Machine Learning Methods

Overview and Justification

The pattern of localization responses reveals important aspects of perception for listeners
with BiCIs. When experimenters generalize across groups of patients with respect to their
average error, they may be overlooking systematic errors made by each patient that are critical
for everyday life. The choice to receive BiCls in the first place may have been inspired by a
desire to increase sound localization accuracy. Finally, if systematic errors are never identified,
how can we hope to improve device design and patient outcomes?

Unsupervised machine learning was used to classify listeners’ localization functions into
different categories. There were many ways to conceptualize this problem, and attempts were
made to compare against several other methods of analysis in the main manuscript (i.e., the RMS
error across target angle and fitting data with a logistic curve). We chose to simulate many
different cases of pre-defined localization functions and unsupervised machine learning because:
(1) it simulates changes in the localization function that can occur from sampling, (2) it is
extraordinarily flexible for the experimenter in that many different localization characteristics
and shapes can be simulated, (3) classification can be completed with real or simulated data, (4)
the output of the analysis is intuitive because meaningful differences in performance are defined
before analysis is complete, (5) accuracy of classification with simulated data can be confirmed,
(6) the analysis can be applied to datasets with few subjects and still remain accurate so long as
sufficient number of repetitions are used, and (7) confusions between different classifications can
be plotted and checked.

While we used an unsupervised machine learning algorithm to complete the analysis, it is

similar in spirit to a supervised algorithm with voting based upon stochastic prototypes (e.g.,



[1]). One benefit of using an unsupervised machine learning algorithm during the analysis is that
it can be applied to large, exemplary datasets where instead of simulating data from predefined
categories, data from many different subjects (that do not have predefined categories) can be
used. Unfortunately, the results in the present study suggest that the 48 patients that we tested do
not provide sufficient examples of differences between listeners to complete such an analysis. It
may be that more, exemplary listeners are needed to implement unsupervised machine learning
based only upon experimental data in different kinds of experiments (e.g., those measuring
psychometric functions), to which the unsupervised methods in the present study could be
adapted.

In this appendix, we test properties of different implementations of the unsupervised
machine learning approach to determine potential pitfalls and provide suggestions for future
analyses.

Approach

The goal of our new analysis technique was to sort localization data into predefined,
meaningfully different categories. The categories used in the present study are shown in Fig. 5 of
the manuscript and the parameters for those categories are included in the R code that
accompanies this paper. The choice of localization categories was guided primarily by Zheng
and colleagues [2], who described prototypical error patterns that emerge in children with BiCls.
The present study contains a relatively large and rich dataset for listeners with BiCIs compared
to existing literature. Thus, the choice of parameters used to capture categories was guided partly
by data in the present study. The largest standard deviations that occur in Fig. 5 reflect some of

the larger standard deviations that appear in the dataset. The choice of where the means of



localization across target angle begin to asymptote (near £50 degrees) was guided by data in the
present study and many previous studies [3—6].

Classification was completed using the different unsupervised machine learning
algorithms by including the mean and standard deviation at each target angle as “features”. The
output of the algorithm is a set of “clusters” which assign a listener and all simulated data to
different categories. Accordingly, 50 subjects were simulated from each of the predefined
categories illustrated in Fig. 5 with 15 repetitions per target speaker, as in the data from listeners.
A total of 50 x 20 = 1000 simulated subjects and data from one listener were input to the
unsupervised machine learning algorithm and classified into 20 different clusters. The mode of
the category from the simulated data in the cluster containing the participant was taken for each
classification. This process was repeated 50 times for each listener. The mode of the modes from
50 repetitions (including newly simulated data) was taken as the “true” category for that listener.
As illustrated in Fig. 6, it was possible to show the frequency with which participants were
classified into a particular cluster on each classification.

The simulation study below shows that with more data from few participants, greater
accuracy can be achieved (when the category of the simulated cases is known). This analysis
procedure is also utilizable for studies that include few data from few participants, but will result
in higher rates of mis-classification due to sampling error. Performance from two different
unsupervised machine learning algorithms was compared in the Simulation Study section.

Below is a brief description of each algorithm. Partitioning around medoids (PAM) was
used for all analyses reported in the Results section of the manuscript based upon the results of

the simulation study. Following these descriptions, results of the simulation study are shown.



Partitioning Around Medoids (PAM) Algorithm

The original description of the PAM algorithm is provided by Kaufman and Rousseeuw
[7] and is outlined as implemented in the present experiment. An unsupervised learning

algorithm attempts to minimize some dissimilarity criterion for a set of data where:
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such that each element in the matrix 4 is a vector of f features with a total of s observations.
Specifically, in this experiment there were f'= 38 means or SDs at each target angle. During the
analysis for each listener, 1000 simulated subjects and one listener were included in 4, such that
s =1001. The PAM algorithm works by minimizing the distance between observations
partitioned into clusters according to the following equation:
s s
min z z A0, Q) 2y (A2)
p=1q=1
where d(p,q) is the dissimilarity between elements a,; and a4 for some p,qg = 1,...,s and all [ =
1,....f, and z,, is a weight of 0 or 1 assigned to the pair of pth and gth observations. The

following is true of z:
N
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subject to the constraint that z has exactly & rows containing non-zero elements, where £ is the
number of clusters specified by the experimenter. Thus, PAM is simply a specific case of a 0-1
linear programming problem. Each row in z corresponds to the inclusion of a particular

observation into a set of “representative observations” used to compare against all other



observations. The ith column and jth row of z indicate the jth representative observation to which
the ith observation is assigned (indicated by a value of 1). The representative observations are
determined algorithmically.

The dissimilarity d(p,q) is calculated as the pairwise Euclidian distance between all

objects according to Eq. A4:

f
d(p,q) = Z(apj - aqj)2 forp,q €{1,..,s} (A4)
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for the pth and gth observations of the jth features from the matrix 4 in Eq. Al. Alternative
dissimilarity calculations can be specified by the experimenter if so desired.

The algorithm itself has two phases: initialization (i.e., BUILD) and changing of labels
(i.e., SWAP). In the BUILD stage, representative observations are determined iteratively (and
defined in z) beginning with the observation with the minimum dissimilarity to all other
observations. For each following iteration, the dissimilarity between the ith observation and the
most similar representative observation (D;), as well as the ith observation and all other
observations (D)), is calculated. The difference between D; and D; will always be negative (since
the first representative observation minimized dissimilarity). Once this calculation is completed
for all s observations, the next representative observation is that which minimizes D;,— D;. For
iterations beyond the second, D; may vary depending upon i since there is more than one
representative observation in the set. This process is repeated until £ representative observations
are found, and these observations are used as the medoids for initial partitions.

In the SWAP stage, the dissimilarity between all representative and other observations,

and for the case where the pth observation is included and its most similar representative nth



observation is excluded from the representative observations, is calculated as in the objective

function in Eq. AS5:
N N
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where values of z are chosen during the BUILD or previous SWAP stage and z*,, represents the
case where the pth observation is included in the set of representative observations and its most
similar, nth observation is excluded from that set. If the objective function is negative, then
including the pth observation in the set of representative observations results in less dissimilarity
or better performance, so a SWAP of the pth and nth observation is made. This results in the
inclusion of the pth row of 4 as a representative observation and exclusion of the nth row of 4.
The SWAP process is completed for all observations. If no swaps are made for s iterations, then
the algorithm stops.

K-Means Algorithm

Analysis was completed with another unsupervised algorithm called k-means. An early
description of the k-means algorithm as implemented in this appendix is provided by Hartigan
[8]. Here, we provide a brief overview of how the algorithm works using the same matrix 4 from
Eq. Al. The k-means algorithm minimizes the distance between points within a given number of

k clusters specified by the user and their centroids according to Eq. A6:
N
min z d(p) (A6)
p=1

where d(p) is the dissimilarity between the pth row of 4 and the mean of each cluster in 4 (see

Eq. A7).



One aspect that distinguishes k-means from PAM is that dissimilarity is the Euclidian
distance or root-sum-squared difference between all observations in a cluster and the mean of
that cluster. In contrast, dissimilarity in PAM is calculated by taking the difference between

representative observations and all other observations. Thus, the dissimilarity in k-means is

defined in Eq. A7:

f
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where d.(p) is the error for the pth observation partitioned into cluster # over each jth feature,
and a,; represents the mean of the jth feature in cluster u.

The k-means algorithm works by randomly assigning all s observations to a particular
cluster k£ and computing the dissimilarity (Eq. A6). For the pth observation previously assigned

into cluster u, an objective function is calculated from Eq. A8:
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where n; and n, are the numbers of observations in clusters ¢ and u, respectively, and d; and d,
represent the dissimilarity for the pth observation partitioned into clusters # and u, respectively. If
obj(p) for any ¢ is negative, then the pth observation should be moved from cluster u to cluster ¢
where the objective function reaches its minimum, and Ay Qe ddp), and d.(p) should be
recalculated iteratively for p=1,...,s. After s iterations for each observation, if the error did not
change (i.e., no observations were partitioned into new clusters), then the algorithm stops.
Simulation Study

It is plausible that PAM is more robust than k-means because it relies on pairwise

dissimilarity between all and representative observations, compared to k-means, which relies on



only differences within a single cluster and the cluster mean. This hypothesis was tested in a
simulation study to guide the choice of which algorithm to use for the new analysis approach.

There are two types of validation tools that exist for unsupervised machine learning
algorithms: internal and external. Internal validation refers to the process of examining clusters
to determine similarity within clusters and can be completed without knowing the “true”
category to which a particular observation belongs. External validation refers to the process of
examining clusters for accuracy based upon the “true” categories. It is possible to perform
external validation in simulation studies where performance of the algorithm is assessed based
upon how accurately a simulated data are sorted into the categories provided, and there is a
correct category to which each simulated individual belongs. In this simulation study, external
evaluation was used to compare the performance of these two unsupervised machine learning
algorithms.

In so doing, it was possible and important to confirm that the procedure described in the
Approach section above yielded accurate performance and determine what parameters in the data
that affect performance. Therefore, the same technique was used as in the Approach, but no data
from actual listeners were used. Instead, only simulated data were used to evaluate algorithm
performance. This process was completed 2000 times with a newly simulated dataset. It was then
possible to determine how often the procedure resulted in an assignment of simulated categories
to the correct assignment (from Fig. 5). Three metrics were used as indices of algorithm
performance and are included in the R code that accompanies the present paper: purity,
normalized mutual information, and Rand index.

Cluster purity is a statistic that represents the number of clusters containing the same

category and is defined in Eq. A9:



N
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where s represents the total number of observations or simulated subjects, for the true and
estimated categories u and ¢ for the pth observation or row in 4, and |U] indicates the number of
items in a set U. That is, when the true and estimated categories match, the expression in the
summation takes on a value of 1, and when they do not match, it takes on a value of 0, for a total
of s observations. Thus, purity indicates the consistency of clustering averaged across all clusters
Up.

The values that u and ¢ take on over all observations can be summarized by the cluster
number 1,.. ..k to form & sets of {cq),....ciw} € C and {bg),....bw} € B, representing the
observations or rows in 4 to which each observation belongs or was algorithmically assigned,
respectively.

Mutual information was first discussed by Shannon [9], is calculated by comparing the

overlap between the true and algorithmically estimated classes, and is defined in Eq. A10:

kk|cnb|s|cnb|

Mutual Information—zz ORS¢ log Ot} (A10)
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where ¢ and by are the sets of observations or rows in A for the ith true and jth algorithmically
estimated categories, respectively. Mutual information is bounded between (0, ), the upper-
limit of which is determined by the entropy of partitions C = {c(),...,cw} and B = {bg), ...,bw}.
To convert to normalized mutual information, which is bounded between 0 and 1, mutual
information is divided by the maximum of the entropy of C and B, and the expected value is

subtracted from the numerator and denominator.



Finally, the Rand index is given by Rand [10], is calculated by taking the probability of
choosing a correct clustering (including and excluding observations accurately), and is defined in

Eq. All:

N
1
Rand Index = ﬁ z Ypq (A11)
2

p<q

(1 if there exist i and j such that both the pth and gth
row of A are in both c(;y and b,

1 if there exist i and j such that the pth row

of A is in both c(;) and b;, while the gth row fori,j=1,...k

where y,, = 1

of A is in neither c(;) nor b

\ 0 otherwise

and cg and b are defined as in Eq. A10, and s is the number of simulated subjects. Thus, the
Rand index is a ratio of the sum of true positives and negatives over the total number of possible
combinations.

The number of repetitions per target speaker was also varied to determine how this
affected clustering purity, normalized mutual information, and rand index. Each of these
measures is bounded between 0 and 1 and gives a measure of classification accuracy. A value of
1 indicates perfect performance of the unsupervised machine learning algorithm. These data are
summarized in Fig. Al for each measure. Fig. A1 shows that for all but the fewest repetitions per
target speaker, PAM performed as well as or better than k-means on each external evaluation
measure, especially when more simulated subjects were included in the analysis. PAM and k-
means performed better with more repetitions per target speaker were included, and PAM

surpassed k-means around 15-20 repetitions per speaker for 50-100 simulated subjects.
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Fig. Al. External evaluation of PAM and k-means performance for simulated data. Data

were simulated based upon the categories in Fig. 5. Each column represents a different

number of simulated subjects per category in Fig. 5. Each row represents a different external

evaluation criterion. The x-axis shows the number of repetitions simulated per target angle

(i.e., for the 19 target angles that appear in each panel of Fig. 5). The y-axis shows the

magnitude of each criterion of performance. Error bars represent 95% confidence intervals

about the mean. Confidence intervals were calculated by taking the mean of the criterion

across simulations and adding the z-score for 95% probability density (1.960) times the

standard deviation from the 2000 samples. The standard deviation was used instead of

standard error because the confidence interval is meant to reflect the distribution from the

simulations. All criteria were bounded between 0 and 1, where 1 indicates perfect

performance. Data from PAM are shown in red and data from k-means are shown in grey.



Clusters in Dataset

Another possible approach to the problem would have been to include all data from
participants to determine the number of different sound source localization functions that were
apparent in the present data. To address this question, instead of including simulated data, data
from all participants were included in PAM and internal validation criteria were used to
determine the number of potential clusters in the dataset. PAM was used instead of k-means
based upon the simulation study results.

The procedure described by Hennig and Lin [11] was used to determine the ideal number
of clusters. Recall that the number of clusters must be specified with the input of PAM, so this
procedure provides one way to estimate the ideal number of clusters in a particular dataset.
Briefly, the procedure relies on bootstrap simulations of data with no clustering (i.e., a null
model) and a comparison against data input to PAM. Experimental data were placed in a matrix,
where each row corresponded to a different subject, and each row corresponded to the mean or
SD of response angles for that subject (i.e., “features” for a clustering algorithm) as in Eq. Al.
Bootstrap simulations were completed by simulating from a multivariate standard normal
distribution, estimating the correlation matrix from the mean and SD at each target angle across
listeners with BiCls, and applying the inverse normal transformation using the means from
experimental data. The resulting bootstrap simulations thus had a similar pattern of means and
covariance but with no clustering. The results of this analysis are shown in Fig. A2. The results
indicate that the average silhouette width (an internal validation criterion used to determine
consistency within clusters where higher values indicate better performance) falls within the 99%
confidence interval surrounding the null model with three clusters included in PAM. The upper

bounds of confidence intervals were calculated by taking the mean of average silhouette widths



across simulations and adding the z-score for 99% probability density (2.575) times the standard
deviation from the 500 samples. The standard deviation was used instead of standard error
because the confidence interval is meant to reflect the distribution from the simulations, not the
distribution of means from some theoretical probability density function associated with the null

model.
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Fig. A2. Estimation of number of clusters in dataset. This type of analysis is based on that
proposed by Hennig and Lin [11]. Five hundred simulations of a null model containing no
clustering were used to determine the confidence intervals around average silhouette width.
The x-axis shows the number of clusters estimated by PAM. The y-axis shows the average
silhouette width, where higher values indicate greater similarity within, and greater
differences between, clusters. Average silhouette width from the data collected in the

experiment are shown in red and data from the null model bootstrap are shown in black.

Results from Fig. A2 suggest that there were only two clusters that emerge naturally in the

dataset from the present study. This result may at first glance suggest to the reader that the



analysis procedure employed in the present study was inappropriate. However, large variability
across listeners with BiCls is typical in the literature. Though 48 listeners is considerably large
for BiClI studies, it may not provide a sufficient number of examples of the kinds of performance
differences that can be observed across listeners. It may also be that the listeners participating in
the present study were not sufficiently representative of differences between listeners with BiCls
in the literature. The use of data from simulated categories avoids this problem and makes it
possible to complete this type of analysis when few listeners with BiCls participate in a study, a
commonality in the literature. Further, using simulated data will allow for fairer comparisons

between future studies that might adopt this procedure.
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