average | Partition

Model method
MLP -283.51 8.71 | 40.34 6.19 | -46.58 -7.51 |1
MLP 19.99 | -36.39 8.36 | -499.54 -431| -24.07 |2
RBF 60.94 | 32.02 7.53 921 | -17.18 2277 |1
RBF 25.00 | -16.53| 42.09| -31.20 12.53 9.19 |2
SVM 37.32 | -35.02 -9.05 7.08 0.00 1.74 ] 1
SVM -33.26 | -262.40 | -56.20 | -33.26| -54.36| -70.94 |2

Table I-5(cl) presents the percent prediction accuracy for PTS using the three models. Table
1-5(c2)-(c4) illustrate the percentage change in the prediction error rate for PTS using SF vs. Both-side
WF, SF vs. Upper-side WF, and Both-side WF vs. Upper-side WF, respectively. In the case of PTS
prediction the performance of the models with the WF model is significantly better than that of the SF
model. The prediction error rates decreased from 2% to 57% for the three models using both-side WF
model, and 20% to 92% using upper-side WF model.

Conclusion: There is not a significant difference between the SF and WF methods in the prediction of
IHC and OHC loss. However, in the case of PTS prediction, the performance using both WF methods is
significantly better than that of the SF method. The prediction error rate could be decreased as much as
92% using the upper-side WF. The results suggest that a WF prediction model could yield additional
information for obtaining higher prediction accuracy. Since it is hard to say which of the two WF

methods is better, a upper-side WF model was selected for its simpler structure in comparison to the
both-side WF model.

41



(4) Complementary elements for kurtosis

Kurtosis is not unique. There are several factors that influence kurtosis, such as probability (P) of a

transient occurring and the energy of the background noise (£}). These two factors and their effects on

prediction models are discussed in this section. The input and output variables are same as in Table I-3
except for the ATS input.

Table 1-6(al) Percent prediction accuracy for IHC loss using the three models with/without the
kurtosis complementary elements.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 90.56 | 7830 |88.21 |97.30 |93.88 |89.65 1
MLP no Eb & P 84.34 |84.26 |89.02 [92.97 |92.77 |88.67 1
MLP 90.00 86.25 | 80.00 |96.56 |91.25 | 88.81 2
MLP no Eb & P 98.44 | 7813 |82.50 |87.81 |90.31 87.44 2
RBF 95.86 | 91.61 [92.55 |87.68 |[91.10 |91.76 1
RBF no £b & P 92.96 |90.46 |91.61 |8892 |89.96 |90.78 1
RBF 90.94 | 89.69 [90.63 |90.00 |89.38 |90.13 2
RBF no kb & P 93.44 | 88.13 [94.06 |90.94 |89.69 |91.25 2
SVM 89.64 | 86.65 |88.19 [91.83 |93.28 |89.92 1
SVMno Eb & P 87.99 [85.19 |86.43 |90.16 |90.47 |88.05 |
RBF 90.94 | 89.69 |90.63 |90.00 |89.38 |90.13 2
RBF no Eb & P 93.44 | 8813 |94.06 |90.94 |89.69 |91.25 2

Table [-6(a2) Improvement in the percent error rate for the prediction of IHC loss using the three
models (all vs no Eb & P).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 39.72 | -37.87| -7.38| 61.59| 15.35 8.65| 1
MLP -541.03 | 37.13 | -14.29| 71.78 9.70 10912
RBF 41.19| 12.05| 11.20| -11.19| 11.35 10.63 | 1
RBF -38.11 | 13.14 | -57.74| -10.38 -3.01 | -12.80 |2
SVM 13.74 986 | 12.97| 1697 | 29.49 15.65 | 1
SVM -38.11 | 13.14| -57.74| -10.38 -3.01 | -12.80|2

Table I-6(al) presents the percent prediction accuracy for IHC loss using the three models
with/without Eb & P. Table 1-6(a2) illustrates the percentage change in the prediction error rate for IHC
loss. In the three models the average error rates all decreased using partition method | (the improvement
rates are in the range 8% to 15%), while the error rates are mixed in the models using partition 2 (from
-12% to 10%).
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Table 1-6(bl) Percent prediction accuracy for OHC loss using the three models with/without the
kurtosis complementary elements.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 94.93 78.48 | 83.88 |95.03 |90.27 | 88.52 1
MLP no Eb & P 97.61 7623 | 81.78 |89.65 |83.04 |85.66 1
MLP 87.19 82.50 |80.00 |93.75 |8563 |85.81 2
MLP no Eb & P 93.75 |79.38 |83.75 |85.63 |87.81 86.06 2
RBF 96.37 19099 [9544 9379 |86.25 |92.69 1
RBF no Eb & P 94.81 91.61 [94.82 |95.13 |86.54 |92.59 1
RBF 96.25 87.50 |94.69 |[94.38 |82.19 |91.00 2
RBF no Eb & P 93.44 | 87.81 |91.88 |94.38 |80.00 | 89.50 2
SVM 95.03 90.48 [92.86 |91.00 |88.51 |91.57 1
SVM no Eb & P 94.61 90.90 |89.55 |92.14 |88.42 |91.12 1
RBF 92.81 89.69 |90.00 |94.69 |90.31 |91.50 2
RBF no £b & P 94.69 |90.00 9031 [92.19 |90.62 |91.56 2

Table 1-6(b2) Improvement in the percent error rate for the prediction of OHC loss using the three
models (all vs no Eb & P).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP -112.13 9.47 11.53 51.98 42.63 19.94 | 1
MLP -104.96 15.13 | -23.08 56.51 | -17.88 -1.79 | 2
RBF 30.06 <739 11.97| -27.52 -2.15 1351
RBF 42.84 -2.54 34.61 0.00 10.95 1429 | 2
SVM 7.79 -4.62 31.67 | -14.50 0.78 5.07 |1
SVM -35.40 -3.10 -3.20 32.01 -3.30 -0.71 | 2

Table I-6(b1) presents the percent prediction accuracy of OHC loss for three models with/without Eb
& P. Table I-6(b2) illustrates the percentage change in the prediction error rate for IHC loss. In the three
models the average error rates all decreased using partition method 1 (the improvement rates are in the
range 1% to 20%), while the error rates are mixed in the models using partition 2 (from -2% to 14%).
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Table I-6(c1) Percent prediction accuracy for PTS using the three models with/without the kurtosis
complementary element.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP 91.00 |94.61 |88.61 |[9420 |92.14 |92.11 1
MLP no Eb & P 94.21 83.86 |[91.20 |88.92 |88.82 |89.40 1
MLP 89.38 95.00 |80.94 |91.88 |90.00 |89.44 2
MLP no Eb & P 88.75 9250 |91.25 |95.00 |92.19 |91.94 2
RBF 95.65 9534 | 9431 |96.17 |89.54 | 94.20 I
RBF no Eb & P 90.17 19399 |93.69 |9430 |89.44 |92.32 1
RBF 96.25 92.81 |92.50 |96.88 | 82.81 92.25 2
RBF no Eb & P 94.69 |96.56 |[95.63 |93.13 |85.00 |93.00 2
SVM 9399 |[95.55 |88.10 |[93.07 |91.82 |92.51 1
SVM no Eb & P 93.17 [93.27 |88.40 |90.58 |91.10 |91.30 1
RBF 95.00 98.13 | 87.19 |91.88 | 88.75 |92.19 2
RBF no Eb & P 95.63 95.00 |89.06 |89.38 | 86.56 |91.13 2

Table I-6(c2) Improvement in the percent error rate for the prediction of PTS using the three models
(all vs no Eb & P).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition

Model method
MLP -55.44 | 66.60 | -29.43 | 47.65| 29.70 25.57 |1
MLP 5.60| 3333 |-117.83 | -62.40 | -28.04 | -31.02]2
RBF 55.75 | 22.46| 9.83 | 32.81| 095 24.48]1
RBF 29.38 | -109.01 | -71.62 | 54.59| -14.60| -10.71]2
SVM 12.01 33.88 -2.59 | 26.43 8.09 1391 |1
SVM -14.42 | 62.60 | -17.09| 23.54 16.29 11.95 |2

Table I-6(c1) presents the percent prediction accuracy for PTS for three models with/without Eb & P.
Table 1-6(c2) illustrates the percentage change in the prediction error rate for PTS. In the three models the
average error rates all decreased using partition method 1 (the improvement rates are in the range of 14%
to 25%), while the error rates are mixed in the models using partition 2 (from -31% to 12%).

Conclusion: The average improvement error rates in partition 1 are all positive, which suggests Eb and P
are useful input for the prediction models. However, the improvement indexes were mixed in partition 2.
The effect of Eb and P on prediction accuracy could not be neglected.
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(5) Effects of the non frequency specific parameters Ew(?), A1), Probability P, and Eb(r)

This section will check if frequency specific (octave band only, OB only) information alone is
sufficient to predict NIHL at specific frequencies. Two input-output systems were checked as below:

Table I-7-1 Entire input-output system.

Inputs (independent variables)

Outputs (dependent variables)

Noise metrics:
1.
2.
3.

Weighted energy, Ew(?);

Kurtosis in time domain, 5(¢);

Probability of a transient occurring in impulse/impact
noise, P;

Kurtosis in frequency domain A&f) atcf=0.5,1, 2, 4, 8
kHz;
Weighted energy in filtered octave bands E(f) at cf =
0.5, 1,2, 4, 8 kHz;

The energy of background noise, Ey(¢);

Pre-exposure auditory evoked potential thresholds,

PREgp(f) atc£=0.5, 1, 2, 4, 8 kHz;

Indices of trauma to the auditory
system (at specific center frequencies):

1.

3.

Noise-induced PTS, PTS(f)
(dB) atcf=0.5, 1, 2, 4, 8 kHz;
Outer hair cell loss,
OHC(f)(%) atcf=0.5, 1, 2, 4,
8 kHz;

Inner hair cell loss, IHC(f)
(%)at cf=0.5, 1, 2, 4, 8 kHz;

Table [-7-2 Octave band (OB) only input-output system.

Inputs (independent variables)

Outputs (dependent variables)

Noise metrics:
1.

Kurtosis in frequency domain Af) at cf=0.5, 1, 2, 4, &
kHz;

Weighted energy in filtered octave bands E.(f) at cf =
0.5, 1, 2, 4, 8 kHz;

Pre-exposure auditory evoked potential thresholds,
PREgp(fy at cf=0.5, 1, 2, 4, 8 kHz;

Indices of trauma to the auditory
system (at specific center frequencies):

1.

Noise-induced PTS, PTS(f)
(dB) at c£=0.5, 1, 2, 4, 8 kHz,
Outer hair cell loss,
OHC(f)(%) atcf=0.5, 1, 2, 4,
8 kHz;

Inner hair cell loss, IHC(f)
(%)at cf=10.5, 1, 2, 4, 8 kHz;
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Table 1-7(al) Percent prediction accuracy for [HC loss using the three models (OB only vs. Entire).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 90.56 | 7830 |8821 9730 |93.88 |89.65 !
MLP OB only 77.83 | 8258 7990 |8552 |91.82 |83.53 1
MLP 90.00 | 86.25 |80.00 |96.56 |[91.25 | 88.81 2
MLP OB only 80.31 7594 | 8031 |96.56 |84.65 | 83.56 2
RBF 95.86 | 91.61 |92.55 |[87.68 |91.10 |91.76 1
RBF OB only 88.50 [83.32 [90.25 |87.99 |83.74 |86.76 1
RBF 90.94 |89.69 |90.63 |90.00 |89.38 |90.13 2
RBF OB only 83.44 | 77.81 [89.06 |9031 |87.19 |85.56 2
SVM 89.64 | 86.65 |88.19 |91.83 |93.28 |89.92 1
SVM OB only 77.83 80.21 |82.50 |88.62 |84.78 |82.79 1
SVM 85.94 | 85.00 |8438 9250 |92.81 88.13 2
SVM OB only 82.19 |81.88 |82.81 |81.88 |8250 |82.25 2

Table [-7(a2) Improvement in the percent error rate for the prediction of IHC loss using the three
models (Entire vs OB only).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP 5742 | -2457| 41.34 81.35 25.18 37.16 | 1
MLP 49.21 42.85 -1.57 0.00 42.85 3193 |2
RBF 64.00 | 49.70 | 23.59 -2.58 45.26 37.76 | 1
RBF 45.29 53.54 14.35 -3.20 17.10 31.65|2
SVM 53.27| 32.54| 3251 | 2821| 55.85 41431
SVM 21.06 | 17.22 9.13| 5861 | 58091 33.13 |2

Table I-7(al) presents the percent prediction accuracy for IHC loss using the three models with
OB only or whole variables. Table I-7(a2) illustrates the percentage change in the prediction error rate for
IHC loss using OB only vs. whole variables. The prediction error rates decreased at least 31% for the
three models using whole input method that means the models using OB only are not good enough for
IHC loss prediction.
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Table I-7(b1) Percent prediction accuracy for IHC loss using the three models (OB only vs. Entire).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz 8kHz Average | Partition
Model method
MLP 94.93 78.48 | 83.88 |[95.03 |90.27 | 88.52 |
MLP OB only 91.52 70.08 |71.32 |82.94 |80.13 79.20 |
MLP 87.19 82.50 |80.00 |93.75 |85.63 85.81 2
MLP OB only 90.31 76.25 | 82.81 |92.50 |81.25 84.63 2
RBF 96.37 90.99 |9544 |93.79 | 86.25 92.69 1
RBF OB only 84.46 78.88 | 86.75 |94.93 | 78.78 84.76 1
RBF 96.25 87.50 |94.69 | 9438 |82.19 |91.00 2
RBF OB only 84.38 78.44 |89.69 |93.13 | 7531 84.19 2
SVM 95.03 90.48 |[92.86 |91.00 | 88.51 91.57 I
SVM OB only 83.63 77.12 | 76.60 |85.61 | 79.10 80.41 1
SVM 92.81 89.69 [90.00 |94.69 |90.31 91.50 2
SVM OB only 85.31 7531 |73.13 |90.63 | 79.38 |80.75 2

Table 1-7(b2) Improvement in the percent error rate for the prediction of IHC loss using the three
models (Entire vs OB only).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 4021 | 28.07| 43.79| 70.87| 51.03 4481 | 1
MLP -32.20 | 2632| -1635| 16.67| 23.36 7.68 | 2
RBF 76.64 | 57.34| 65.58| -22.49| 35.20 52.03 |1
RBF 7599 | 42.02| 4850 | 18.20| 27.87 43.07 | 2
SVM 69.64 | 5839 | 6949 | 3746 45.02 56.97 | 1
SVM 51.06 | 58.24| 62.78| 43.33| 53.01 55.84 | 2

Table I-7(b1) presents the percent prediction accuracy for OHC loss using the three models with
OB only or whole variables. Table [-7(b2) illustrates the percentage change in the prediction error rate for
OHC loss using OB only or whole variables. The prediction error rates were highly improved for the
three models using whole variables that means the models using OB only are not good enough for OHC
loss prediction.
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Table I-7(c) Percent prediction accuracy for PTS using the three models (OB only vs. Entire).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz 8kHz Average | Partition
Model method

MLP 91.00 94.61 88.61 9420 |92.14 92.11 |

MLP OB only 83.86 8592 | 8220 |87.89 | 87.07 85.39 |

MLP 89.38 95.00 |80.94 |91.88 | 90.00 89.44 2

MLP OB only 83.44 87.19 |92.19 |89.06 | 90.94 88.56 2

RBF 95.65 95.34 | 9431 |96.17 | 89.54 94.20 1

RBF OB only 82.60 86.32 | 8820 |91.09 |87.06 87.06 1

RBF 96.25 92.81 [92.50 |96.88 | 82.81 92.25 2

RBF OB only 86.25 82.81 |89.38 |87.50 | 89.06 87.00 2

SVM 93.99 05.55 | 88.10 |93.07 |91.82 92.51 1

SVM OB only 79.19 87.36 | 84.68 | 86.64 | 82.82 84.14 1

SVM 95.00 98.13 | 87.19 |91.88 | 88.75 92.19 2

SVM OB only 78.13 87.81 83.13 | 86.25 | 78.44 82.75 2

Table 1-7(c2) Improvement in the percent error rate for the prediction of PTS using the three models
(Entire vs OB only).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP 4424 | 61.72 | 36.01| 52.11 39.21 46.00 | 1
MLP 35.87 | 60.97|-144.05| 25.78| -10.38 7.69 | 2
RBF 75.00| 6594 | 51.78 | 57.01 19.17 55.18 | 1
RBF 72.73 | 58.17| 2938 | 75.04| -57.13 40.38 | 2
SVM 71.12 | 64.79 | 2232 48.13| 52.39 52.77 | 1
SVM 77.14 | 84.66 | 24.07| 40.95| 47.82 5472 | 2

Table I-7(c1) presents the percent prediction accuracy for PTS using the three models with OB
only or whole variables. Table 1-7(c2) illustrates the percentage change in the prediction error rate for
PTS using OB only or whole variables. The prediction error rates were highly improved for the three
models using whole variables that means the models using OB only are not good enough for PTS
prediction.

Conclusion: Although the percent prediction accuracy could reach as high as 88% using OB only
variables, the performance of prediction models using the entire variable set was much better. In most
cases using all variables can get 30%~50% improved error rates in comparison with OB only models.
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(6) Best model selection

There are two ways to select the best prediction model: One is to select the best model according to
the best average prediction rate (Overall), and the other one is to pick up the best model based on the best
performance of each band (Band based). Table I-8(al) and (a2) present the best IHC loss prediction
models selected using Overall and Band-based methods, Table 1-8(b1) and (b2) present the best OHC loss
prediction models selected using Overall and Band-based, and Table I-8(c1) and (c2) present the best PTS
prediction models selected using Overall and Band-based, respectively.

Table [-8(al) Percent prediction accuracy for JHC loss using the three models.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition
Model method
MLP 90.56 | 78.30 | 88.21 |97.30 |93.88 | 89.65 1
MLP Band Based 90.56 89.14 |91.20 |97.30 |93.88 | 9241 1
MLP 90.00 86.25 | 80.00 |96.56 |91.25 | 88.81 2
MLP Band Based 90.00 87.19 190.63 |96.56 |91.25 |91.13 2
RBF 95.86 |91.61 |92.55 |87.68 |91.10 |91.76 1
RBF Band Based 95.86 |91.61 |92.55 |91.31 |[91.10 |92.48 1
RBF 90.94 |89.69 [90.63 |90.00 |89.38 |[90.13 2
RBF Band Based 97.50 89.69 |[91.25 [90.00 |90.94 |91.88 2
SVM 89.64 | 86.65 |88.19 |91.83 |93.28 |89.92 1
SVM Band Based 89.64 |87.58 |88.81 |91.83 |93.28 |90.23 !
SVM 8594 | 85.00 |84.38 |92.50 |92.81 |88.13 2
SVM Band Based 90.63 85.00 |85.97 |92.50 |92.81 |89.38 2

Table 1-8(a2) Improvement in the percent error rate for the prediction of IHC loss using the three
models (Band based vs Overall).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP 0.00| 49.95| 2536 0.00 0.00 26.67 | 1
MLP 0.00 6.84 | 53.15 0.00 0.00 20.73 | 2
RBF 0.00 0.00 0.00 | 29.46 0.00 8.74 | 1
RBF 72.41 0.00 6.62 0.00 14.69 17.73 | 2
SVM 0.00 6.97 5.25 0.00 0.00 3.08 |1
SVM 33.36 0.00 | 10.18 0.00 0.00 10.53 | 2
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Table [-8(b1) Percent prediction accuracy for OHC loss using the three models.

Frequency | 0.5kHz | lkHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP 94.93 78.48 | 83.88 |95.03 |90.27 | 88.52 1
MLP Band Based 94.93 86.46 |90.25 |95.03 |9140 |9l.61 1
MLP 87.19 82.50 | 80.00 |93.75 | 85.63 85.81 2
MLP Band Based 89.06 82.50 | 8344 |93.75 |89.69 | 87.69 2
RBF 96.37 90.99 |[95.44 ]93.79 |86.25 |92.69 |
RBF Band Based 96.37 90.99 9544 |94.73 |87.99 | 93.11 1
RBF 96.25 87.50 |94.69 | 9438 |82.19 |[91.00 2
| RTF Rand Based 96.25 S~ 17469 19719 8594 (9281 12 |
SVM 95.03 90.48 |92.86 |[91.00 | 88.51 91.57 1
SVM Band Based 96.37 92.65 [92.86 [93.90 |8944 |93.04 1
SVM 92.81 89.69 [90.00 |94.69 | 90.31 91.50 2
SVM Band Based 95.94 89.69 |90.00 |96.25 | 90.31 92.44 2

Table [-8(b2) Improvement in the percent error rate for the prediction of OHC loss using the three
models (Band based vs Overall).

Frequency 0.5kHz | 1kHz 2kHz | 4kHz 8kHz Average | Partition
Model method

MLP 0.00| 37.08| 39.52 0.00 11.61 26.92 | |
MLP 14.60 0.00 17.20 0.00 28.25 13252
RBF 0.00 0.00 0.00 15.14 12.65 57511

| RBF 0.00 | 20.00 0.00 | 50.00 21.06 20.11 |2 .
SVM 26.9¢ 2279 0.00 | 32.22 8.09 17.44 ]
SVM 43.53 ‘ 0.00 0.00| 29.38 0.00 11.06 | 2

Table I-8(c) Percent of prediction accuracy of PTS loss for three models.

Frequency | 0.5kHz | lkHz |2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP 91.00 |94.61 |88.61 |9420 |9214 |92.11 1
MLP Band Based 94.82 95.74 | 88.61 |94.20 |92.24 |93.12 1
MLP 89.38 95.00 |80.94 |91.88 |90.00 |89.44 2
MLP Band Based 93.44 |95.00 |83.13 [94.06 |91.25 |[91.38 2
RBF 95.65 9534 9431 |96.17 |89.54 |94.20 1
RBF Band Based 95.65 95.44 9527 |96.17 |90.17 | 94.53 1
RBF 96.25 92.81 |92.50 |96.88 | 82.81 |92.25 2
™77 dBased 96.25 9771 172,50 |96.88 |89.69 |93.77 - |
SVM 93.99 95.55 | 88.10 |93.07 |91.82 |92.51 1
SVM Band Based 94.10 96.28 | 89.34 |93.48 |92.03 |93.05 1
SVM 95.00 98.13 87.19 | 91.88 88.75 92.19 2
SVM Band Based 95.00 |98.13 |90.31 |92.19 |[91.88 |93.50 2
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Table 1-8(c2) Improvement in the percent error rate for the prediction of PTS using the three models
(Band based vs Overall).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP 42.44 | 20.96 0.00 0.00 1.27 12.80 | 1
MLP 38.23 0.00 11.49 26.85 12.50 18372
RBF 0.00 2,15 16.87 0.00 6.02 569 |1
RBF 0.00 0.00 0.00 0.00 | 40.02 17.81 |2
SVM 1.83 16.40 10.42 5.92 2.57 72101
SVM 0.00 0.00 24.36 3.82 27.82 16.77 | 2

Conclusion: It is not surprising that the band based approach can yield improved prediction models than
by the overall method. The weakness of the band based selection is that the models are more complicated
compared to the overall models.
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(7) DPOAE results (177 animals)

Among the 322 animal data base, 177 animals were tested for DPOAE pre-, during and
post-exposure. The DPOAE parameters were checked in three prediction models. The ATS is also
considered as input variable to check its contribution for the prediction models with DPOAE
variables. Table I-9 shows the input-output variables of the prediction models.

_Table I-9: Inputs and outputs variables for complex noise.

Inputs (independent variables) Outputs (dependent variables)
Noise metrics: . .
1. Weighted energy, E(2): Indices of trauma to the auditory
. E] w ] .
2. Kurtosis in time domain, 3(¢); ;ystem _ (at  specific  center
3. Probability of a transient occurring in requencics):

impulse/impact noise, P; o
4. Kurtosis in frequency domain Af) at cf =1, 2, 4, 8 1. Noise-induced PTS, PTS(/)

KHz (dB)atcf=1, 2, 4, 8 kHz;
5. Weighted energy in filtered octave bands Ey(f) at cf 2. Outer hair cell loss,

= 1,2, 4, 8 Klz: OHC(f)(%) atcf=1, 2, 4,
8 kHz;

6. The energy of background noise, Ep(£); 3. Tnner hair cell loss, ZHC()
. 0ss,

7. Pre-exposure auditory evoked potential thresholds,

PREgp(f) at cf = 1, 2, 4, 8 kHz; (%o)atcf =1, 2, 4, 8 kHz;
8. A threshold shift, 7S() at cf = 1, 2, 4, 8 kHz 4. Permanent change in
9. Pre-exposure cubic distortion product otoacoustic DPOéE’ ADPOAE(/) (dB)
emission, PREppoar(f) atcf =1, 2, 4, 8 kHz. atcf=1, 2,4, 8 kHz.
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Table I-9(a) Percent prediction accuracy for I[HC loss using the three models.

Frequency 1kHz | 2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP All 81.59 | 82.12 | 85.52| 82.51 | 82.94 1
MLP no ATS 87.03 | 80.27 |90.77 | 85.48 | 85.89 1
MLP no DPO 85.13 | 83.43 | 83.08 | 85.87 | 84.38 1
MLP no DPO & ATS | 78.01 | 85.53 | 94.92 | 88.88 | 86.83 1
MLP All 84.66 | 88.64 | 86.93|75.00 | 83.81 2
MLP no ATS 88.64 | 84.09 | 84.09|75.00 | 82.95 2
MLP no DPO 89.77 | 87.50 | 84.66 | 87.50 | 87.36 2
MLP no D & ATS 100.00 | 92.05 | 81.25 | 88.07 | 90.34 2
RBF All 89.26 | 88.70 | 89.29 | 82.86 | 87.53 1
RBF no ATS 87.96 | 87.37 |89.29|85.69 | 87.58 1
RBF no DPO 86.98 |90.77 | 89.11 | 84.55 | 87.85 1
RBF no DPO & ATS | 84.91 | 88.51 |90.61 | 86.81 | 87.71 1
RBF All 86.36 | 87.50 | 88.64 | 84.66 | 86.79 2
RBF no ATS 88.64 | 90.34 | 86.93|90.91 | 89.20 2
RBF no DPO 86.93 | 87.50 | 88.07 | 82.39 | 86.22 2
RBF no DPO & ATS | 89.77 | 94.89 | 86.36|93.18 |91.05 2
SVM All 86.62 | 77.77 | 87.75 | 83.62 | 83.94 1
SVM no ATS 86.60 | 77.77 | 87.95| 86.25 | 84.64 1
SVM no DPO 84.15 | 81.36 | 91.54| 86.07 | 85.78 1
SVM no DPO & ATS | 84.70 | 81.35 |92.11 | 87.02 | 86.30 1
SVM All 85.80 | 73.86 | 88.64|82.95 | 82.81 2
SVM no ATS 85.23 | 75.00 | 89.20 | 83.52 | 83.24 2
SVM no DPO 75.57 | 78.98 |92.05 | 88.64 | 83.81 2
SVM no DPO & ATS | 88.64 | 77.84 | 88.64 | 89.77 | 86.22 2

Table 1-9(a) shows percent prediction accuracy for IHC loss using the three models. There are
four structures in each model. The performance of three models was similar on IHC loss prediction.
Among the four structures the one without DPOAE and ATS inputs obtained the highest prediction
accuracy, which means the DPOAE and ATS may be not necessary for IHC loss prediction models.
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Table I-9(b) Percent of prediction accuracy of OHC loss for three models.

Frequency lkHz |2kHz | 4kHz | 8kHz | Average | Partition
Model method
MLP All 78.76 | 76.09 | 73.85| 82.85 | 77.89 1
MLP no ATS 67.23 | 7032 | 85.69 | 79.68 | 75.73 1
MLP no DPO 80.24 | 65.53 | 84.80 | 80.63 |77.80 1
MLP no DPO & ATS | 83.66 | 83.96 | 87.58 | 83.83 | 84.76 1
MLP All 71.02 | 76.14 | 73.30 | 83.52 | 75.99 2
MLP no ATS 84.09 | 75.00 | 72.73 |77.84 | 77.41 2
MLP no DPO 75.00 | 72.16 |90.34 | 68.75 | 76.56 2
MLP no D & ATS 80.11 | 85.23 | 77.84|86.93 | 82.53 2
RBF All 83.98 | 86.07 | 86.84 | 82.65 | 84.88 1
RBF no ATS 83.43 |86.65 |87.97|85.11 | 8579 1
RBF no DPO 85.68 | 88.70 | 90.43 | 84.16 |87.24 1
RBF no DPO & ATS | 85.13 | 89.45 | 93.06 | 86.25 | 88.47 1
RBF All 78.98 | 86.36 | 88.07|76.14 | 82.39 2
RBF no ATS 82.95 | 84.09 | 86.36 | 81.25 | 83.66 2
RBF no DPO 91.48 |86.93 |89.20|90.91 | 89.63 2
RBF no DPO & ATS | 81.82 | 87.50 |89.77 | 80.11 | 84.80 2
SVM All 81.71 | 76.52 |80.08|80.96 |79.81 1
SVM no ATS 83.03 | 77.44 |84.02|82.09 | 81.65 1
SVM no DPO 85.29 | 81.76 | 84.80 | 84.34 | 84.05 1
SVM no DPO & ATS | 85.30 | 85.51 | 87.80 | 84.56 | 85.79 1
SVM All 77.27 | 71.59 |82.95|78.98 |77.70 2
SVM no ATS 79.55 | 77.27 | 81.82 | 82.95 | 80.40 2
SVM no DPO 84.09 | 77.27 | 86.93 | 87.50 | 83.95 2
SVM no DPO & ATS | 86.93 | 85.23 | 85.80 | 79.55 | 84.38 2

Table I-9(b) shows percent prediction accuracy for OHC loss using the three models. There are
four structures for each model. The performance of the three models was similar at OHC loss prediction.
Among the four structures the one without DPOAE and ATS inputs got the highest prediction accuracy,
which means the DPOAE and ATS may be not necessary for OHC loss prediction model.
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Table [-9(c) Percent of prediction accuracy of PTS loss for three models.

Frequency 1kHz | 2kHz |4kHz | 8kHz | Average | Partition
Model method
MLP All 86.29 | 78.55 |71.77|83.98 | 80.15 1
MLP no ATS 84.79 | 88.18 | 83.42|81.78 | 84.54 1
MLP no DPO 84.55 | 7798 | 83.28|83.80 | 82.40 1
MLP no DPO & ATS | 89.31 | 82.13 | 93.22 | 85.53 | 87.55 1
MLP All 81.82 | 80.68 | 85.23 | 84.09 | 82.95 2
MLP no ATS 83.52 | 84.09 |83.52|84.66 | 83.95 2
MLP no DPO 82.95 |80.68 |85.80|88.07 |84.38 2
MLP no D & ATS 90.34 | 9545 | 80.68 | 88.07 | 88.64 2
RBF All 89.29 | 89.67 | 90.58 | 85.70 | 88.81 1
RBF no ATS 87.07 | 87.80 |90.21 | 85.13 | 87.55 1
RBF no DPO 89.47 |92.10 [93.03|87.39 |90.50 1
RBF no DPO & ATS | 87.99 |92.12 |92.47|87.95 |90.13 1
RBF All \ 86.93 9091 |86.93|81.82 | 86.65 2
RBF no ATS 85.80 | 88.07 |93.75|83.52 | 87.78 2
RBF no DPO 87.50 | 92.61 |93.75| 87.50 | 90.34 2
RBF no DPO & ATS | 82.95 | 93.18 | 96.02 | 86.93 | 89.77 2
SVM All 83.27 | 84.02 | 84.36| 84.74 | 84.10 1
SVM no ATS 87.41 | 80.83 | 89.63|86.83 | 86.18 1
SVM no DPO 84.97 | 84.22 | 85.48|86.06 | 85.18 1
SVM no DPO & ATS | 90.80 | 83.64 | 89.44 | 87.95 | 87.96 1
SVM All 75.00 | 84.09 | 87.50 | 88.64 | 83.81 2
SVM no ATS 86.93 | 88.07 | 89.77| 79.55 | 86.08 2
SVM no DPO 85.80 | 86.36 | 88.64 | 84.66 | 86.36 2
SVM no DPO & ATS | 87.50 | 83.52 [90.91|89.77 | 87.93 2

Table 1-9(c) shows percent prediction accuracy for PTS using the three models. There are four
structures for each model. The performance of the three models was similar at PTS prediction. Among the
four structures the one without DPOAE and ATS inputs had the highest prediction accuracy, which
means the DPOAE and ATS may be not necessary for PTS prediction model.
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Table I-9(d) Percent of prediction accuracy of DPOAE loss for three models.

Frequency 1kHz | 2kHz | 4kHz | 8kHz | Average Partition
Model method
MLP All 81.70 | 83.59 | 80.98 | 80.03 | 81.58 1
MLP no ATS 83.62 | 90.58 | 84.77 | 86.05 | 86.26 1
MLP All 79.55 | 78.98 | 82.95 | 84.66 | 81.53 2
MLP no ATS 84.66 | 88.64 | 80.68 | 85.80 | 84.94 2
RBF All 87.94 | 92.84 | 90.21 | 88.14 | 89.78 1
RBF no ATS 87.02 [ 92.28 |90.60 | 88.33 | 89.56 1
RBF All 85.23 | 88.64 |94.32 | 84.66 | 88.21 2
RBF no ATS 89.77 | 86.36 | 89.20 | 87.50 | 88.21 2
SVM All 84.74 | 8191 |79.89 |86.45 | 83.25 1
SVM no ATS 84.18 | 80.82 | 80.64 | 86.84 | 83.12 1
SVM All 78.98 | 82.39 | 80.11 | 83.52 | 81.25 2
SVM no ATS 86.36 | 85.80 | 77.27 | 86.36 | 83.95 2

Table 1-9(d) shows percent prediction accuracy for DPOAE loss using the three models. There
are four structures for each model. The performance for three models was similar in the DPOAE loss
prediction. The performance of the three models with or without ATS has no significantly difference (in
the MLP model ATS input made the performance worse), thus ATS should not be used as an input in the
DPOAE loss prediction model.

Conclusion: It seems that there is not strong relationship between pre-exposure DPOAE and NIHL, i.e.
the DPOAE makes no contribution to the NIHL prediction model. This conclusion agrees with the results
described in Davis, et al. (2004).
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(8) Independent test of the prediction models

To test the performance of the proposed prediction models, a group of animals (Group 277) which
was not used in the process of constructing the prediction models, was tested in each prediction model.
Twelve animals in Group 277 were exposed to a complex noise environment having broadband
(710~5680Hz) impulses and background Gaussian noise with SPL = 100 dB(A), B(t) = 33. Table 1-10(a)
shows the average IHC loss prediction accuracy for three models based on 12 random training/test data

runs, Table 1-10(b) the average OHC loss prediction accuracy and Table I-10(c) the average PTS
prediction accuracy.

Table I-10(a) Percent prediction accuracy for IHC loss using different models (Group 277).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition

Model method
MLP 100 100 92 83 100 95 1
MLP 100 100 100 100 100 100 2
RBF SF model 100 100 100 50 100 90 1
RBF WF model 100 100 100 83 100 82 2
SVM SF model 100 100 100 75 100 95 1
SVM WF model 100 100 100 25 100 85 2

Table I-13(b) Percent prediction accuracy for OHC loss using different models (Group 277).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz 8kHz Average | Partition

Model method
MLP 100 100 100 100 92 98 1
MLP 100 100 100 100 100 100 2
RBF SF model 100 100 83 58 92 87 1
RBF WF model 92 100 58 67 100 83 2
SVM SF model 100 100 100 50 92 88 1
SVM WF model 100 100 100 100 100 100 2

Table 1-13(c) Percent prediction accuracy for PTS using different models (Group 277).

Frequency | 0.5kHz | l1kHz |2kHz |4kHz 8kHz Average | Partition
Model method
MLP 100 100 100 100 42 92 1
MLP 100 75 100 100 100 95 2
RBF SF model 100 100 100 100 100 100 1
RBF WF model 100 100 100 83 83 93 2
SVM SF model 100 100 100 83 100 97 1
SVM WF model 100 100 100 67 100 93 2

Figures 1 through 18 illustrate the individual IHC loss, OHC loss and PTS evaluated using the three
prediction models. Figures I-1 to I-3 show the estimations of IHC loss, OHC loss and PTS using MLP
model with partition method 1. Figures I-4 to 1-6 show the estimations using MPL model with partition
method 2. Figures I-7 to 1-9 display the estimation using RBF model with partition method 1, figures 1-10
to I-12 with partition method2. Figures I-13 to I-18 illustrate the estimations from the SVM model with
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partition 1 and 2. The circle and the bar in the figures are the mean OHC loss or IHC loss, or PTS and
standard deviation of the test group respectively, while the asterisk (*) indicates the model’s predicted
values. All three prediction models provide a good estimated (within one standard deviation) of THC,

OHC loss and PTS.
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Figure I-1 Percent prediction accuracy for IHC loss using the MLP model (partition method 1).
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Figure I-2 Percent prediction accuracy for OHC loss the MLP model (partition method 1).
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Figure I-3 Percent prediction accuracy for PTS using the MLP model (partition method 1).
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Figure I-4 Percent prediction accuracy for IHC loss using the MLP model (partition method 2)
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Figure I-5 Percent prediction accuracy for OHC loss using the MLP model (partition method 2).
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Figure [-6 Percent prediction accuracy for PTS using the MLP model (partition method 2).
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Figure I-7 Percent prediction accuracy for IHC loss using the RBF mode] (partition method 1)
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Figure I-8 Percent prediction accuracy for OHC loss using the RBF model (partition method 1).
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Figure [-9 Percent prediction accuracy for PTS using the RBF model (partition method 1).
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Figure I-10 Percent prediction accuracy for IHC loss using the RBF model (partition method 2).
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Figure I-11 Percent prediction accuracy for OHC loss using the RBF model (partition method 2).
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Figure I-12 Percent prediction accuracy for PTS using the RBF model (partition method 2)
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Figure I-13 Percent prediction accuracy for IHC loss using the SVM model (partition method 1).
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Figure I-14 Percent prediction accuracy for OHC loss using the SVM model (partition method 1)
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Figure I-15 Percent prediction accuracy for PTS using the SVM model (partition method 1).
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Figure [-16 Percent prediction accuracy for IHC loss using the SVM model (partition method 2).
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Figure 1-17 Percent prediction accuracy for OHC loss using SVM (partition method 2).
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Figure I-18 Percent prediction accuracy for PTS using the SVM model (partition method 2)
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Part II: Prediction models for high level impulse noise exposures

In the case of high level impulse/impact noises, two types of models were constructed and tested.
One type is the specific frequency model (SF model), which is denoted as the ‘SF model’, and the other
type is the both-side wide band frequency model (WF model), which is denoted as the ‘WF model’. A
total 578 animals were exposed to 151 to 160 dB peak SPL impulse noises. The input and output
variables for the models are listed in Table II-1.

Table 1I-1 Input and output variables for high level impulse noise exposures.

Inputs (independent variables) Outputs (dependent variables)

Noise metrics:
1. Weighted energy, Ew(2);
2. Weighted energy in filtered octave bands E(f) at cf =
0.5, 1, 2, 4, 8 kHz;
Impulse peak pressure, Ppea;
Impulse duration, D;
Impulse rate, R;

Indices of trauma to the auditory system
(at specific center frequencies):

1. Noise-induced PTS, PTS(f) (dB)
atcf=0.5,1, 2, 4, 8 kHz;

2. Outer hair cell loss, OHC(f)(%)

Impulse number, N: atcf=0.5, 1, 2, 4, 8 kHz;

Pre-exposure auditory evoked potential thresholds, 3. Inrfr hair cell loss, IHC(f) (%)at
PREgs(f) at cf= 0.5, 1, 2, 4, 8 kHz: c£=05,1,2, 4, 8 kHz;

N oW
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Table II-1(al) Percent prediction accuracy for IHC loss using the three models.

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Mode! method
MLP SF model 71.82 [7042 |73.18 |72.95 |73.88 |72.45 1
MLP WF model 75.61 7221 | 73.65 |7826 |70.25 |73.99 1
MLP SF model 71.35 75.17 | 63.72 |73.09 |73.09 |71.28 2
MLP WF model 69.97 71.53 72.92 71.18 71.70 71.46 2
RBF SF model 84.60 8790 |[89.33 | 8420 |84.43 86.09 1
RBF WF model 86.39 8524 | 8576 |84.49 |82.64 |84.90 1
RBF SF model 85.94 84.38 | 86.98 |86.81 |86.28 86.08 2
RBF WF model 84.38 84.38 8594 |8559 |80.90 |84.24 2
SVM SF model 86.91 85.59 84.20 82.18 86.27 85.03 1
SVM WF model 87.37 82.88 80.63 85.06 84.20 84.03 1
SVM SF model 84.03 84.38 | 82.47 |84.03 |83.51 83.68 2
SVM WF model 87.33 78.13 | 82.47 |84.90 | 81.08 82.78 2

Table I1-2(a2) Change of prediction error rate for IHC loss using the three models (WF vs SF).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition

Model method
MLP 13.45 6.05 1.75 19.63 | -13.90 5591
MLP -4.82 | -14.66 | 25.36 -7.10 -5.17 0.63]2
RBF 11.62 | -21.98| -33.46 1.84 | -11.50 -8.55 |1
RBF -11.10 0.00 -7.99 -9.25 | -39.21 -13.22 |2
SVM 351 -18.81 | -22.59| 16.16 | -15.08 -6.68 | 1
SVM 20.66 | -40.01 0.00 545 -14.74 -5.51 (2

Table II-1(al) presents the percent prediction accuracy for IHC loss using SF and WF methods.
Table II-1(a2) shows the improvement in prediction error rate in comparison the WF to the SF. The
performance of the RBF and SVM models was very close (around 85% prediction accuracy), while the
MLP model is more than 10% lower than that of the RBF and SVM models. The SF method in RBF and
SVM model was better than that of the WF method. Although in the MLP model using the WF seems a
little bit better than the SF method, the overall accuracy of MLP was much lower than other two models.
Thus in [HC loss prediction models the SF approach should be used.
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Table II-1(bl) Percent prediction accuracy for OHC loss using the three models.
Frequency | 0.5kHz | 1kHz | 2kHz | 4kHz 8kHz Average | Partition

Model method
MLP SF model 73.04 80.58 [ 73.53 63.86 | 75.72 73.34 1
MLP WF model 80.73 77.81 74.05 71.00 | 71.97 75.11 1
MLP SF model 77.95 83.16 | 71.01 70.31 59.20 72.33 2
MLP WF model 78.65 80.56 | 75.52 |[69.62 | 78.99 76.67 2
RBF SF model 82.58 87.20 | 90.49 83.21 87.60 86.22 1
RBF WF model 86.73 85.87 | 83.39 85.58 86.45 85.60 1
RBF SF model 81.77 86.11 88.89 80.73 88.72 85.24 2
RBF WF model 86.46 82.47 | 83.68 85.76 87.85 85.24 2
SVM SF model 88.18 88.70 86.97 | 81.95 86.45 86.45 1
SVM WF model 88.01 86.91 82.99 | 80.69 85.47 84 .81 1
SVM SF model 85.94 90.97 | 86.81 84.55 85.94 86.84 2
SVM WF model 88.72 8472 |83.16 |79.34 80.90 83.37 2

Table 1I-2(b2) Change of prediction error rate for OHC loss using the three models (WF vs SF).
Frequency | 0.5kHz | 1kHz |2kHz |4kHz |8kHz | Average | Partition

Model method
MLP 28.52 | -14.26 1.96 | 19.76 | -15.44 6.64 | 1
MLP 3.17| -1544 | 15.56 -2.32 | 48.50 15.68 | 2
RBF 23.82 | -1039 | -7466| 14.12 -9.27 -450 |1
RBF 25.73 | -26.21| -46.89| 26.10 -7.71 0.00 | 2
SVM -1.44 | -15.84 | -30.54 -6.98 -7.23 | -12.10 |1
SVM 19.77 | -69.21 | -27.67| -33.72| -3585| -2637|2

Table II-1(bl) presents the percent prediction accuracy for OHC loss using SF and WF methods.
Table II-1(b2) shows change of prediction error rate in comparison the WF to the SF. The performance of
the RBF and SVM models was very close (around 85% prediction accuracy), while the MLP model was
around 10% lower than that of the RBF and SVM models. The RBF and SVM models with the SF
method were better than that of the WF method. Although in the MLP model using the WF seems a little
bit better than the SF, the overall accuracy of the MLP is much lower than other two models. Thus in
OHC loss prediction model the SF approach should be used.
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Table 1I-1(c1) Percent prediction accuracy for PTS using the three models.

Frequency | 0.5kHz | 1kHz 2kHz | 4kHz 8kHz Average | Partition
Model method
MLP SF model 87.83 89.62 |87.94 |91.23 |86.34 88.59 1
MLP WF model 89.05 87.27 [92.50 |89.05 | 86.63 88.90 1
MLP SF model 92.01 88.37 |96.35 | 83.51 81.77 88.40 2
MLP WF model 89.76 89.24 |89.24 | 8698 |90.28 89.10 2
RBF SF model 87.49 93.02 9233 |89.50 |91.87 90.84 1
RBF WF model 90.02 88.93 | 88.58 |90.37 |91.70 89.92 1
RBF SF model 89.58 90.28 | 91.67 |88.89 | 90.63 90.21 2
RBF WF model 88.19 88.37 | 8524 |87.85 | 88.72 87.67 2
SVM SF model 91.82 93.25 19331 |91.92 |93.89 92.84 1
SVM WF model 93.08 92.15 |92.16 |92.62 | 93.66 92.73 1
SVM SF model 92.36 9236 |93.06 |9444 |92.36 92.92 2
SVM WF model 91.49 88.72 |89.06 |91.32 |91.63 90.24 2

Table 11-2(c2) Change of prediction error rate for PTS using the three methods (WF vs SF).

Frequency | 0.5kHz | 1kHz |2kHz |4kHz | 8kHz Average | Partition
Model method
MLP 10.02 | -22.64| 37.81| -24.86 2.12 272 |1
MLP -28.16 748 | -194.79 | 21.04 | 46.68 6.03 |2
RBF 20.22 | -58.60 | -48.89 8.29 -2.09| -10.04 1
RBF -13.34| -19.65| -77.19| -9.36| -20.38| -25.94 |2
SVM 1540 | -16.30| -17.19 8.66 -3.76 -1.54 | 1
SVM -11.39 | -47.64 | -57.64| -56.12 -9.55| -37.85]|2

Table I1-1(c1) presents the percent prediction accuracy for PTS using the three models with the SF
and WF methods. Table II-1(c2) shows change of the prediction error rate in comparison the WF to the
SF. The performance of the SVM model was the best in PTS prediction (more than 90%), while
performance of the RBF and MLP was close. The RBF and SVM models with SF method were obviously
better than that of the WF method, and in the MLP model using the WF seems a little bit better than that
of using the SF. In the PTS prediction models the use of the SF approach is suggested.

Conclusion: For high level impulse noise environments, exposure parameters, i.e. peak, duration, number
and rate, are important to the prediction of NIHL. The SVM and RBF models using the SF method
obtained as much as 90% prediction accuracy. The overall performance of SVM model using the SF is a
little bit better than that of the RFB model. The SVM model using the SF method was selected as the final
prediction model for high level impulse noise exposures.
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Part III. Selecting the final prediction model

A model with the minimum error rate R was selected as the final prediction model. Figure III-1
gives a diagrammatic summary of the best model selection procedure.

SF  —

MLP

Best MLP model

A 4

SF

SF

Best RBF model

h 4

Best prediction model

SF  +—

SF

SVM Best SVM model

h 4

SF

WF

Figure 11I-1 A diagrammatic description of the best prediction model selection. [Note: SF: Specific
frequency prediction model; WF: Wide band frequency prediction model; U: Universal model; S:
Specific model (see page 7).
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(A) Best prediction model for low and medium level (peak<140dB) complex long term noise
exposures (Gaussian or non-Gaussian):

The RBF prediction model with the upper-side WF method was selected as the best prediction
model for NIHL from complex long term noise (Gaussian or non-Gaussian). The input and output
variables are listed in Table ITI-1.

Table I1I-1 Input and output variables of the RBF prediction model for complex long term noise
exposure.

Inputs (independent variables)

Outputs (dependent variables)

Noise metrics:
1.
2.
3.

Weighted energy, Eu();

Kurtosis in time domain, /3(¢);

Probability of a transient occurring in
impulse/impact noise, Prob;

Kurtosis in frequency domain Jf) at cf= 0.5, 1, 2, 4,
8 kHz;

Weighted energy in filtered octave bands E(f) at cf
=0.5, 1, 2, 4, 8 kHz;

The energy of background noise, Ey(¢);

Pre-exposure auditory evoked potential thresholds,
PREp(f) at c£= 0.5, 1, 2, 4, 8 kHz,

Indices of trauma to the auditory
system (at specific center frequencies):
1. Noise-induced PTS, PTS(Y)

(dB) at c£=10.5, 1, 2, 4, 8 kHz;
2. Outer hair cell loss,
OHC(f)(%) atcf=0.5,1, 2, 4,
8 kHz;
3. Inner hair cell loss, IHC(f)
(%)atcf=0.5,1, 2, 4, 8 kHz;

(B) Best prediction model for high peak level (peak>140dB) impulse noise transients with short
duration:

The SVM prediction model with the SF method was selected as the best prediction model for
NIHL from high level impulse noise transients with short duration. The input and output variables are
listed in Table I11-2

Table 1II-2 Input and output variables of the RBF prediction model for high level impulse noise
exposure.

Inputs (independent variables)

Outputs (dependent variables)

Noise metrics:
1.
2.

NS AW

Weighted energy, E.(f);

Weighted energy in filtered octave bands E,(f) at cf
=0.5,1, 2, 4, 8§ kHz;

Impulse peak pressure, Ppeak;

Impulse duration, D;

Impulse rate, R;

Impulse number, N;

Pre-exposure auditory evoked potential thresholds,
PREgp(f) at c£=10.5, 1, 2, 4, 8 kHz;

Indices of trauma to the auditory system
(at specific center frequencies):

1. Noise-induced PTS, PTS(f) (dB)
atcf=0.5, 1, 2, 4, 8 kHz;

2. Outer hair cell loss, OHC(f)(%)
atcf=0.5, 1,2, 4, 8 kHz;

3. Inner hair cell loss, IHC(f) (%)at
cf=0.5,1, 2,4, 8 kHz;
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