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Abstract

Cortical auditory evoked potential (CAEPS) threslsdhave been shown to correlate well
with behaviourally determined hearing thresholdev@h functions of CAEPs show promise
as an alternative to single level detection foeobye hearing threshold estimation; however,

the accuracy and clinical relevance of this metisatbt well examined.

In this study, we used temporal and spectral CAdsufes to generate feature growth
functions. Spectral features may be more robust tifzaitional peak-picking methods where
CAEP morphology is variable, such as in childremearing device users. Behavioural
hearing thresholds were obtained and CAEPs weogded in response to a 1 kHz puretone
from twenty adults with no hearing loss. Four feesi peak-to-peak amplitude, root-mean-
square, peak spectral power and peak phase-locking (PLV) were extracted from the
CAEPs. Functions relating each feature with stiraldwel were used to calculate objective
hearing threshold estimates. We assessed the iparioe of each feature by calculating the

difference between the objective estimate and émawourally-determined threshold.
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We compared the accuracy of the estimates usirtyfeature and found that the peak PLV
feature performed best, with a mean threshold @fr@r7 dB and standard deviation of 5.9
dB across subjects from behavioural threshold. 8@ examined the relation between
recording time, data quality and threshold estineaters, and found that on average for a
single threshold, 12.7 minutes of recording wasleddor a 95% confidence that the
threshold estimate was within 20 dB of the behandbthreshold, using the peak-to-peak
amplitude feature, while 14 minutes is neededtergeak PLV feature. These results show
that the PLV of CAEPs can be used to find a clihyaelevant hearing threshold estimate.
Its potential stability in differing morphology mée an advantage in testing infants or

cochlear implant users.

Keywords:Hearing threshold; objective audiometery; electoegmalography; spectral

analysis; phase-locking value; growth functions;
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1 Introduction

Accurate estimations of hearing thresholds are mapb for the optimal adjustment of
hearing aids and cochlear implants to suit eacivichaal patient’s hearing characteristics.
Behavioural threshold estimates are the currert gi@ndard and in most cases are easy to
administer, but the accuracy of the result camiggired by an inability to respond (as in the
very young), lack of co-operation, or confusiontbe part of the respondee. For these
reasons, objective measures of hearing thresheldesirable. In this work, we use the
cortical auditory evoked potential recorded frosiragle active channel as an objective
measure used to estimate hearing thresholds, anpare the performance of different
features of the cortical auditory evoked potentighreshold estimation using a growth

function fitting method.

Objective hearing threshold estimates may be deifinem auditory-evoked
electroencephalography (EEG) measures such agmmeotind action potential (CAP)
(Goldstein Jr et al., 1958), the auditory brainstesponse (ABR) (Jewett et al., 1970), the
auditory steady state response (ASSR) (Galambals, 4981), or the cortical auditory
evoked potential (CAEP) (Davis, 1965). Electropbimgical recordings have the advantage
that they do not require the participant to givedigack. When assessing the validity of these
methods against behavioural thresholds, the CAEiR;hws more likely than subcortical
potentials to correspond to perceptionof the stimuappears to correlate with behavioral
thresholds similarly or better than the ABR (HAtB93; Pratt et al., 1978; Van Dun et al.,
2015) and the ASSR (Tomlin et al., 2006; Yeung.e2807). The CAP (generated in the
auditory nerve) is only utilised for cochlear implaisers, where it is better known as the
electrically-evoked CAP (ECAP), and is less cometlavith behavioral hearing thresholds
than either CAEP or ABR (Brown et al., 2000; McKetyal., 2017; McKay et al., 2013;

Miller et al., 2008). In addition, the CAEP haveosim promise in situations where ABR
thresholds cannot be obtained (e.g. those witht@ydneuropathy (Pearce et al., 2007; Starr
et al., 1996)), or where ABR thresholds are nol e@lrelated with behavioural measures
(e.g. cochlear implant users, especially at higtierulation rates (Abbas et al., 1991; Brown
et al., 1999)).

Methods of hearing threshold estimation based gsiplogical responses use a common
framework regardless of whether the estimationriggle is by visual inspection or is
automated by an algorithm. Estimation methods esrelly be split into three steps: First,
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multiple recordings are acquired in response th efiseveral sound intensity levels.
Second, specific features are extracted from th® Et€ording. Examples of these features
include the frequently used N1-P2 potential diffexe (Picton et al., 1976), the phase
coherence between individual response epochs dame stimulus(Picton et al., 1987,
Tallon-Baudry et al., 1996), the spectral powethef ASSR (Yeung et al., 2007), or the
global field power across a full-scalp electrodentage (Visram et al., 2015). Third and
finally, a set of decision rules are applied talfthe threshold by either statistically testing
for the presence of the feature at each singlasittelevel (Golding et al., 2009), or by
fitting a growth function to extrapolate beyond theensity levels that were tested to find
threshold (Visram et al., 2015). Single intensg@ydl testing requires using an adaptive
procedure to find the lowest intensity level thatites a response (Van Dun et al., 2015),
however there is no literature on the optimal istgnlevels to present for growth function
fitting.

Previous studies have explored many combinatiotiseofeature extraction and threshold
estimation steps described above. By far the naehwonly used feature in clinical use for
threshold estimation is visual inspection of the®RPLmorphology. These studies have
consistently found a 10 dB standard deviation ffeceknce between estimated threshold and
behavioural threshold for normal hearing and hegginmpaired adults using acoustic stimuli,
although all have isolated exceptions where thenas¢ disagreed with behavioural estimates
by over 15 dB or where no response could be redoi@eles et al., 1984; Hoth, 1993;
Rickards, 1996; Yeung et al., 2007). In objectietedtion, the amplitude of the time-domain
response remains the most straightforward and osest feature (Hoth, 1993; Ross et al.,
1999; Van Dun et al., 2015). However, other feasach as single epoch phase (Ross et al.,
1999), signal to noise ratio, reproducibility, aspectral power (Hoth, 1993) have been
combined with amplitude measures, achieving resittdar to those of visual detection by

experienced examiners.

To further advance the robustness of objectivestiolel estimation, features based on the
time-frequency content of the CAEP are of particulgerest, as there has been no direct
comparison of their performance against time-dormaamlyses. In addition, although power
change from baseline (Hoth, 1993; Makeig, 1993) @mase measures (Ross et al., 1999)
have been previously used in CAEP based analyseselationship of these features with
stimulus intensity is largely unexplored. For exdénRoss et al. (1999) reported an
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increased statistical significance of phase lockiogpared to baseline phase locking when

stimulus intensity was increased, but did not gifxattie degree of phase locking.

Threshold estimation can benefit from utilising te&tionship between features and
stimulus intensity. This relationship is found lityimg growth functions to observed features
of EEG recordings in response to sound stimuliiiééiebnt intensities (see Figure 1). In
comparison to methods that use single level stalgesting (e.g. Van Dun et al. (2015)) the
growth function technique has the advantage thaapalation of the growth function can
give finer resolution of threshold estimates, aadhetested level does not have to reach
statistical significance. Visram et al. (2015) haged a growth function method successfully
in cochlear implant users; however, 64 EEG channele needed to estimate global field
power. Use of fewer or single recording channelspaiay allow their direct incorporation
onto hearing aids or cochlear implants, and hendeeetry in aided hearing without
additional recording equipment. Growth function<C#EPs are otherwise not widely
reported due to the the time consuming nature @digiog the necessary responses (Abbas et
al., 2015).

In the present study, we explored time-frequeneyuiees of the EEG acquired from single
EEG channels and their associated growth with dtisnmtensity in order to estimate hearing
thresholds in 20 normally hearing adults. We coragdwo time-domain and two time-
frequency domain features: in the time domain pisak-to-peak amplitude (N1-P2) and the
total power in the response (root-mean-square yanel in the frequency domain, the post-
stimulus peak spectral power and peak phase-lockihge. We objectively estimated
hearing thresholds with each of these featurescoigpared the performance of these four
features in threshold estimate accuracy and estadalithe relation between threshold
estimate accuracy and recording time. We hypotaddisat growth function fits based on
time-frequency features would provide more accueatenates of hearing threshold than

growth function fits based on time domain features.

2 Methods

<<Insert Figure 1 about here, grayscale>>
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21  Subjects

20 subjects, with ages ranging from 21 to 37 yégaesan 25 years), participated in this study.
This study was conducted under the approval oHilmaan Research Ethics Committee of
the Royal Victorian Eye and Ear Hospital, and egaatticipant gave written informed
consent. An audiogram was performed for both eapstave frequencies between 250 and
8000 Hz with an audiometer and all subjects haektiwlds less than 20 dB HL. The ear with
the lower pure tone average threshold between 28@@00 Hz was selected for subsequent
testing, resulting in 12 right ears and eight ésits.

2.2 Sound stimuli

The test stimulus was a 1000 Hz pure tone of 5Qunatidn and had 4-ms linear rising and
falling edges, and phases were consistent for s@oiulus. The stimuli were presented
through Matlab (version 2015a, MathWorks, MA, USA), RME Fireface 400 sound card
(RME Audio, Germany) and Etymotic Research ERZ2rins&phones (Etymotic Research,
IL, USA). Stimulus calibration was performed witletGRAS 43AC Ear Simulator Kit and
the Norsonic Nor140 Sound Analyser by taking airepdt a 1/3 octave band around a 1
kHz centre frequency. The dB SPL of a full-scaleepone was recorded and used to scale

stimuli to the required dB SPL levels in Matlab.

2.3 Behavioural threshold estimate

Behavioural thresholds for the experimental stimwlere found with an adaptive three-
interval forced-choice task. One of three 200-nterirals, chosen randomly, contained the
sound stimulus, where a 150ms silent period wasraggd to the end of the 50ms tone, while
the other two contained silence. Subjects weredatkselect the interval with sound or to
guess if unsure. Stimuli began at 50 dB SPL, aaddbel was increased after one incorrect
response or decreased after two consecutive coagmbnses. There were ten turning points,
the first two being in steps of 10 dB and 5 dBldwked by eight 2 dB steps. The behavioural
threshold was taken as the average of the lastigiing points and is referred to as 0 dB

sensation level (dB SL) in this paper.

24 EEG data

Nine stimulus intensities relative to 0 dB SL wpresented: -20, -5, 0, 2, 5, 10, 20, 40 and
60 dB SL. The -5, 0, and 2 dB SL levels were exetuftom growth function analyses as
they were deemed to not contribute to the growtittion fits; instead they were used in
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single level statistical testing. Additionally, th20 dB SL level was only used to calculate
baseline levels and was not used in the growthtimmditting. To minimize possible effects
of training or fatigue, stimuli were presented iraadom order with an inter-stimulus interval
(IS1) randomly jittered between 1.35 and 1.65 sedsoiEEG data were acquired with a
BioSemi ActiveTwo EEG system with data acquiredrfr@z (in the international 10-20
configuration) and left and right mastoids, witke tiommon Mode Sense (CMS) and Driver
Right Leg (DRL) placed on either side of the midpdietween Pz and POz. Data were
sampled at 2048 Hz, with a fifth order sinc resgoasti-aliasing filter with -3dB cut-off at
400 Hz. Data were acquired at each stimulus intgasitil the residual noise level (Elberling
et al., 1984) either reached 0.47.8f 0.6 p\f if the Hotelling T statistic (Golding et al.,
2009; Hotelling, 1992) concomitantly returnee 10°. This ensured that the data quality
across all subjects were at a consistent noisé IReeording was performed in an
electrically isolated acoustic chamber. The BioSAf box was connected to computer
equipment outside the room via an optic cable. &ibjwere given a silent, captioned film to
watch during the experiment, and were instructestag awake and as still as possible. The
noise from the stimulus generation system was nmedsa be 6.0 dB SPL.

25  Data post-processing

Data were re-referenced to the average of the tagtord channels, and zero-phase filtered
between 1 and 45 Hz with separate low and high-piéiptical filters designed to have a
passband ripple of <1% and stopband attenuatiod@fiB. Data were then down-sampled to
256 Hz and epoched in a window -800 ms to +1200ehasive to stimulus onset. Finally,

any epochs with amplitudes that exceeded +100u\é wagected as artefact contaminated
epochs. After these analyses, the dataset incldatedfrom 20 subjects and nine stimulus
levels. We will henceforth refer to each set of@mfrom one subject and one stimulation
level as a “block” of epochs. The number of epaamged from 130 to 451 per block (mean:
265, standard deviation: 86).

2.6 Feature extraction

Four response features of the EEG were considartsi study; two in the time domain, and
two in the time-frequency domain. The two time donfaatures were both calculated on the
epoch block mean (average of all epochs acrossteaetpoint in a block): peak-to-peak
amplitude values were calculated as the differdrateeen the minimum and maximum

voltage potential in a 50 to 500 ms post-stimulusdaw, and the root mean square (RMS)
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value of the block mean was calculated on the €0rte 500 ms post-stimulus window
(Figure 2A). The two time-frequency domain featupesak spectral power and peak phase
locking value (PLV), were calculated by first tafgithe short-time Fourier transform using
Matlab’s spectrogram function on each epoch. A#@Hamming window with a time-step
of 20 ms was used. Power spectrograms were cadubgttaking ten times the log of each
epoch’s time-frequency magnitude, averaging acadspochs, and then normalizing the
spectrogram by subtracting the pre-stimulus powakrutated at 300 ms before stimulus
onset. The peak spectral power feature was defingde peak value in the power
spectrogram between 1-20 Hz and between 50 andhSp@here a post-stimulus time is the
location of the centre of the Hamming window (Fig@B). The phase-locking spectrograms
were calculated by taking each of the N epoch’&tfrequency phasé@)and applying the
following formula to calculate the phase-lockinduea(PLV) at each timg)and frequency

(f) point to generate the phase-locking spectrogidardia, 2014):

N 2 N 2
PLV(t,f):% [Z cog(6;(t, f))l . [Z sin(8(t, f))l
i=1 i=1

The peak PLV feature was the peak value in the Bh&€trogram between 1-20 Hz and
between 50 and 500 ms (Figure 2C).

2.7  Growth function fitting and threshold estimation

Each time a feature was extracted from a blockpoths in response to one stimulus
intensity, bootstrapping was performed to estaldislonfidence interval for each calculated
feature. The feature’s distribution was estimatgdamdomly selecting a subset of epochs
from a block with replacement for 1000 iteratioB$rén et al., 1986). The standard deviation
of the feature distribution was calculated (Efromale 1986), which gives a measure of the
size of the confidence interval. We will refer kastas the ‘feature noise level’. Thus, a larger
feature noise level corresponded to a bigger uaiceytof the calculated feature. If a block
did not have enough epochs to reach a specifiedreenoise level, all epochs within the

block were used.

Single level testing was performed with the boaistieature distributions as above, and for
each subject. The bootstrap distributions for dackl were compared to the baseline level.
The baseline level was the calculated feature usi@g20 dB SL response block. Responses
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at each level were deemed detected when the distnits of the tested level and baseline
level overlapped for less than 50 bootstrap iterati(thus calculatepk0.05). The threshold
estimate was defined as the lowest stimulus leweh&h two consecutive stimulus levels
were detected as responses.

Growth function estimation was performed by findthg best linear fit that described the
growth of the function with stimulus level, andding the stimulus intensity level at which
this function intercected with the feature nois®fl The median of the bootstrap feature
distribution was used as the estimate of the feaatieach stimulus intensity level. Growth
functions were generated by performing a lineastlsguares curve fit to each of the four
response features using the 5, 10, 20, 40 and @BLdBtensity levels. Then, the feature
value at -20 dB SL (an intensity level which woblel very unlikly to be perceived) was used
as the baseline value of this particular featund, tae dB SL level that correponded to this
value on the linear fit growth function was takertlae threshold estimate (see Figure 4A for
diagramatic representation). Thus, the threshdichates described in this paper are the
difference between the estimated threshold ant¢havioural threshold in decibels.
Threshold estimates were deemed invalid, and gmeved from further analyses, if one of
three criteria were met: the estimated thresholsl ewdside the range of £100 dB SL, the
software was unable to find a valid fit, or thepgaf the fit was less than 0 (negative
amplitude growth). We also compared the linear editto an exponential curve fit as
described by Visram et al. (2015) and (Ross efl@B9), fitting to the equation:
x—b

f)=a(l—e <)
wheref represents the feature, ancepresents the stimulus intensity in dB Skkepresents
the asymptote and thus the upper limit for theuesst,b represents the x-axis shift and
represents the speed of feature growth. Whenditigurve for the peak PLV featueeis
restricted to a value between 0 and 1.

Here, the threshold estimates were deemed invale iestimated threshold was outside the
range of +100 dB SL, the adjustéd/alue of the curve fit was less than 0, or thentaior ¢

of the curve fit was less than 0. The arbitrarygenf +100 dB SL was chosen to eliminate
any outliers due to unusual fits (such as one wegtly shallow slope) affecting the overall

analysis.
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The performance of the threshold estimate methadquantified by the estimate’s standard
deviation across subjects. This method of defipagormance was chosen, rather than the
mean difference between behavioral and objectikastiolds, because any mean difference
can be subtracted from the objective threshold@s@ctive factor (Hoth, 1993; Ross et al.,
1999). For example, if a method estimated threshmlde 5 + 10 dB SL across subjects,
then we could subtract 5 dB from all estimatesttwedlO dB standard deviation quantifies

the error across subjects in the performance sfrtfathod.

3 Results

31 Behavioural data

Hearing thresholds at 1 kHz determined from thaagrdm across 20 subjects were 13.0 +
5.1 dB SPL (mean = 1 std). Behavioural thresholataioed by the three-interval forced-
choice task with 1 kHz tone pips were found to #et4.4 dB SPL (mean £ 1 std). A paired
t-test revealed no significant difference betwdersholds found with the two methods:(
1.57,p = .133), and there was a moderate and signifiaamékation between the methods (
=.76,p < .001). The three-interval forced-choice behawabthresholds were taken as 0 dB
SL and thus were used to compare with the objeetstienates in further analyses.

3.2  Hgnificant power change and phase locking to sound stimuli were present in all

subjects

An example of epoch-averaged time-domain data fsamsubject at 60 dB SL is shown in
Figure 2A, which illustrates how the two time-damteatures, peak-to-peak amplitude and
RMS were calculated. The same response represiariteel time-frequency domain (spectral
power and PLV) is shown in panels B and C, respelsti The peak values in each (indicated
by a black dot) are the time-frequency domain festthat were extracted for growth
function fitting.

The regions enclosed by the black outline in Figi® and 2C are the regions within which
the power and phase-locking features were stadlitigreater than baseline for that subject,
with the baseline set at the -300 ms timepointr{pgation test, 1000 iterations, normalized z
score>3 for outline). The bottom panels (D-F) shbe/grand average time- and frequency-

domain features, as well as the peak power ancegdbaking locations for each of the twenty
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subjects, denoted by black dots. It can be seearhibgpeak PLV time-frequency location was

less variable across subjects than for peak power.
<<lInsert figure 2 about here, in color>>

Each feature was extracted at every stimulus iitiefts all subjects. The mean growth of

the features with respect to stimulus intensitshiswn in Figure 3. For all features, the values
were observed to increase with increasing stimulignsity. Furthermore, each feature in
response to several near-threshold intensities sigriéar in value to the baseline feature
level, where the baseline was indicated by thaufeatalue at a stimulus intensity of -20 dB
SL. Linear growth of each feature was observedgiten supra-threshold levels that were not
obscured by the noise floor. This result promplexigelection of a linear curve fit for

threshold estimation.
<<Insert figure 3 about here, in grayscale>>

3.3  Linear curvefits estimate thresholds accurately

Linear growth functions were fitted to each subgedata individually using the four features
described in the Methods section. In this sectdirgpochs that were acquired were used in
the analysis. In Figure 4, panel A shows an examplee growth function for one subject
using the peak PLV feature. A linear relationshégpween the PLV and the stimulus intensity
level can be observed. Panel B shows fitted ligeawth functions for all subjects and
features, and that peak PLV and peak-to-peak amdglibad the smallest variance across
subjects in their threshold estimates, while pgacsal power was the worst performing

measure with three invalid fits and one that waside the displayed range.

The quality of the threshold estimation is shownows 1 and 2 of Table 1. Levene’s test for
unequal variance was performed in Minitab and slibavsignificant difference in the
variance of the threshold estimates using the fieatures V= 5.08,p = 0.003). Post-hoc
analysis by performing a two-samgieiest on each pairing found that the variance ef th
peak power threshold estimate was significantijhbighan the variance of all the other
features (Bonferroni corrected= .05: versus peak-to-peak amplitufi@gs 19 = 11.4,p <
0.001; versus RMS16.19) = 7.22,p < 0.001 versus peak phase-locking vakgs 19 = 12.1,

p < 0.001). Thus, the peak power feature has po@doipnance compared to the threshold

estimates generated using the other three feataraddition, a one-way ANOVA was
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performed on the mean threshold estimates anchdisant difference was found (Welch’s
test,F37= 3.43,p = 0.027). Post-hoc analysis revealed a signifigdotver mean threshold
estimate when using the peak PLV compared to thk pewer feature (Games-Howell test,
adjustedp = 0.029). No other comparisons were significant.

<<Insert Figure 4 about here, in color>>

The mean goodness of fit across subjects for esathre, in adjusted value, is indicated in
row 2 of Table 1. The goodness of fit values wegh lfabove 0.91 for all features except
peak power), providing evidence that a linear fiorcts suitable to model the relationship
between the intensities tested and each of tharksaexcept for peak power. To further
validate our method, we compared results in ththeravays. Firstly, we compared the linear
curve fit with an exponential curve fit (as perfatby Visram et al. (2015)), and the
goodness of fits are shown in Table 1. The threkhstimates and the goodness of fits are
not significantly different for all four featureRénksum test, Bonferroni correctechat

0.05). However, by visual inspection, we obsenred the exponential fits were mostly

linear in the region near the hearing threshold@mdinued linearly for the higher stimulus
intensities tested. The values for the upper asgtamf the fitted exponential for peak-to-
peak amplitude, for example, were all above 90 u&€pt for in one subject, an unlikely
value for an auditory response. It was likely titt data did not sufficiently define the
exponential fit, as the stimulus intensities did re@ch a high enough level to for a plateau in
the features to become apparent. In the specialafate peak PLV growth function where
we limited the asymptote to a maximum of 1, theoggmtial growth functions could fit the
sampled stimulus intensity points used in this wtaemd the growth rate was also slow
enough to fit the mostly linear growth as seenigufe 3 panel D. The implications of using
different growth function shapes are included & Bhiscussion.

Secondly, instead of using the noise floor to estérthe threshold from the linear growth
function, we used a value of zero. The resultamstold estimates indicate that finding the
intersection of the noise floor with the lineardave threshold estimates with lower standard
deviations across subjects for peak to peak andgjtRMS and peak PL\F{test,

Bonferroni correctedy = 0.05;F1910= 3.83, 3.85, 6.87 amu= 0.005, 0.005, 0.0001
respectively), while peak power did né4§ 16= 2.71,p = 0.054).
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Lastly, we compared linear curve fits to singleclestatistical testing. In Table 2, we

compared the Hotelling test, as used by (Van Dwal.£2015) to the four features in this

paper using single level detection as describeddrsection 2.7 of Methods. A direct

comparison between thresholds estimated usingvatigifoinction and using single level

detection is difficult because different stimuleséls and data qualities at each level is

required for either method. This difficulty is fodr explained in the Discussion.

Nevertheless, we found no significant differencéhi variance of the threshold estimates

using the five different forms of single level iagtas described in the Methods section
(Levene’s testyv = 0.809,p = 0.523).

Table 1: Threshold estimates using all data for each of the features. Mean + 1 standard deviation and

goodness of fit (adjustedvalue) shown. The first two rows show the resuttsegated from the procedure as

described in the Methods section: linear curve éitel threshold calculated using the feature vafumseline

response. The next two rows show results usinggparential curve fit, and the last row show resufiing the

linear curve fit but the baseline response is assutm have a feature value of zero.

Time-domain features Time-frequency domain
features
Amplitude RMS Power PLV
3 Threshold
= +- SD)
©
%
s Goodness of fit| 934007 | 0.94+0.06| 0.64+0.29 | 0.91+0.10
o (adjusted?)
o
E ThreshoM 54+58 65+54 | 104+10.0 | 5.18+3.89
8 estimate (dB SL
c
Q -
5 | Goodnessoffit| g9+017 | 0.91+0.09] 0.61+0.34 | 0.88+0.18
S (adjusted ?)
L
5 S hreshold
2 2 Thresho -17.4+11.7 | -21.4+14.8 -38.1+33.3| -21.1+15.3
g @ | estimate (dB SL
N 'g

*Three subjects excluded due to invalid fit (sed)tex

*Eight subjects excluded due to invalid fit



363 Table2: Threshold estimates generated from single leagistical tests. The Hotelling test is as descrilmed
364  (Van Dun et al., 2015), while the features expldrethis study are tested for significance by cormaagainst
365 their bootstrapped baseline (-20 dB SL epochs).l@West level at which a cortical response is Sigantly
366 different from baseline with the level immediatelyove it also detecting a response is deemed thghibid for
367  each of the five methods.

Hotelling | Amplitude RMS Power PLV

Threshold 17.8 +10.8] 26.7 +15.9] 29.5+16.7| 48.3+15.9| 26.0 +14.3
estimate (dB SL)

368 'Eight subjects had responses that were not detattay level

369 34  Peak-to-peak amplitude measures perform better than other features when a limited
370 number of epochs are used

371 The results in Figure 4 show excellent threshotohedes, particularly for the peak-to-peak
372 amplitude and peak PLV feature; however, up to §utes’ worth of data (mean = 38

373 minutes, std = 9.1 minutes) contributed to eacbsiwld estimate. Therefore, we explored
374 the effect of reducing the number of epochs acduy@ed hence the testing time needed) on
375 the threshold estimate accuracy. We expectedhbdetture noise level determines the

376 accuracy of the threshold estimate, where incretestdre noise level corresponds to

377 decreased threshold estimate accuracy, sincedh@déenoise level relates to the uncertainty
378 of the feature points used in the growth functibr¥e also expected that the number of
379 epochs determines the feature noise level, wharerfepochs corresponds to increased

380 feature noise level, since we expect the unceptaihthe feature points to decrease as more
381 datais acquired. Thus, the expectation is thathtteshold estimate accuracy decreases when
382 using fewer epochs. We quantify the relation betwtke number of epochs used for feature

383 calculations, the feature noise level and the ttolesestimate accuracy in Figure 5.
384 <<Insert Figure 5 about here, in color>>

385 Figure 5A shows the relation between thresholdrege accuracy and feature noise level,
386 using the peak PLV feature as an example. 300reatise levels, evenly spaced between
387 0.03 and 0.1 (arbitrary units), were used as featoise thresholds. For each of the stimulus
388 intensities, epochs were randomly sampled and atddid peak PLV calculation until the
389 feature noise level was below the feature noisestiwld. If the feature noise threshold could

390 not be reached, all epochs in the block were wmasd any requested feature noise levels
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lower than the aforementioned were excluded frorthér analysis as they were duplicates
using the same data. Following this, the growtlcfiom fitting and threshold estimation was
performed. Thus, 6000 threshold estimates werelleaéxl (300 feature noise levels for each
of the 20 subjects) and each threshold estimatpiesented by an individual point in Figure
5A. We observed that the standard deviation agobgects of the threshold estimates,
shown by the outer black lines, increases with éidgbature noise level, indicating a

decrease in threshold estimate accuracy.

Figure 5B shows the relation between feature reiga and the number of epochs used,
using one subject’s data as an example. We obsearekzhr, monotonic decrease in feature
noise level as more epochs were added, regardistisnollus intensity. In conjunction with
Figure 5A, it can be inferred that threshold esteveccuracy decreases with fewer epochs,
and accordingly, less recording time.

We quantified the relation between recording time threshold estimate accuracy and the
results are shown in panel C. A moving window off@&ure noise levels was used to
aggregate the threshold points for each featureXample of these points estimated with
peak PLV is shown in panel A), and the spread e$¢hithreshold estimates gave a
guantifiable performance measure. For examplegusia PLV feature guaranteed with 95%
confidence that, at a feature noise threshold tiéen 0.063 and 0.07, the threshold estimate
was within 20 dB of the actual threshold. The nundieepochs that were used in generating
each threshold estimate was then converted tooadiag time by assuming a constant 1.5
second ISI, resulting in 14.0 £ 1.7 minutes of rdaty time to obtain the threshold estimate.
Recording time estimates are summarised in Tablédse results indicate that when using
the peak-to-peak amplitude feature for examplecavebe 95% confident that a threshold
estimate is within 20 dB of the behavioural thrddtadter recording for an average of 12.7

minutes.

These results are summarised in Table 3 by comggittie feature noise level to recording
time across all subjects. A two-way repeated mess8NOVA was performed in Minitab

with the General Linear Model function with feataned threshold estimate accuracy
restriction both as fixed factors. The model fogighificant differences in featur&3sgs=
1343), threshold estimate accuracy restrictiers{os= 2819), and the interaction between
feature and threshold estimate accuracy restri¢kepsgs= 175.2), withp<0.001 for all three
cases. Post-hoc analysis using the Tukey pairvasgarisons revealed that each of the peak
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amplitude, RMS and peak PLV features took signifisadifferent recording times to reach
the threshold estimate accuracy restrictipe0(001 for all two feature comparisons across

two threshold estimate accuracy restrictions).

Table 3. Recording time needed to reach 95% confidenceot@threshold estimate is within 15 dB and 20 dB
of the behavioural threshold. The results are esgm@ as the mean recording time in minutes withsteredard
deviation across all simulated threshold estimttaswas at a 15 dB SL and 20 dB SL 95% confidémiezval

respectively.

Time-frequency domain

Recording time needed for Time domain features features

one threshold estimate to b ,Amplltude RMS Power PLV

95% CI within £ 15 dB

(mean * std. minutes)

18.0+4.1| 28.6 +6.0 194+23

Never reached

95% CI within £ 20 dB

(mean + std. minutes)

12.7+3.1| 18.0%5.2 14.0+£1.7

4 Discussion

The main aim of this work was to compare featusgsaeted from CAEPs to acoustic stimuli
for use in hearing threshold estimation using ghofahction fitting. The significance of this
work lies in its clinical value, where objectivedaaccurate hearing threshold estimates are
desired. Although we did not find a significant irmpement by using time-frequency domain
features, we have shown that growth function fittofi root-mean-square value and peak
phase-locking value in addition to traditional aityazle growth functions are a viable method
for hearing threshold estimates. In addition, weehealidated the linear relationship between
CAEP features and stimulus intensity in dB SL. @halyses defining minimum required
recording time is the first step towards a fullyaunated threshold estimation technique. We
have also shown that the accuracy of hearing tbidsstimates is related to the recording
time, allowing comparison of results for hearingehold estimation using novel growth

function algorithms.
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41 Performance of features for threshold estimation

We observed similar performance between peak-t&-pewlitude, RMS and peak PLV for
threshold estimation, while the performance uspectal power is far worse than the other
features. For the growth function fit to accuratedyimate threshold, the features must be
present with lower but still supra-threshold stimdlowever, it has been shown that there is
no significant change in spectral power of the CAftfen the stimulus is at a low intensity

(around 30 dB SL), whereas significant phase cheage present (Savers et al., 1974).

Furthermore, the similarity in performance betw#enother three features may be due to
event-related dynamics represented by the featAsepeak-to-peak amplitude and RMS
operate on the averaged waveform, and peak PLVa&stphase locking of responses to
individual trials, these methods extract resposetorming to the partial phase resetting
(PPR) and the event-related potential (ERP) panaslid\s a change in spectral power from
baseline would also be present in the ERP paraglegrhas poor performance in this study, it
is possible that PPR is the underlying event-rdldiggamic being described by amplitude,
RMS and PLYV features. Harris et al. (2014) showedreelation between P2 amplitude and
PLV, but not spectral power, thus also suggestieg”tPR paradigm, in their case for cortical
responses to gaps in noise. The event-related dgaaapresented by the different features
could be further tested by classification usingdess. By classifying CAEPs from
background brain activity using different combinas of features, a mutual information
metric between actual response and predicted respmmuld provide further insights into

features extracted from EEG and their underlyingnévelated dynamics.

4.2  Growth of CAEP features with stimulus intensity

We made two assumptions in our method for estirgdtearing thresholds from growth
functions. First, we assumed that the growth o$¢hfeatures with stimulus intensity is linear,
at least in the intensity range of interest (thodstup to 60 dB SL). Although exponential fits
have been used previously (Abbas et al., 2015; Bioak, 1999; Visram et al., 2015), we
have shown that the linear curves fit equally wBlile differences in the types of functions
used in these studies may be due to several faétiossly, there is a difference between
acoustic and electric hearing, although these rgiffees have not been quantified. One
possibility is the much larger dynamic range inidels of acoustic listeners than electric
listeners; this may cause the growth functionscimuatic listeners to have a steeper slope or
to change its shape at higher levels. Secondligrdiit EEG response features were used in
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each: global field power gave a mix of linear ardanential fits across individual subjects
(Visram et al., 2015) and N1 amplitude gave an eeptal fit (Ross et al., 1999). Finally,
Ross et al. (1999) used a grand average growthifumnio examine the characteristics of
amplitude feature growth with stimulus intensityt n our results (Figure 4B) and in those
of Visram et al. (2015) and Abbas et al. (2015jvidual growth functions differ. Using a
grand average growth function may instigate theaheg effects of inter-subject variability

and give inaccurate growth functions and thus patreshold estimates.

It must also be noted that even though the growtietfon fit gives accurate hearing
threshold estimates, the shape of the true underkyiowth function is difficult to determine.
A linear function would not be realistic at highetensity levels because the features cannot
continue growing; likewise, an exponential functiwauld not be realistic at near- or below-
threshold levels as the features are expected tedethe baseline value and cannot be
negative. The accurate threshold estimates, howsuggest both functions are a good
approximation of the shape of the underlying grofutirction, at least for stimulus levels

within the person’s dynamic range of hearing.

Second, we found that inferring behavioural thrésfimm the noise floor and fitted growth
function gave better hearing threshold estimatas ttsing a noise floor of zero (Table 1).
This contrasts with both Visram et al. (2015) armm$®et al. (1999), who assumed that the
threshold is the stimulus intensity at which thgefl function value is zero. Our results
provide evidence that the CAEP features for theastireshold levels contain an amount of
noise in addition to that of the underlying resparior the peak-to-peak amplitude, peak
PLV and peak spectral power features, choosingéadé value introduces a positive bias to
the feature; moreover, for the RMS and PLV, theran inherent positive bias due to the way
they are calculated. RMS includes the spontane&( &ctivity, while the baseline PLV is
distributed based upon the number of epochs ireitaulation. Performing the same
calculations on the baseline level improves thrieshstimation performance and provides

evidence that it at least partially accounts fer dforementioned biases.

4.3  The effect of recording time on threshold estimation accuracy

We have defined the notion of feature noise lewbich describes the uncertainty in the
features, becomes smaller as more data is acqiifedhave subsequently shown that
objective hearing threshold estimation accuracgleted to the feature noise level. This is
useful knowledge for clinical applications as trede-off between recording time and
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accuracy can now be quantified, and a more inforameice can be made when designing a

data acquisition paradigm.

Hoth (1993) and Van Dun et al. (2015) found a stathdieviation of 11.4 and 10.2 dB
difference from the behavioural threshold respetgiwith a small but considerable number
of outliers that had a difference of greater th@rB. In this study, we found a standard
deviation of 5.9 dB using both the amplitude arelRh.V feature with no differences greater
than 20 dB. This came at the expense of recordingntich longer than the previous studies.
While Hoth (1993) did not give an indication ofttése as more stimulus intensities than
needed were presented, similar recording timegyal Wwas used compared to Van Dun et al.
(2015) (50 sweeps with 2.5s ISI, 120 sweeps witfi3s ISI respectively). Van Dun et al.
used 10.6 + 1.2 minutes to reach standard deviafitime estimate of 10 dB; in this study, we
achieved a similar result (95% within 20 dB, eciwad standard deviation of 10.2 dB) this in
12.7 £ 3.1 minutes using the peak-to-peak amplifadeure. Our study shows that the test
time is slightly longer, meaning further improverteecan consolidate growth function fitting

as the preferred method for objective thresholonegion.

4.4  Comparison between growth functions and statistical testing for threshold estimates

Growth function fitting is advantageous over statéd testing in two ways. Firstly, a set of
measured responses which do not have significaplitaitie change or phase locking does
not imply that those epochs do not contain a respém the sound; rather, the model that has
been built may not have sufficient epochs or gteispower to detect a significant response.
The growth function fitting method can still maksewf the information in epoch blocks in
which the chosen feature is not statistically gigant. Secondly, in single-level statistical
testing, the accuracy of the threshold estimalienised by the spacing of the stimulus levels
tested. We have shown this in Table 2 where thargethreshold estimates using single
level testing are shown to have far greater vadgawross subjects than when using the
growth function method. As previously mentionedgdi comparison between these methods
is biased, as a true single-level detection algoritvould adaptively test levels (Van Dun et
al. 2015) instead of larger, 20 dB steps.

The stopping criterion for acquiring epochs is agiole disadvantage of the growth function
method compared to statistical testing. This isartgnt as recording time is a key factor for
whether a method is clinically viable. For statigtitesting, false detection rates can be
controlled, and acquisition of an epoch block candsminated as soon as significance is
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detected. In this work, we remedied this by showiraj the feature noise level, and the
number of epochs used, is a useful measure fadtracy of the threshold estimate. The
feature noise level can be used as a stoppingiontevhereas the number of epochs used
gives an indication of how quickly the thresholtiraate can be obtained.

45  Unexplored parameter space for growth function fitting

There is a large, unexplored parameter space hétigitowth function method which may
impact the recording time and accuracy of the tiwkesestimate. We will consider clinical
relevance when discussing the following pointsstir the number of stimulus levels cannot
be pre-determined in a clinical setting. For thistimod to be clinically applicable, an
algorithm that will determine the best stimulusdisvand dynamically test a range of levels is
needed. Further work is needed on exploring thengpthumber of points to fit the growth
function: to optimise recording time, the relatiogtween threshold estimate accuracy,
number of stimulus levels and feature noise leeelds to be identified. Secondly, the feature
baselines were calculated from a well-below-thréshevel in this study. It is possible to
explore the use of the EEG response in the siegnon between stimuli to calculate the
baseline instead, saving further time. Lastly, agchms or cochlear implant fitting generally
require finding more than one hearing threshola @ne; testing multiple levels where

different tones are mixed can shorten recording tianther (Lightfoot et al., 2006).

5 Conclusion

In this study, we have shown for the first time pgegformance of growth function fitting to
objectively estimate hearing thresholds in nornegring adults, using the CAEP recorded
from one active electrode. The results show tim&iali growth functions produce accurate
threshold estimates for all subjects with any akp®-peak amplitude, RMS or peak PLV
features. In addition, growth function hearing #iveld estimates are comparable to existing
methods for fully objective hearing threshold estienusing the cortical auditory evoked
response. Future work to explore other parametegsowvth function fitting is necessary to

further improve hearing threshold estimation.
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Figure 1. Representation of the threshold estimation method used in this study. Multiple
sound intensity levels are presented, labeled;ak;LL 3 as well as a sub-threshold intensity
level, Lsy; multiple epochs of responses to each are recoféleatures are then extracted
from each block of recorded EEG activity, labeled,g etc. The baseline feature estimate is
the feature extracted from baseline EEG activitytreere should be no response to a sub-
threshold stimulus. For growth funtion thresholtireation, a linear curve is fit to all EEG
features except the baseline feature estimate, thed sound stimulus intensity that
corresponds to the sub-threshold response featine hearing threshold estimate.

Figure2: Top row: Responsesto 60 dB SL stimuli for subject 14, represented in time

and time-frequency domain, with illustration of the four features extracted for growth
function fitting. A: Time-domain responses at 60 dB SL. Shaded erodraiose three
standard errors of the mean (n=151 epochs). Thetpgzeak amplitude and the RMS value
are extracted from a 50ms to 500ms post-stimulaslew, B: Spectra of power change from
baseline (arbitrary units, A.U.); black outline Ese the significant region of power change
(3, permutation test with baseline at -300ms). Bldat indicates the time-frequency
location of the peak power, and thus the extrafdatlire valueC: Spectra of phase locking
value, significant region and peak location as \p#hel B, in arbitrary units (A.U.Bottom
row: all subject responsesto 60 dB SL stimuli. D: All subjects’ averaged time domain
responses to 60 dB SL stimuli. Shaded errorbat®esmone standard deviation (n=20
subjects)E and F: Power and phase locking spectra averaged aclcasb@cts

respectively. Black points signify peak locatiom éach of the twenty subjects in the time-
frequency domain and demonstrate that the sprepdalf location across subjects is smaller
for PLV.

Figure 3: Each feature plotted against stimulusintensity over all subjects. The filled
circle and error bars represent the feature medrae standard deviation respectively.
Panels A to D indicate the peak-to-peak amplituoet-mean-square, peak power and peak

phase-locking-value features respectively.

Figure 4: Growth function fitting procedure and threshold estimates using all epochs.
A. An example in subject 14 using the peak PLV td fime threshold estimatB. Growth
function fits (straight lines) and threshold estiesa(circles) for all subjects. The black circles



show the spread of threshold estimates acrosssedjiict. A point to the right of the vertical
behavioral threshold line is a positive threshdatineate and indicates an over-estimation of
the threshold, and vice versa for a negative estirmarresponding to an under-estimation.
The horizontal bar indicates the mean and one atdrakviation of threshold estimates
across subjects. Four subjects were omitted frésidr peak power due to invalid fits (see
text).

Figure5. Deterioration of threshold estimate accuracy when decreasing testing time. A.
Threshold estimate accuracy (quantified as standiavthtion of threshold estimate)
decreased with increasing PLV feature noise leveich is inversely related to acquisition
time (Panel B). Each point is one threshold eseénaaid color indicates goodness of the
growth function fit (Adjusted?value); red points indicate threshold estimatermging all
epochs; black crosses are invalid fits. Black limecate threshold estimate mean and one
standard deviation respectiveB. PLV feature noise decreases with increasing nummber
epochs and is largely independent of le@el(Top) Scatterplot of threshold estimate
standard deviation for each feature against tlespective feature noise levels, an example of
which is shown in panel A for peak PLV, before certing feature noise level to testing time

in minutes.D. The percentage of invalid fits decreased whereeing test time.
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Highlights

» Growth functions provide clinically viable objectiestimates of hearing threshold
» Cortical response peak-to-peak amplitudes and dbakmg values are suitable

» Best threshold estimates are consistently withilB ®f behavioural threshold

* 13 minutes testing time for £20 dB accuracy withgge electrode recording



