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Abstract

Objective

This study describes a new automated strategy to determine the detection status of an

electrophysiological response.

Design

Response, noise and signal-to-noise ratio of the cortical auditory evoked potential (CAEP) were
characterized. Detection rules were defined: when to start testing, when to conduct subsequent

statistical tests using residual noise as an objective criterion, and when to stop testing.

Study sample

Simulations were run to determine optimal parameters on a large combined CAEP data set collected

in 45 normal-hearing adults and 17 adults with hearing loss.

Results

The proposed strategy to detect CAEPs is fully automated. The first statistical test is conducted when
the residual noise level is equal to or smaller than 5.1 pV. The succeeding Hotelling’s T2 statistical tests
are conducted using pre-defined residual noise levels criteria ranging from 5.1 to 1.2 pV. A rule was
introduced allowing to stop testing before the maximum number of recorded epochs is reached,

depending on a minimum p-value criterion.

Conclusion

The proposed framework can be applied to systems which involves detection of electrophysiological
responses in biological systems containing background noise. The proposed detection algorithm which

optimize sensitivity, specificity, and recording time has the potential to be in clinical setting.
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Introduction

A relevant question when recording electrophysiological responses of any kind is to know whether a
response is present, absent or if the recording is inconclusive. This can be evaluated by a human tester

or by an automated algorithm.

Automated algorithms have the potential to be more efficient than human testers by avoiding tester
bias, controlling the false positive rate, and reducing recording time by using sophisticated detection
methods. Objective evoked potential (EP) detection can be achieved using different statistical
techniques, e.g. cross-correlation, detection theory or parametric approaches like the Hotelling’s T?
(Golding et al, 2009; Valdes Sosa et al, 1987; Hyde et al, 1998). Technique selection is aimed at
correctly identifying physiologically present responses (i.e., a high sensitivity) and correctly rejecting
non-physiologically present responses (i.e, a high specificity or a low false-positive rate). Given
different recordings have different response and noise characteristics, the number of required
response averages is recording dependent. The likelihood of detecting a response increases with
increasing response size and decreases with increasing background activity of the recorded signal (i.e.
electrical noise). Multiple responses need to be acquired in order to lower residual noise (RN; the
noise in the averaged response) and reach a signal-to-noise ratio with an acceptable likelihood of

response detection (British Society of Audiology, 2016).

When evaluating response presence, there is a need to define time intervals between statistical tests
and criteria to stop testing in the case of response absence. To address the question of when to
statistically evaluate response detection, classic approaches include testing at regular time intervals
or performing one single test at the end of a recording with predefined length. These approaches have
some drawbacks. When applying a statistical test only once after the recording is finished, one
encounters the risk that if the chosen recording length is on the short side, small responses will not
be detected (resulting in a lower than optimal sensitivity). If the predefined recording length is long

however, recording times will be unnecessarily extended when response amplitudes are large.
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Conversely, testing at regular intervals and repeating this until a response is detected, might be a
better option. In this strategy, potentially time can be saved as a response might be detected after
only a few statistical tests. On the other hand, because the residual noise in the averaged response is
assumed to proportionally decrease with recording length (Elberling & Don, 1984), a fixed interval
between two statistical tests will result in smaller and smaller decreases in residual noise with each
succeeding test. As a result, statistical tests are increasingly likely to be conducted without there being
significant improvements in the signal-to-noise ratio. There is therefore only a small chance that the
response detection is more likely than in the previous statistical test. An additional issue with this
strategy is the large number of tests. Multiple testing increases the probability of false rejection of the
null hypothesis (Type Il error or a low specificity). Therefore, the larger the number of tests, the stricter

the correction of the p-value needs to be to keep the false positive rate (FPR) at 5%.

To address these drawbacks, another approach will be presented in this paper which takes the residual
noise values into consideration. It will be shown that this approach allows a balance between test
interval lengths and the number of statistical tests. This method is adaptive in the sense that the
interval between two statistical tests will vary depending to the noisiness of the tested subject. The
method allows also to control for the number of statistical tests. Appropriate criteria can be derived
through simulations on a large sample of real-life data sets (Stlirzebecher et al, 2005). Finally, deciding
when a response is absent is critical, creating the need for an appropriate stopping criterion. This
criterion is generally determined by a maximum number of epochs or by a sufficiently low residual
noise to allow a likely detection of a predefined response amplitude. A comprehensive overview with
guidelines and suggestions for CAEP testing, detection and absence criteria as used by the British
Society of Audiology, a leading body on CAEP testing, can be found in the British Society of Audiology
Recommended Procedure for CAEP testing (2016). They highlight the relevance of the residual noise

level required for response presence and absence.
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In this article, we will be describing a fully automated algorithm for response detection and its
optimization procedure. The aim is to have an objective detection of electrophysiological responses
with the highest sensitivity and a controlled specificity in the shortest possible recording time.
Although the proposed techniques in this paper can be applied to any type of electrophysiological
response, the idea is conceptualized through real-life data sets involving the recording of cortical
auditory evoked potentials (CAEPs) for objective hearing threshold estimation in adult subjects. Given
some people cannot provide reliable behavioral feedback due to medical reasons (dementia and
stroke), age (babies and young children), or do not want to because of medico-legal situations
(workers compensation), objective measures offer an alternative to behavioral methods. One of these
objective measures are CAEPs, which are electric responses from the auditory cortex which have been
shown to be a good measure to estimate hearing thresholds in adults (Perl et al, 1953; Beagley &
Kellogg, 1969; Pratt & Sohmer, 1978; Coles & Mason, 1984; Ross et al, 1999; Lightfoot & Kennedy,
2006). Therefore, in more specific terms, we will be describing a fully automated hearing threshold
estimation algorithm. In the first part of the paper, we characterize the response of interest. In the
second part, we define the rules of the algorithm and its optimization procedure using simulations

with several real-life data sets.
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Materials and Methods

A large combined CAEP data set recorded on adult subjects was used for the simulations. Optimal

parameters for response detection of CAEPs in adults are derived using the proposed strategy.

Subjects and stimuli

The data used for the simulation were collected during four studies conducted at the National Acoustic
Laboratories. Overall, CAEPs were recorded in 45 normal-hearing adults and 17 adults with hearing
loss in response to short pure- and multi-tone auditory stimuli (either 50 or 70 ms) presented
monaurally via insert earphones (Etymotic Research ER-3A). Sensation levels of the stimuli were 10,
20 and 40 dB SL and the stimulus onset asynchrony (SOA) was randomized uniformly between 1000
and 3000 ms. All stimuli were acoustically calibrated at 70 dB HL according to the ISO standard 389-2
(1SO 1994) in an HA-2 2-cc coupler, incorporating.a 1-inch 4144 microphone, a 1-to-1/2 inch DB0375
adaptor, and a 4230 sound level meter (all Briiel & Kjaer). Non-response epochs were collected using
portion of EEG signal selected randomly between 1 and 1.3 s after any stimulus onset in case the SOA
was higher than 2s. In total 66442 non-response epochs were collected in the 62 subjects. The false
detection rate for the non-response data was 4.9% when conducting a single Hotelling’s T2 with a p-
value criterion of 0.05. This confirmed that the non-response data have similar characteristics of true
non-response data. Table 1 summarizes the relevant details of the four studies. All subjects were in

good general health and reported normal neurological status.

CAEP recordings

The EEG recording equipment used in the four studies was a Neuroscan Synamps2 version 4.3
(Compumedics, Charlotte, NC, USA). The EEG was obtained from 3 gold-plated electrodes placed at Cz
(active), the mastoid contralateral to the ear of stimulation (reference) and the forehead as the
common (ground) channel. Electrode impedance was checked before and after each recording, and

kept under 5 kOhms between active and ground, and between reference and ground. During testing,
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subjects were seated comfortably in a dimmed, sound attenuated booth. Subjects watched a muted
close-captioned DVD of their choice and were instructed to ignore the stimulus being presented in

their ear.

All EEG channels were amplified by a factor of 1210, sampled at 1 kHz, and band-pass filtered online
between 0.1 and 30 Hz. The recording window consisted of a 300 ms pre- and 600 ms post-stimulus
interval (900 ms per epoch). Baseline correction was applied to each individual sweep based on the
average over 100 ms prior to stimulus onset. Epochs exceeding +75 yuV were excluded. Matlab

(MathWorks) and the EEGLAB toolbox (Delorme & Makeig, 2004) were used to process the EEG files.

Results and simulations:

PART 1: Characterization of the electrophysiological response, noise and SNR at detection

In order to determine optimal response detection parameters, the response and noise properties of
the signal of interest need to be characterised first. In the case of CAEP, an estimate of the CAEP
amplitude as well as the residual noise (RN) amplitude need to be calculated. This allows

determination of the signal-to-noise ratio (SNR) at detection.

Residual noise (RN) amplitude

The rms amplitude of the RN is estimated based on the epoch-to-epoch variation at each and every
point within the epoch (in a region of interest from 51 to 347 ms after onset). That is, at each pointin
the epoch, the variance across epochs is calculated. These values are averaged across all such points
in the epoch, and the square root of that average is taken (Elberling & Don, 1984). This estimation
assumes EEG stationarity. Although this assumption is not completely valid, the accuracy of the RN
prediction is sufficient in a practical sense if noise variance is not changing considerably between
epochs. Figure 1a shows the median RN rms amplitudes and standard deviations (SDs) across

participants after averaging a specific number of epochs for a group of normal-hearing adults (Bardy
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et al, 2015a). A logarithmic decrease of RN inversely proportional to the square root of the number of
epochs can be observed. The mean rms amplitude per epoch, calculated as the RN amplitude after n

epochs (i.e. 70 in this case) multiplied by the square root of number of epochs, was 12.5 pV (SD 2.65

uv).

CAEP amplitude estimation

To obtain an estimate of the CAEP amplitude, a correction is required by accounting for the RN. This
correction can be applied under the assumption of independence between RN and the true CAEP
(Elberling & Don, 1984). An automated estimate of the CAEP amplitude can be calculated by first
subtracting the RN power from the CAEP power which is calculated as the average waveform power
in a region of interest time interval (i.e. from 51 to 347 ms after onset). Then, the CAEP amplitude

estimate is calculated as the square root of this subtraction.

Figure 1b shows the CAEP amplitude distributions at 3 sensation levels: 10, 20 and 40 dB SL for normal-
hearing adults (Bardy et al, 2015a). When combining the distributions obtained at 10, 20 and 40 dB

SL, only 15.5% of CAEP peak amplitudes were larger than 5.1 pV.

Knowing now both the CAEP amplitude and RN rms amplitude distributions, the only measure which
still needs to be characterised is the signal-to-noise ratio (SNR) required for a response likely to be
detected. If this specific SNR is known, it is then possible to estimate the maximally allowable RN rms
amplitude at which the first statistical test should occur, still guaranteeing a high likelihood to detect

a CAEP.

[Insert Fig. 1 here]

Response detection using Hotelling’s T? & control of the false positive rate
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One objective measure for detection of CAEP waveforms is the Hotelling’s T2 statistic, which has been
validated in both adults (Golding et al, 2009) and infants (Carter et al, 2010), and which has been
shown to be at least as accurate as human examiners. Several steps were taken before the Hotelling’s
T2 was applied. First, each epoch was divided into 9 bins, with each bin covering a predefined latency
range. The 9 bins covered the range from 51 to 347 ms, with each bin being 33 ms wide. The bin width
and number of bins were chosen based on earlier data (Golding et al, 2009). Second, EEG samples in
these bins were averaged. Hence, each epoch was reduced to a 9-dimensional binned epoch, and the
recorded waveform to a N-by-9 matrix with N the number of collected epochs. Finally, for response
detection, a p-value was obtained from a one-sample Hotelling’s T2 test on the N-by-9 matrix, which
tests the null hypothesis that the true mean vector equals the zero vector (i.e., whether the true

cortical response in every bin is equal to zero).

To guarantee a 5% FPR when multiple statistical tests were conducted sequentially, non-response data
were used in simulations to derive a statistical p-value criterion for the Hotelling’s T2 statistic. When
only one statistical test is conducted at the end of a recording, it can be shown for real data using
simulations that a p-value of 0.05 corresponds to a FPR of approximately 5%. This is assuming that the
epochs are independent observations from the same multivariate normal distribution. However, as
different — and more complex — algorithms are employed here, simulations need to be conducted to

control the FPR as it is difficult to mathematically derive which p-value needs to be applied.

Signal-to-noise ratio at detection

Signal detection depends primarily on the characteristics of signal and noise, both reflected in the SNR
measure. In this section, the SNR is defined first. Then, the SNR at which a response is likely to be
detected using the Hotelling’s T? statistic is investigated. These characteristics will allow the derivation

of criteria guiding when to conduct statistical tests.

The signal-to-noise ratio (in dB) of the CAEP at detection is defined as:
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CAEP amplitude

SNR (dB) = 201log 10 RN amplitude ’

with (Eqg. 1)

- SNR: Signal to noise ratio of the CAEP amplitude and the RN amplitudes;
- CAEP amplitude, as defined in section “CAEP amplitude estimation ”; and
- RN amplitude, based on the epoch-to-epoch standard deviation (see section Residual noise

(RN) amplitude).

We determined the median SNR needed for a CAEP to be detected using data reported in Bardy et al
(2015a). Using a sequential test strategy, the p-value was calculated after the collection of nine
epochs and subsequently, every additional two epochs. For response detection, a correction for
multiple testing of the p-value (to 0.006) was derived using non-response data to keep the FPR at
5%. For every test condition in each subject, the SNR at CAEP detection was collected. Figure 2
shows the distribution of SNRs at which a significant CAEP could just be detected. As can be derived
from Figure 2, 50% of CAEPs needed a SNR of 3.3 dB or greater to be detected and 18% of detections
occurred at negative SNRs. While the relationship between SNR and Hotelling’s T2 is highly
correlated there is variation which depends on the shape of the response and characteristics of the
noise. In fact, for a particular shape of response, and a particular distribution of noise rms values
(calculated across epochs) along the epoch, if the noise rms value was lower at every point along the
epoch by the same proportion, then both Hotelling’s T2 and SNR would increase. Thus for this type of
variation, there would be a perfectly monotonic relationship between the two. However, Hotelling’s
T2 gives the greatest weight to the time windows that have the best combination of signal amplitude
to noise rms. SNR however, weights all time points the same; only the total signal rms and the total
noise rms matter. So, it’s possible that a change in the signal, or the noise has a different effect on
Hotelling’s T? than it does on the SNR measure. For example an increase of the noise rms in a time
window where the signal is zero will have virtually no effect on Hotelling’s T?, but will decrease

SNR. A noise Increase in a time window where the signal is at a maximum will have cause a large

decrease in Hotelling’s T2, but only a small decrease in SNR. So, it’s easy to see that although
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detection with Hotelling’s T? generally gets easier as SNR improves (over a wide range of possible
SNRs), there will be variations from this relationship. Consequently, it will sometimes be possible to
detect signals below some criterion SNR (such as 0 dB) while sometimes not being able to detect

them for SNRs above this criterion SNR.

[Insert Fig. 2 here]

PART 2: Detection rules within a single stimulus condition

The number of statistical tests conducted during the recording of a single stimulus condition needs to
be limited in order to avoid either an unnecessary increase of the FPR or an excessive decrease of the
p criterion used for each test. The purpose of this section is to define the strategy and rules to be used
in real-time during data collection for response detection. The rules described are based on the
characteristics of the response amplitude, the RN and SNR at detection described in Part 1. The aim
is: 1) to determine the criteria to start statistical testing, 2) to define when to perform successive
statistical tests, and 3) to define when to stop collecting data. Finally, the validity of the method is

demonstrated using real data through simulations.

When to start statistical testing for response detection?

First, the minimum number of epochs to conduct the first statistical test needs to be larger than the
number of bins to calculate the Hotelling’s T2. Second, the RN level for the first statistical test is data
driven and depends on the RN at which there already is a reasonable chance to detect a CAEP. From
the data displayed in Figure 1b, it was calculated that 86% of true CAEP peak amplitudes of the
response detected tend to be smaller than 5.1 puV. Hence, testing at RN higher than 5.1 uV would only

allow appropriate response detection conditions for a minority of CAEPs. This results in the waste of



263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

one (or several) statistical tests at the early stages of the recording. Considering these data, one

criterion for the first statistical test to be conducted is a RN amplitude below 5.1 uV.

When to conduct statistical tests later on? Residual noise as an objective criterion.

When the first statistical test has been conducted, the question is when to conduct the remaining
statistical tests. There are two approaches which are commonly used when performing statistical tests

on a recording consisting of multiple epochs:

1) Apply a statistical test only once, after the collection of a fixed number of epochs; and

2) Multiple tests at fixed intervals (equidistant epochs).

We propose a novel approach that relies on multiple tests at predefined RN amplitudes. This approach
guarantees that the SNR improves by a predefined ratio from the time when the previous statistical
test was conducted (assuming the CAEP is constant in amplitude), allowing an increased chance of
detection. Moreover, it implicitly adapts to the noise condition within each recording (which is highly
different depending on the population tested). For example, in cases of increased noise during the
recording, statistical testing will be automatically postponed until it reaches the predefined RN
criterion. In addition, the number of statistical tests and the space between two statistical tests can
be controlled. Figure 3a represents the strategy that has been derived based on the following

constraints:

The number of statistical tests and their spacing is a trade-off between test duration, detection
sensitivity and clinical applicability. Clinical applicability can be defined as having short test durations
tolerable to the patient and a sufficient number of statistical updates for the clinician. A low number
of statistical tests results in higher (less strict) p-value criteria (typically with p = 0.05 in the extreme
case when there is only 1 statistical test at the end of the recording). However, because of the low
number of statistical tests, test duration will be longer as fewer opportunities are available to end a

recording early (with the maximum test duration achieved in the extreme case of only one statistical
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test at the end of the recording). Conversely, a higher number of statistical tests results in lower
(stricter) p-value thresholds. Test durations will likely be shorter as more opportunities arise to stop
testing earlier. However, the very strict p-values that are the consequence of a large number of tests
may also delay detection, or in some cases prevent it from occurring. To summarize, when test
duration and detection sensitivity are traded off, an optimal number of statistical tests can be derived,

providing clinical applicability is still acceptable.

The statistical tests that are executed need to be distributed over a range. A balance needs to be found
between: (1) keeping the spacing between two neighboring tests as small as possible to allow early
response detection, and (2) keeping the spacing as large as possible such that a test would be
worthwhile, given the adverse effects that additional tests have on either the FDR or the p-value
criterion, or both. The RN needs to have dropped by a significant fraction since the previous test
making it more likely that a response is detected were there to be one present. The following strategy

achieves this balance.

Figure 3 shows the proposed spacing of tests in three inter-related ways. Panel (a) shows the residual
noise values at which each successive test is carried out. The first test is carried out when RN equals
5.1 uV. Succeeding tests occur as RN decreases to the values determined by the exponential function
shown. This curve applies irrespective of the actual noisiness of any individual person being tested.
For a typical person with an rms noise level (per epoch) of 12.5 uV, panel (b) shows the total number
of epochs that will have elapsed when each test has been carried out, and panel (c) shows the
corresponding number of epochs between immediately adjacent tests. As expected, the number of
epochs between adjacent tests increases with increasing test number. Note, however, that the
number of epochs between adjacent tests never exceeds 40, which was one of the design goals that

helped determine the function shown in panel (a).
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Figure 3a shows the RN amplitudes at which to conduct the sequential statistical tests. It is
independent from the subject being tested: some subjects might be less noisy, therefore needing a
lower number of epochs to reach the RN criteria.

Figure 3b presents the number of epochs needed to reach the RN amplitudes shown in Figure 3a,
when the RN per epoch is equal to 12.5 pV, which corresponds to the mean RN per epoch in normal
hearing adults. The exponential curves indicate that increasingly more epochs need to be collected
after each sequential statistical test to reach the next RN criterion.

Figure 3c shows the differential number of epochs between 2 tests before reaching the next RN
criterion and is based on Figure b. It is clear that with increasing statistical test index, the spacing
distance (expressed in number of epochs) between tests increases as well. To keep this spacing under
control, it was opted to limit the distance to about 40 epochs for practical reasons. This constraint in
turn controlled the maximum slope of the RN graph and the minimum number of statistical tests in
Figure 3a.

To recapitulate, the exponential function displayed in Figure 3a dictates when to perform each
statistical test. It is determined by its slope, the number of statistical tests and the minimum RN

amplitude that needs to be reached before the first test can be conducted.

[Insert Fig. 3 here]

When to stop averaging?

Stopping criteria are determined by CAEP amplitude distributions at various stimulus levels, RN

estimates, and the objective detection algorithm with FPR. Five stopping criteria can be identified:
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1. When a response is detected - using an objective detection technique like e.g. the Hotelling’s
T2 with a predefined detection criterion that has been determined a priori using non-response
data.

2. When the maximum number of epochs in a recording has been acquired. The maximum
number of epochs is a trade-off between the maximum acceptable test duration and the
required sensitivity for response detection at low sensation levels. Sensitivity in turn depends
on the RN level of the averaged waveform when the maximum number of epochs has been
collected.

3. When the subject appears too noisy to continue the process. This can be identified at any
stage in the recording.

4. Whenitis clear the required objective criterion will not be reached. If the p-value is still above
a specific value after a certain number of epochs, the recording can be stopped immediately.
Simulations will be conducted to determine these p-values.

5. Whenreaching a predefined minimum RN criterion and no response has been detected. We
advise against the use of this criterion as it was noticed during live recordings that this
approach can lead to inappropriate results in some people with genuinely low RN (and CAEP)
amplitudes. A statistical failure to detect a response may be due to insufficient averaging to

achieve the required SNR, rather than the absence of a response.

The concept of adaptive stopping criteria has been introduced in previous research (Kelley et al, 2018;
Botella et al, 2006). Moreover, diagnostic evoked potential devices, including most commercially
available auditory brainstem response (ABR) and auditory steady-state response (ASSR) instruments,
utilise automatic stopping rules. The theoretical literature describes several approaches to stop testing
earlier than anticipated. For example, in sequential estimation the sample size to use is not specified
at the start, and instead outcomes are employed to evaluate a predefined stopping rule if sampling
should continue or stop (Kelley et al, 2018; Botella et al, 2006) . In addition, Bayesian statistics have

been used to allow premature stopping of behavioural experiments or clinical trials while keeping the



359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

false positive rate constant (Psioda et al, 2018; Komaki & Biswas, 2018; Alcala-Quintana & Garcia-

PEREZ, 2005)

PART 3: Simulations and validation

According to the rules defined in Part 2, the first simulations were conducted to adjust the statistical
detection criterion (p-value) for multiple testing. Second, parameters were defined for p-values that

do not reach a certain minimum value after a number of collected epochs (allowing early stopping).

Simulation 1: p-value correction for multiple testing to control the FPR

The general aim of Simulation 1 is to find the p-value which keeps the FPR at 5%. A strict and
conservative estimate can be derived using the Bonferroni-correction, which divides the p-value by
the number of statistical tests. A better approximation can be obtained through Monte Carlo
simulations on EEG data containing no CAEPs, calculating the FPR for a range of p-values while
adhering to the rules defined in Part 2. Simulations were conducted using EEG data collected during 4

different studies described in the Materials and Methods section.

[Insert Table 1 here]

A total number of 66442 epochs formed 552 simulated recordings of 120 epochs each. The following
procedure was followed for the Monte Carlo simulation to calculate the p-value criterion needed to
achieve a FPR of 0.05.
- for pvaried from 0.0001 to 0.05 in steps of 0.0001
o for each simulated recording out of 552
= for each epoch ranging from 20 to 120
e add the epoch to the grand average

e if a predetermined RN amplitude is reached
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o conduct a statistical test, providing a p-value P
o ifP<=p,stopandFP=FP+1
o calculate FPR = FP / 552.

o if FPR<0.05, stop

The p-value criterion adopted was the highest p-value tested with FPR < 0.05. Each simulated
recording allowed between 3-9 statistical tests (mean = 6.2) (depending on the RN amplitudes that
have been reached), while satisfying an FPR of 5%. For different maximum numbers of epochs, the

following p-value criteria were determined (in brackets): 120 (0.0077), 110 (0.0119), 100 (0.0129).

Rule to stop testing if the p-value is still above a certain value after n epochs

When we perform a sequence of statistical tests with each test using all epochs in the run up to that
time, the sets of epochs used for different tests overlap, so the tests are not independent. Because of
this non-independence, knowledge of the p-value for a particular test allows us to be sure that after
a specified number of additional epochs, the new p-value will be in a certain range. It follows that if
we have set a maximum number of epochs to be recorded, then it will sometimes be possible to know
before reaching the maximum number of epochs that the p-values from later tests will not be less
than the critical p-value for detection. In other words, it is sometimes possible to know in advance
that subsequent tests in a run will not detect a response, in which case the run can be stopped early

to save time.

To state the condition for early stopping we require some notation. Consider a test after n epochs and
a later test after N epochs (so N > n), and denote the respective p-values by p,, and py. Let k be the
number of bins, soin our framework we have k = 9. Let¥,, ,, be the cumulative distribution function

of an F random variable with degrees of freedom v; and v,.

The general resultis thatif 0 < g < 1 and
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then py > q. An outline of the proof of this result is given in the appendix.

If we take N to be the maximum number of epochs and g to be the p-value cutoff for detection then
pny > q means that even after the maximum number of epochs, a response is not detected, so the

testing can be stopped after epoch n instead of waiting until epoch N.

Table 2 shows the critical p-values for early stopping, assuming a maximum of 120 epochs and a p-
value detection criterion of p < 0.01, obtained from the expression above withk =9, q = 0.01,N =
120 and n from 102 to 119. The interpretation is, for example, that if the p-value after 110 epochs is
greater than 0.298 then the p-value after 120 epochs cannot be less than 0.01, so the testing can be

stopped after 110 epochs.

[Insert Table 2 here]
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Discussion

This paper presented a general framework to optimize the detection of time-locked evoked potentials.
The optimization allows the determination of when to conduct each statistical test and how long to
test for. It aimed to optimize the inevitable tradeoffs between detection sensitivity, FPR (i.e., the
specificity) and recording time. This framework can be applied to detection of auditory evoked

potentials for threshold estimation.

Comparisons with other automated objective response detection paradigms

While guidelines have been developed with recommended (clinical) criteria for response presence and
absence for CAEP testing (British Society of Audiology, 2016), only a handful studies have described
objective statistical techniques to detect CAEPs when determining hearing thresholds, with an
overview provided by Van Dun et al (2015). They do not provide guidelines however on when to
automatically proceed to the next stimulus level, and on how to maximize sensitivity and minimize
data collection time. The only study that we are aware of that provides elements towards an
automatic objective threshold searching paradigm, is (Elberling & Don, 1984) for auditory brainstem
responses (ABRs). They presented practical guidelines related to ABR and residual noise amplitudes,
statistical measures for detection (using the Fsp), sensitivities and false positive rates. Based on these
parameters, they derived when (or when not) to stop data collection and proceed to the next stimulus
level. Overall, the paradigm presented in this study is the first one of its kind, and it allows automation

of cortical threshold searching. A practical strategy is provided below.

Practical strategy for an automated response detection of CAEPs in adult populations

e The first statistical test is conducted when the RN level is equal to or smaller than 5.1 pV.
e Succeeding statistical tests are conducted when specific RN levels are reached, as defined in

Figure 3a.



442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

e The p-value detection criterion adopted throughout the strategy is equal to p = 0.01. This
criterion guarantees a FPR of about 5%.
Averaging is stopped when:

e aresponse is detected using Hotelling’s T? with a detection criterion of p = 0.01; or

e the maximum number of 120 epochs has been collected; or

e a RN level of 5.1 uV will likely not be reached before the maximum number of epochs has
been collected; or

e the p-value at a specific number of accepted epochs (2102) is higher than the critical p-value

presented in Table 2.

Possible limitations of the method

A possible limitation of this study arise from the specific functions shown in Figure 3. Although these
are reasonable choices, we are not aware of any technique that could be used to derive them such
that the combination of sensitivity, specificity and recording time could be mathematically optimized.

A better set of functions might therefore exist.

A second limitation is that for the technique to be applied to other populations (such as infants), the
true CAEP peak and RN amplitude distributions and resulting SNRs (Figures 1 and 2) need to be
determined in those populations. Nevertheless, we believe that the general approach will be valid.
However, the maximum number of epochs might need to be adjusted for each population, impacting

the spacing of the statistical tests.

A third limitation is the absence of an inconclusive result in case the residual noise levels are too
high after the maximum number of epochs has been reached. Currently the system will indicate that
the CAEP is absent. A new criterion could be added for this specific case. The test could be
categorised as inconclusive instead of absent if the subject’s mean noise-per-epoch value is higher
than an established age-appropriate threshold when the maximum number of epochs is reached.

This option might need to be implemented in the algorithm in the future.
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An optimal detection method for CAEPs in a clinical environment

The proposed approach will make CAEP testing more accessible for clinicians, who generally have to
rely on their own judgement how and when to interpret the cortical waveforms, and when to stop
collecting data. This decision process takes time, which is in short supply in a clinical environment.
Moreover, as clinicians all have their own approaches, it is next to impossible to derive a false positive
rate for each clinician. The general technique described is intended for response detection in any age
group, more specifically those who cannot provide reliable feedback like e.g. infants, young children,
malingerers, those with multiple disabilities, who have suffered a stroke or are diagnosed with
dementia. The real-time implementation of the proposed algorithm for clinical use has completed on
electrophysiological hardware system called ‘HEARLab’ developed at the National Acoustic

Laboratories.

Conclusion

This paper determined how often and when to conduct a statistical test and how long to test for the
detection of time-locked evoked responses. When sufficient data are available to run the required
simulations for determining specific parameters, the proposed framework can be applied to any
system which involves detection of time-locked electrophysiological responses in biological systems
containing background noise. Applications of this approach can be found in auditory, visual or motor
threshold estimation, or basically any automated system which can converge to a predetermined

criterion.
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Tables

Table 1: Summary of the EEG data sets used for Simulation 1. NH: normal-hearers, Hl: hearing-

impaired.

Data source Adult N Average number of non- Total number of non-
population response epochs per subject response epochs
Bardy et al. 2015a NH 15 928 15776
Bardy et al. (2015b) HI 17 917 15589
NAL data set 1 NH 17 845 14366
NAL data set 2 NH 13 1218 20711
Total 62 3908 66442




562  Table 2: Critical p-values for early stopping, assuming a maximum of 120 epochs and a p-value
563 detection criterion of p < 0.01. Testing can be stopped after the number of epochs shown in the table

564 if the p-value is greater than the corresponding p-value in the table.

Epoch 102 103 104 105 106 107 108 109 110

p-value 0.979 | 0.938 | 0.872 | 0.784 | 0.683 | 0.578 | 0.475 | 0.381 | 0.298

Epoch 111 112 113 114 115 116 117 118 119

p-value 0.229 | 0.172 | 0.127 | 0.092 | 0.066 | 0.047 | 0.033 | 0.023 | 0.015
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Figure 1
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Figure 1. a) Represents the residual noise present in the EEG recording as a function of the number
of epochs collected in a normal-hearing adult population. The grey shaded area represents the
median and the epoch-to-epoch standard deviation of the RN rms amplitudes,. b) CAEP rms
amplitude in normal-hearing adults plotted as a function of sensentation levels (i.e. 40, 20 and 10 dB
SL). For the signal and noise amplitudes to be comparable, residual noise was expressed as its rms
amplitude, while the signal amplitude was expressed as as the square root of the difference
between the average waveform power in the time window from 51 to 347 ms post-stimulus onset

and the estimated residual noise power.
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583 Figure 2: Distribution of SNRs when a CAEP is first detected using the Hotelling's T2 statistic

584  constrained by a 5% FPR (normal-hearing adults).
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589 Figure 3: a) Representates the RN amplitudes at which Hotelling’s T2 statistical tests are conducted.
590 The equation of the RN criterion is 6*¥exp(-X/3.4)+0.63. b) Number of epochs necessary to reach the
591 RN criteria displayed above for a subject having a residual noise level per epoch of 12.5 pV. c)

592 Representation of the number of epochs between 2 tests before reaching the next noise criterion.

593



594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

Appendix

We give an outline of the proof of the early stopping result. In the following, that result is called

Corollary 2.

We use the same notation as in the body of the article: k is the number of bins, n is the "current"
number of epochs, N is a number of epochs larger than n, and ¥, ., is the cumulative distribution

function of an F random variable with degrees of freedom v, and v;.

The situation we consider is that we have observed n epochs xy, ..., x,, with each x; being a k-
dimensional vector of numbers representing the ith epoch after binning. We then ask, if an additional
N — n epochs are added to the original sample to get an extended sample x4, ... X;,, Xp41, -+, Xy Of Size

N, what values can the extended sample's Hotelling p-value take?

Let T, and p, be the Hotelling T? statistic and the associated p-value, respectively, of the sample

X1, ., Xy, forr=mandr = N.

We consider the original sample x4, ..., x,, to be fixed, so the values of T;? and p,, are fixed. We assume
T,2 > 0, which is equivalent to assuming p,, < 1, and we make the usual assumption that covariance

matrices of the data are positive definite.
Under these assumptions, we have the following results.

Theorem 1. The maximum possible value of T7 is

G2 +n=n)

Corollary 1. The minimum possible value of py is

T ()5t )

Corollary 2. 1f0 < g < 1and
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then py > q.

As an aside, it is easy to show that the minimum possible value of T,% is 0 and the maximum possible

value of py is 1.

To prove Theorem 1, we start by considering the simplest case of N =n 4+ 1 and k = 1, thatis, one
additional epoch and one-dimensional data. Note that with one-dimensional data, the Hotelling T2

statistic is the square of the one-sample t-test statistic.

Foreachr, let X,, s? and t? be the sample mean, sample variance and squared t statistic, respectively,

of the first 7 epochs. Note that the assumption that t2 is non-zero means that x,, is non-zero.

We want an expression for tﬁﬂ in which the only variable quantity is x,, 41, keeping in mind that the

first n epochs are assumed to be fixed. By definition we have

n+ 1)x?
t2,, = n+ Dt 2) m (A1)
Sn+1

S0 we want to express X, and s, , in terms of fixed quantities and x,,,,. The required expressions

are

nfn + Xn41

X =
n+1 n+1

and

_ (Tl + 1)(” - 1)51% + n(fn - xn+1)2
S1 = nn+1) ’
Substituting these into (A1) gives

n(nEp+xp41)>
(m+1)(n—1)s2+n(fp—xn41)?’

(42)

2 —
tn+1 -

and we define g(x,1) to be the right-hand side of (A2), so t2,; = g(Xn41)-
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We want to maximise the function g, so we look for points at which its derivative is zero. The derivative

of g can be written as

Zn(n + 1)(7”?11 + xn+1)((n _ 1)51% + nf% _ nfnxn+1)
[(n+ D — Dy +nlep — xp41)%]7

g,(xn+1) =

)

so the solutions of g'(x,4+1) = 0 are x,4; = —nx, and

(n— s

- (43)
nxp,

Xn+1 = Xn

At the first of these solutions g is 0, and since g can't be negative, this must be a minimum. It can be
verified that at the second solution, the second derivative of g is negative, so that is where g is

maximum.

The maximum possible value of tﬁﬂ therefore occurs when x,,,; has the value in (A3). Substituting

this value into (A2), and denoting the maximum possible value of t2,; by max t2,,, gives

n+1
max t121+1 = (m) t,% +1, (44)

which is Theorem 1for N =n+1land k = 1.

We now consider the case with N = n + 1 and k > 1. Using the notation t2 (v4, ..., 1) to mean the
squared one-sample t statistic of the univariate sample vy, ..., 3., it is well-known (e.g., Johnson &

Wichern, 2007) that

T? = max t?(a'xy, ...,a'x,),
a+0

with a and the x; being viewed as k X 1 matrices and a’ denoting the transpose of a.
Using this fact together with (A4) gives

n+1
n—1

max T2, =< )Tn2 +1,

which is Theorem 1 for N = n + 1. From this, the result for general N > n can be proved by induction.
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Corollary 1 can be obtained by using the fundamental relation

r—k _,
Pr=1—YWer i (mﬂ)

(Johnson & Wichern, 2007) for r = n and r = N together with Theorem 1, and by noting that the p-

value is minimised when the corresponding T2 is maximised.

Corollary 2 can be obtained by rearranging Corollary 1.
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