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Background: Two small public corpora, the PhysioNet earndb tone-pip
set and the Mendeley click set, recur as evaluation data for objective
auditory brainstem response (ABR) detection. Neither corpus includes expert
annotations of response presence. Studies that cannot commission their own
annotations therefore construct the label automatically, most commonly by
declaring a response present when two repeated sub-averages correlate
above a threshold—the clinical two-replication reproducibility criterion. Whether
detector comparisons built on that automatic label would survive a switch to
expert annotation has not been tested.
Methods: Audiologist annotations published by Liu et al. (2025) were mapped
onto the recordings (one rater, 204 earndb conditions; six raters, 86 Mendeley
conditions) and the mapping validated against the record inventories. On
identical data, we constructed the reproducibility surrogate and four detectors
spanning the capacity range (the instrument statistic wnsfmp, logistic regression,
gradient boosting, a multilayer perceptron). Each learned detector was
trained under each label and scored against each label (a 2 × 2 factorial)
by leave-one-subject-out cross-validation; discrimination is reported pooled
and as a frequency-adjusted AUROC; inference rests on exact subject-level
permutation tests.
Results: The surrogate agreed with expert judgment at κ = 0.167 (earndb)
and 0.248 (Mendeley), against κ = 0.691 among the six Mendeley audiologists.
It is largely a function of signal-to-noise ratio: a single-replicate instrument
statistic predicted it with AUROC 0.789 on sub-averages in which the expert
saw no response, and a simulation with no response reproduced this. Training
on the surrogate cost 0.139–0.304 pooled AUROC against expert judgment
(perceptron: every informative listener, exact p = 0.031), a loss arising across
listeners and frequencies rather than within them; scoring fixed predictions
against either label did not reorder detectors. Changing both, as a study would,
reordered them: wnsfmp fell from 0.827 to 0.662, while the perceptron rose from
0.713 to 0.898 (interaction −0.350, exact p = 0.031); about 37% of this is pooling
across frequencies with different expert prevalence, and the within-frequency
remainder was not resolved. Rescoring against individual Mendeley raters moved
AUROC by 0.065–0.082, below the smallest difference eight listeners can resolve
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(0.096–0.136). The stimulus level alone reached AUROC 0.931 within 1 kHz,
exceeding every detector there.
Conclusion: On these corpora, measured detector performance depends on
how the label is constructed and who provided it, at magnitudes equal to or larger
than the differences between detectors. The label acts chiefly through what
detectors learn, and the proxy leaks the input. We claim neither label is correct;
we show that the choice determines the answer and release the mappings and a
CPU-reproducible pipeline.

KEYWORDS

auditory brainstem response, benchmark validity, evaluation methodology, inter-rater
reliability, label quality, objective detection

1 Introduction

The auditory brainstem response (ABR) underpins objective
audiometry wherever behavioral thresholds are unreliable in
newborns, developmentally delayed patients, and in medico-
legal assessment. The operational question at each stimulus
level is binary: Is a response present? In routine practice, this
is settled by visual inspection, a judgement that varies within
and between experienced clinicians, particularly near threshold
(Vidler and Parker, 2004; Zaitoun et al., 2014). Automating
it has been an active goal for four decades, first through
statistical detectors such as Fsp, Fmp, and template cross-
correlation (Elberling, 1979; Elberling and Don, 1984; Sininger,
1993; Cebulla et al., 2000; Chesnaye et al., 2018), later through
automated quality assessment and threshold-seeking procedures
(Valderrama et al., 2014; Suthakar and Liberman, 2019), machine
learning on engineered features (Acir et al., 2006; Davey et al.,
2007), and, most recently, deep networks applied to the waveform
(McKearney and MacKinnon, 2019; McKearney et al., 2022;
Liu et al., 2025). Across supervised learning more generally, the
quality of the target has received far less attention than the choice
of model; when it has been examined, the consequences have
been large: Label errors in widely used test sets change which
model ranks first (Northcutt et al., 2021), benchmark labels have
been found to be ambiguous enough that “progress” partly tracks
annotator conventions (Beyer et al., 2020), and public medical
imaging datasets have been shown to carry labels that do not
mean what users of the data sets assume (Oakden-Rayner, 2020).
Audiometric machine learning has not been exempt from this
pattern (Sadegh-Zadeh et al., 2024).

Progress in objective ABR detection is measured largely
on two small public corpora. The PhysioNet earndb set of
Silva and Epstein (2010) contributes tone-pip ABR from eight
normal-hearing listeners and has been used as training or test
data by McKearney and MacKinnon (2019) and Liu et al. (2025);
the Mendeley set of Wang et al. (2021) contributes click ABR
from eight further listeners. Both are freely available, both are
small, and importantly, neither distributes expert annotations as
part of the primary release. Table 1 lists the published detector
evaluations on these corpora that we could identify, with the source
of the label each used. Every one of them relied on clinician
annotation that the authors commissioned or produced themselves:

McKearney and MacKinnon (2019) classified the paired earndb
replicates visually into three classes; Wang et al. (2021) had five
audiologists assign thresholds to their own recordings; Liu et al.
(2025) commissioned one audiologist for earndb and a sixth for the
Mendeley set and were the first to publish the annotations. A reader
of the public releases before 2025 therefore had no annotation to
use. The one label that can be computed from the released files
alone is an automatic proxy, and the natural proxy is the clinical
two-replication reproducibility criterion: Two independent sub-
averages are recorded at each level, and a response is deemed
present when they correlate above a threshold. Cross-correlation
between replications is well-established as a response-detection
statistic in its own right (Berninger et al., 2014; Wang et al., 2021),
which is part of why it is a natural candidate for an automatic label.
The proxy is attractive because it is objective, cheap, and rooted in
clinical practice.

We do not claim that this substitution is common in the
published literature; Table 1 shows that it is not. We claim that
it is available, it is the only label the public releases make
available, and its behavior as a research target is untested. That
behavior is a separate question from the proxy’s utility as a
clinical heuristic, and testing it has recently become possible.
Liu et al. (2025), reporting a multi-center comparison of nine
deep models trained on 128,123 clinically annotated waveforms,
published as Supplementary material the audiologist annotations
they commissioned for both public corpora: one invited rater for
earndb and six raters for the Mendeley set. These annotations can
be mapped back onto the original recordings, allowing the proxy
and expert judgments to be compared directly on identical data,
and allowing detector comparisons to be repeated under each label
in turn.

We report that comparison, structured around three questions:
First, how well does the proxy agree with expert judgement, and
what does the proxy actually measure? We find an agreement of
κ = 0.17–0.25 against κ = 0.69 between experts, and we show,
analytically, by simulation and on the recordings themselves, that
the proxy is largely a function of signal-to-noise ratio: a single-
replicate instrument statistic predicts it well even where the expert
sees no response. Second, through which channel does the label
change a study’s conclusion? A 2 × 2 factorial over training label
and evaluation label shows that the effect runs chiefly through
training: Detectors trained on the proxy lose 0.14–0.30 pooled
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AUROC against expert judgement, a loss that arises when records
are compared across listeners and frequencies rather than within
them. Third, how large is the resulting label × detector interaction,
and how much of it is an artifact of pooling across acquisition
conditions? Pooled over carrier frequency, the interaction is large
and reorders the detectors; approximately a third of it is attributable
to pooling, and the remainder is of the same order as the smallest
difference eight listeners can resolve.

We are explicit about what this does and does not establish.
We do not claim that expert visual judgement is a gold standard:
It is itself a proxy for physiological response presence, with known
intra- and inter-observer variability, and our own rater analysis
quantifies that variability. We therefore make no claim that either
label is correct. The claim is conditional and, we argue, more
useful: The choice of target determines the conclusion, the two
available targets disagree profoundly, and a reader given only a
ranking cannot tell which target produced it. Our contribution is
that measurement, together with reporting practices that would
make such comparisons interpretable, and a release of the label
mappings and pipeline.

2 Materials and methods

2.1 Corpora

earndb (PhysioNet). The averaged-waveform ABR from eight
normal-hearing adults (four female, 19–31 years), recorded with
tone-pip stimuli at 1 and 4 kHz presented at 23.97/s from below
threshold to 100 dB peak equivalent sound pressure level (peSPL)
in 5 dB steps (Silva and Epstein, 2010). Signals were sampled at
48 kHz and band-pass filtered at 30–3,000 Hz; each stored epoch
spans 0–41.7 ms after stimulus onset. Each condition is stored
as two independent sub-averages, R1 and R2, each with its own
header, including the instrument’s wnsfmp value computed for that
sub-average alone. Of 232 conditions with a complete R1/R2 pair,
204 carry an expert annotation and form the analyzed set; the 28
excluded conditions lie at 10–45 dB, below the range covered by the
published annotation table.

Mendeley (Wang et al., 2021). Click ABR from eight adults
aged 23–73 years, recorded on an Intelligent Hearing Systems
SmartEP at 20 kHz with 100–3,000 Hz band-pass filtering, stimuli
at 37.1/s from 60 to 0 dB in 5 dB steps. Each trace stores an average
together with two buffers, the interleaved odd- and even-sweep
accumulations that the SmartEP software maintains as independent
halves of the same acquisition, which serve as the two sub-averages.
Of the available conditions, 86 carry annotations from all six raters
and form the analyzed set.

Both corpora are public; this secondary analysis required no
new data collection or ethical approval.

2.2 Labels and validation of the annotation
mapping

Reproducibility surrogate. For each condition, we computed
the Pearson correlation between the two sub-averages over the
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response window (4–16 ms for earndb; 2–10 ms for the shorter-
latency click responses in the Mendeley set) of the recorded,
acquisition-band waveform, and labeled the condition response
present when the correlation exceeded c = 0.25. This is the two-
replication criterion of clinical practice expressed as a fixed rule; the
cross-correlation between interleaved replicates is an established
detection statistic (Berninger et al., 2014; Wang et al., 2021), and we
chose it for exactly that reason. Our question is not whether the
correlation carries information about response presence, which it
does, but how a binary label derived from it behaves as the target of
a detector comparison. Sensitivity to c is examined in Section 3.9.

Expert annotations. Liu et al. (2025) commissioned
audiologist annotations for both corpora and published them
in Digital Content 1 in the Supplementary material. For earndb,
Table 2 gives one invited audiologist’s present/absent judgement per
participant, carrier frequency, and stimulus level. For the Mendeley
set, Table 3 gives six independent audiologists’ judgments per
participant and level; five originate with Wang et al. (2021), and
the sixth was contributed by Liu et al. We use the majority vote
across the six as the consensus label and additionally analyze each
rater separately.

Mapping validation. The published earndb table heads its
level column “dB SL,” whereas earndb levels are recorded in dB
peSPL; a systematic offset between the two scales would invalidate
the mapping while still producing a superficially complete match.
We therefore validated the mapping in five ways. First, all 204

annotated (participant, frequency, level) triples matched an existing
record, with no unmatched annotations. Second, the participant
identifiers in the published table (N1–N8) are the identifiers under
which the PhysioNet records are filed, and the annotated series start
at different levels for different participants (25, 30, 40, or 50 dB),
while all end at 100 dB; a per-participant sensation-level scale would
start every series at the same value. Third, we tested alternative
alignments: shifting the annotation levels by −10, −5, +5, and
+10 dB reduced the number of matched records to 184, 193, 186,
and 170, respectively, so no offset matches as well as the identity
mapping; Section 3.2 extends this grid to −40. . .+20 dB. Fourth,
over the 25–100-dB range covered by the table, the pattern of which
(participant, frequency, level) cells are populated agreed between
the annotation table and the corpus record inventory in 92.6%
of cells (237 of 256). All 19 discordant cells are records present
in the corpus but absent from the annotation table; there is no
cell in which an annotation exists without a corresponding record,
which is the direction that would indicate a broken mapping.
Fifth, the table’s levels span 25–100 dB in 5-dB steps and reach
exactly 100 dB for every participant. The corpus maximum is 100
dB peSPL, and Liu et al. (2025) themselves describe the PhysioNet
stimuli in their Methods section as running “to 100 dB peak-
equivalent SPL”; a column in sensation level that reached 100 dB
for every participant would require stimuli of roughly 125–130 dB
peSPL, which were never presented. We therefore treat the column
heading as a labeling slip and the values as recorded stimulus levels.

TABLE 2 Design analysis: pairwise detector comparisons on earndb under the expert label, with each pair’s own standard error and minimum detectable effect (MDE) at 80% power, and the

listeners required to detect a true difference of 0.05 at that pair’s standard error.

Comparison �AUROC 95% CI SE MDE Listeners for

� = 0.05

Adjusted

p

LR-eng–wnsfmp 0.171 [0.106, 0.247] 0.034 0.096 30 0.003

MLP-raw–wnsfmp 0.229 [0.149, 0.286] 0.034 0.097 30 0.003

MLP-raw–GBDT-eng 0.140 [0.065, 0.245] 0.045 0.126 51 0.002

LR-eng–GBDT-eng 0.082 [0.008, 0.164] 0.040 0.111 40 0.093

MLP-raw–LR-eng 0.058 [−0.025, 0.127] 0.040 0.111 40 0.192

GBDT-eng–wnsfmp 0.089 [−0.020, 0.175] 0.048 0.136 59 0.192

Paired subject-clustered bootstrap, Holm-adjusted within this family of six.
Observed differences exceed the pair’s own MDE for exactly the three significant comparisons. Confidence intervals are for the absolute difference in the direction shown.

TABLE 3 Detector discrimination (AUROC) under each label, each detector trained and evaluated under the label against which it is scored, by leave-one-subject-out cross-validation.

Corpus Detector Surrogate label Expert label

earndb (204 conditions, 8 listeners, 1 rater) wnsfmp 0.827 [0.765, 0.893] 0.662 [0.617, 0.728]

LR-eng 0.752 [0.695, 0.812] 0.837 [0.808, 0.876]

GBDT-eng 0.697 [0.654, 0.764] 0.757 [0.670, 0.816]

MLP-raw 0.713 [0.659, 0.762] 0.898 [0.847, 0.945]

Mendeley (86 conditions, 8 listeners, 6 raters) RMS-SNR 0.752 [0.618, 0.866] 0.681 [0.491, 0.852]

LR-eng 0.770 [0.652, 0.880] 0.668 [0.476, 0.837]

GBDT-eng 0.756 [0.664, 0.862] 0.599 [0.431, 0.754]

MLP-raw 0.730 [0.639, 0.810] 0.567 [0.388, 0.722]

Subject-clustered bootstrap 95% confidence intervals in brackets; all values are read from the released result files and differ from the submitted version in the third decimal of some intervals.
On earndb, the leading detector changes, and the two learned detectors, LR-eng and MLP-raw, exchange places. Mendeley point estimates also reorder, but no Mendeley comparison is
statistically resolved.
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The annotating authors have since confirmed both points directly
(personal communication): The unit of Table 2 is dB peSPL, and the
participants are the eight participants of the PhysioNet release.

Status of the expert label. The expert annotation is a human
judgement about the recorded waveform. It is a conventional
supervised target and is not an arithmetic function of the model
input. It is not, however, a physiological gold standard, and we do
not treat it as one; Section 3.6 quantifies its variability directly.

Status of the surrogate label. The surrogate is different in kind.
It is computed from the same two sub-averages that the detectors
receive as input, so the target is an arithmetic function of the input.
Let R1 = s + n1 and R2 = s + n2 be the two sub-averages, where
s is any component common to both replicates and n1 and n2 are
independent residual noise of variance σ 2. The expected correlation
between R1 and R2 over a window is approximately σ 2

s / (σ 2
s +

σ 2) = SNR / (1 + SNR), where σ 2
s is the variance of the common

component and SNR = σ 2
s / σ 2. A single-replicate quality statistic

of the Fmp family estimates the same ratio, using the residual-
noise variance that the instrument accumulates across sweeps. Two
consequences follow and are tested in Section 3.3. A detector given
one replicate and asked to predict the surrogate is being asked to
predict a monotone function of a quantity that an signal-to-noise
ratio (SNR) statistic already estimates, and because s is any common
component, not only a brainstem response, stimulus-locked residue
or slow shared activity raises both the surrogate and the SNR
statistic in the absence of any response. Both sub-averages enter
the detectors as separate samples carrying the same derived label,
which compounds this, and is why we repeat the main analyses at
condition level (one sub-average per condition).

2.3 Detectors

Both sub-averages of a condition enter as separate single-run
inputs carrying that condition’s label, giving 408 samples on earndb
and 172 on the Mendeley set. Therefore, every detector observes
one average run and must decide presence from it alone.

From each sub-average we extracted six scale-invariant
descriptors over a response window and a noise window (25–
41 ms for earndb, 12–22 ms for the Mendeley set): response-
to-noise ratios of root-mean-square (RMS) amplitude, peak-to-
peak amplitude and maximum absolute amplitude; the dominant
peak latency; the fraction of spectral energy in 100–1,500 Hz;
and the spectral centroid. Engineered features were computed
on a zero-phase fourth-order Butterworth 100–1,500-Hz band-
passed waveform; waveform-input detectors received the recorded
waveform resampled to 220 points and z-normalized.

Four detectors span the capacity range:

• wnsfmp, the weighted normalized signal-to-noise statistic
computed by the recording instrument and stored in the
header of each sub-average, a member of the residual-noise
family of quality measures, was used to decide when averaging
may stop (Elberling and Don, 1984; Don and Elberling, 1994).
No training is involved. On the Mendeley set, which has no
equivalent field, the response-to-noise RMS ratio, an analog
of the F_sp family of single-point variance-ratio statistics

(Sininger, 1993), serves the same role and is denoted RMS-
SNR. We include it not because it has been proposed as a
competitive detector—it has not—but because it is the natural
non-learned reference, is available without any modeling,
and is the quantity a reproducibility-derived label most
closely tracks.

• LR-eng, L2-regularized logistic regression (C = 1), was used
on the six engineered features, plus a per-fold matched-filter
score, the correlation of the response window with a template
formed from training-fold response-present waveforms.

• GBDT-eng, histogram gradient boosting (depth 3,
200 iterations, learning rate 0.06), was used on the
engineered features.

• MLP-raw, a 128–64 multilayer perceptron (α = 10−3, 800
iterations), was used on the 220-point waveform.

All hyperparameters were fixed a priori from conventional
defaults and were not tuned on these data; no feature selection
or architecture search was performed. We fixed them deliberately:
Tuning inside eight listeners would either require nested cross-
validation that leaves too few clusters per fold to be meaningful
or introduce exactly the optimism this paper is about. The
consequence is that absolute AUROC values below are those of
untuned reference implementations. The paper’s claims, however,
concern differences between labels holding the detector fixed,
and every detector is held identical across the two labels, so no
comparison reported here depends on the detectors being optimal.

2.4 Evaluation and statistical analysis

All learned detectors were evaluated by leave-one-subject-out
cross-validation so that no listener contributed to both training and
test. Random splits over records rather than listeners would place
statistically dependent observations on both sides of the partition,
a failure mode implicated in a broad reproducibility problem
across machine learning–based science (Kapoor and Narayanan,
2023). Feature standardization, the matched-filter template, and
any calibration map were fitted within training folds only. wnsfmp
and RMS-SNR require no training; for discrimination, they are
scored raw because a monotone recalibration cannot change the
area under the curve within a fold, whereas per-fold calibration
maps are not globally monotone and would distort it.

Factorial design. Each learned detector was trained under each
label, and its out-of-fold predictions were scored against each label,
giving four cells per detector: trained on the surrogate and scored
against the surrogate (S→ S), trained on the surrogate and scored
against the expert (S→ E), and E→ S and E→ E. The diagonal
cells, S→ S and E→ E, are what a study adopting that label would
report, and the comparison between them is the estimand of the
submitted version of this article. The off-diagonal cells separate two
effects that the diagonal confounds. Holding the training label fixed
and switching the evaluation label (S→ S vs. S→ E, or E→ S
vs. E→ E) measures how the two labels ranked the same fixed
predictions; this is the contrast under which no detector adapts, and
in which wnsfmp, which cannot be trained, is no longer anomalous.
Holding the evaluation label fixed and switching the training label
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(S→ E vs. E→ E) measures what training on the proxy costs
compared to expert judgement, a within-detector paired difference.

Scales. Discrimination is reported as AUROC pooled over
the two carrier frequencies, as a study would typically report it,
and as a frequency-adjusted AUROC, the pair-weighted mean of
the within-frequency AUROCs (the covariate-adjusted AUC of
Janes and Pepe, 2008, 2009, with carrier frequency as the discrete
covariate). The adjusted statistic compares response-present and
response-absent records only within the same frequency, so it
cannot be moved by differences in prevalence between frequencies;
the difference between the pooled and adjusted values of any
contrast is the contribution of pooling. Within-frequency AUROCs
are reported as well.

The label × detector interaction. For each detector d, we
define �_d = AUROC(E→ E) – AUROC(S→ S) and test
whether �_a – �_b differs from zero for each detector pair.
This directly tests the article’s claim: that the effect of changing
the label is not common to all detectors, and therefore reorders
them, rather than inferring it from a change in rank order.
Algebraically, the difference-in-differences �� = (�_a – �_b)
is identical to the change in the pairwise difference (AUROC_a
– AUROC_b) under the expert label minus the same difference
under the surrogate label, so the interaction and the rank reversal
are one quantity; a sign change of the pairwise difference is a
reversal, and �� is its magnitude. Because AUROC is bounded,
equal differences at different baselines are not strictly comparable;
we therefore also report the interaction on the logit scale as a
sensitivity and, for each pair, report the bootstrap probability
that the pairwise ordering differs between labels. Because the
difference-in-differences is a within-detector contrast of between-
label differences, any component of the label change common to
all detectors, including any difference in the intrinsic difficulty
or prevalence of the two targets, cancels; this is why we do not
compare AUROC values across labels directly. The two labels define
different prediction problems with different prevalence (39% vs.
81% response-present on the analyzed earndb conditions), so their
AUROCs are not on a common scale, whereas the interaction and
induced change of rank order are scale-free.

Inference. With eight listeners, inference is the weakest part
of any analysis of these corpora, and we state how it is done. The
primary test of every contrast is an exact subject-level sign-flip
permutation test: Each listener’s own contribution to the contrast
is computed from that listener’s out-of-fold predictions, and all
2n sign assignments are enumerated. Only listeners whose records
contain both classes under both labels on the scale in question
contribute, which is six listeners pooled and on the adjusted scale,
six at 4 kHz and four at 1 kHz, so the smallest attainable two-
sided p-value is 1/64 = 0.016 (1/16 = 0.063 at 1 kHz); we do not
report any p-value below that floor. Family-wise control across
the six pairwise interactions uses the studentised step-down max-
T permutation adjustment of Westfall and Young (1993), which
respects the discreteness of the permutation distribution; Holm’s
procedure (Holm, 1979) applied to exact p-values with a floor of
1/64 cannot reach 0.05 for six tests (its smallest attainable adjusted
value is 0.094), and we say so rather than apply it. The omnibus
p-value for any interaction on each scale is that of the largest
studentised statistic in the same max-T permutation distribution.
Subject-clustered bootstrap intervals, in which listeners rather

than records are the resampling unit (Field and Welsh, 2007), are
reported throughout as descriptive summaries of uncertainty, with
2,000 resamples, and are not used as tests; with eight clusters, their
coverage is approximate (Varoquaux, 2018). The two procedures
do not estimate the same thing: The per-listener contributions
of the exact test are computed within each listener’s records,
whereas the pooled AUROC and its bootstrap interval also compare
records across listeners. Where the two disagree, a contrast is
present across listeners but not within them, and we say so where
it occurs (Section 3.4). The Holm-adjusted bootstrap p-values
of the submitted version are retained in Supplementary Table S1
for continuity. Family-wise adjustment is applied within families
defined in advance: Holm for the six pairwise detector comparisons
under the expert label (Table 2), whose bootstrap p-values are
continuous; max-T for the six pairwise interactions on each scale
and the three training-label effects.

Two additional analyses guard the inference. First, because both
sub-averages of a condition share a label, we repeat the interaction
test at condition level, retaining one sub-average per condition (204
independent conditions), which removes any pseudo-replication.
Second, we repeat the interaction omitting each listener in turn to
confirm that no single listener drives it.

Probability quality is assessed after a subject-disjoint logistic
recalibration of the kind introduced by Platt (1999). Calibration
is reported as the Brier score, the recalibration slope and intercept
from regressing outcomes on the logit of the predicted probability,
and expected calibration error under both equal-width and equal-
mass binning at 5, 10, 15, and 20 bins.

Because the multilayer perceptron and gradient boosting
involve stochastic initialization, both were rerun across 10
random seeds.

2.5 Design analysis

To establish what difference these corpora can resolve, we
computed for each detector pair the standard error of the paired
subject-clustered AUROC difference separately. The minimum
detectable effect at 80% power and a two-sided 5% significance
level is

MDE = (Z0.975 + Z0.80)·SE≈2.80· SE,

where Z0.975 = 1.960 and Z0.80 = 0.842 are the standard normal
quantiles for the two-sided test size and for power, respectively.
Because the standard error of an AUROC difference scales
approximately as 1/

√
N in the number of independent listeners, the

listeners required to detect a true difference � at the same power is

N_�≈N0·(MDE0/ �)2,

with N0 = 8 and MDE0 the value observed for that pair. Per-pair
reporting matters: Standard errors differ across pairs, so a single
summary figure would misclassify individual comparisons, and we
report the listeners required as a range over pairs rather than as
one number.
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2.6 Analysis provenance

This is a secondary analysis of existing public data and was
not pre-registered. The analysis was developed iteratively, and
after inspecting intermediate output, three choices were made:
wnsfmp is scored raw rather than through a per-fold calibration
map (the latter is not globally monotone and depressed its
AUROC from 0.662 to 0.480), the minimum detectable effect
is reported per detector pair rather than as a single median (a
single figure misclassified one comparison), and the primary LR-
eng includes a matched-filter feature, with the alternative reported
in Section 3.9. The factorial, frequency-adjusted, degeneracy, and
mapping analyses of Sections 3.2–3.5 were added at revision
in response to peer review. They are computed from the same
out-of-fold predictions as the original analysis; no detector was
retrained, retuned, or respecified for them, and the released pipeline
regenerates them from the stored predictions. We state these
explicitly, report the affected sensitivities, and regard all inference
here as exploratory rather than confirmatory.

2.7 Reproducibility

The analyses were performed in Python 3.11 with NumPy,
SciPy, scikit-learn and the wfdb package, on CPU only, with
random seed 42 unless stated. Scripts and label mappings are
released (see Data and Code Availability). Every number in the
tables and figures, and every inferential statistic in the text, is
read from the result files written by the released pipeline so that
text, tables, and figures cannot diverge; the two development-run
sensitivities discussed in Section 3.9 are identified as such.

3 Results

3.1 What these corpora can and cannot
resolve

We begin with the result that conditions every other one
because it is independent of which label is used. Standard errors
of the paired subject-clustered AUROC difference ranged from
0.034 to 0.048 across detector pairs under the expert label,
giving per-pair minimum detectable differences of 0.096–0.136
at 80% power (Table 2, Figure 1A). Applying each pair’s own
threshold reproduces the Holm-corrected outcomes exactly: The
three significant comparisons (0.171, 0.229, 0.140) exceed their
thresholds (0.096, 0.097, 0.126), and the three non-significant
ones (0.089, 0.082, 0.058) fall below theirs (0.136, 0.111, 0.111).
A single summary threshold would have misclassified the MLP-
raw vs. GBDT-eng comparison, which is why we report per-
pair values.

Scaling each pair’s own standard error, detecting a true
difference of 0.10 AUROC at 80% power would require 7–15
listeners (median over pairs 10), a difference of 0.05 would require

30–59 (median 40), and a difference of 0.03 would require 82–
164 (median 110; Figure 1B). Two consequences follow. Non-
significant comparisons here are design nulls and must not be read
as evidence of equivalence. And the rater-induced spread of 0.065–
0.082 documented in Section 3.6 sits below the design’s resolution,
so a study of this size cannot distinguish a real detector difference
from the difference between two annotators.

3.2 The surrogate agrees poorly with
experts

On earndb, the surrogate and the expert annotation agreed
on 52.5% of the 204 analyzed conditions, giving Cohen’s κ =
0.167 (Cohen, 1960), subject-clustered 95% CI [0.058, 0.294],
slight agreement on the Landis–Koch scale (Landis and Koch, 1977;
Figure 2A). Both sub-averages of a condition carry the same labels,
so agreement is a property of conditions, not of sub-averages; the κ

point estimate is identical either way, but the counts below are per
condition. Disagreement was strongly asymmetric: the surrogate
declared a response present where the expert declared it absent
in 92 conditions (45% of the analyzed set), the reverse in only
5 (2%). On the analyzed conditions, the surrogate labeled 81%
response-present compared to the expert’s 39%.

Disagreement concentrated almost entirely at 1 kHz, where
agreement fell to 34% (κ = 0.080) and the surrogate labeled 82%
of conditions response-present compared to the expert’s 16%; at
4 kHz, agreement was 71% (κ = 0.321; surrogate 81%, expert
62%). Figure 2B shows the divergence against stimulus level: The
labels track one another reasonably at 4 kHz and separate almost
completely at 1 kHz.

The same comparison on the Mendeley set, against the majority
vote of six audiologists, gave 70.9% agreement and κ = 0.248.
The reference point is what the audiologists achieved with one
another: across the 15 rater pairs, the median κ was 0.691,
the range was 0.518–0.951, and 26% of conditions were not
unanimous (Figure 2C). In both corpora, the surrogate therefore
agrees with expert judgement substantially less than experts agree
among themselves.

Because the published earndb annotation only covers 25–100
dB, our agreement figure for that corpus is computed on that
range. The 28 excluded conditions lie at 10–45 dB and are labeled
response-present by the surrogate in only 18% of cases; at such
levels, most conditions are response-absent under any criterion, so
the excluded conditions are the ones the two labels would largely
have agreed. The figure we report is therefore conservative in the
unfavorable direction. We report it as measured on 25–100 dB and
do not extrapolate it to the full range.

Mapping and plausibility checks. Three further checks bear on
whether the expert annotation was aligned to the right recordings
and on whether it is physiologically credible. First, extending
the level-offset grid, Supplementary Table S3 gives the number of
annotations that could match an existing record for each shift of
the annotation levels relative to the recorded levels. For shifts of ±5
and ±10 dB, the counts are exact (Section 2.2). For larger shifts,
the corpus inventory constrains an upper bound: An annotation
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FIGURE 1

What eight listeners can resolve. (A) For each detector pair under the expert label, the minimum difference detectable at 80% power (bar) and the
observed absolute difference (point; red where Holm-adjusted p < 0.05). (B) Listeners required to detect a given true AUROC difference at 80%
power, for the median detector pair (line) and the range over pairs (band), with the sizes of these corpora marked.

FIGURE 2

The reproducibility surrogate agrees with expert judgement far less than experts agree with each other. (A) Cohen’s κ between surrogate and expert
annotation on earndb (single rater; subject-clustered 95% CI) and on the Mendeley set (six-rater consensus), against the median and range of κ

between the six audiologists; shaded bands mark Landis–Koch interpretation ranges. (B) Percentage of earndb conditions labeled response-present
by label and carrier frequency, in 10-dB bins of stimulus level. (C) Percentage of Mendeley conditions labeled response-present by each audiologist
(points), their mean (dotted) and the surrogate (line).

shifted to a level above 100 dB peSPL or below the 10 dB corpus
floor cannot match, and an annotation shifted to a level between
the annotated range and the corpus floor can match only one of
the 28 unannotated records, all of which lie at 10–45 dB. Every
non-zero shift matches strictly fewer records than the identity
(−40 dB: ≤ 110; −35 dB: ≤ 124; −30 dB: ≤ 138; −25 dB: ≤
152; −20 dB: ≤ 167; −15 dB: ≤ 182; −10 dB: 184; −5 dB: 193;
+5 dB: 186; +10 dB: 170; +15 dB: ≤ 154; +20 dB: ≤ 139;
identity 204 of 204). Second, for coherence, a per-waveform visual
judgement near threshold should occasionally be non-monotone
in level, whereas a threshold rule or a misaligned table would not
be. Under the expert label 7 of 16 participant × frequency series
are non-monotone, in every case by one or two isolated single-
level dips (present–absent–present) inside an otherwise monotone
series (8 such dips in total; Supplementary Table S2), which is the
signature of independent per-waveform judgement rather than of
a threshold rule or a shifted table; under the surrogate, 11 of 16
series are non-monotone. Third, physiological plausibility, which
deserves direct treatment. The expert annotation records a response
at no level in five series (N3 1 kHz, N3 4 kHz, N6 1 kHz, N8
1 kHz, N8 4 kHz); the annotating authors have confirmed that

this is indeed their audiologist’s judgement for N3 and, as we
do, caution that it is a statement about what was visible to that
annotator in those recordings, not about the participant’s hearing.
At 1 kHz, the annotation records responses only at 80 dB peSPL
and above in the remaining participants, whereas tone-evoked
ABR thresholds in normal-hearing adults are expected some 10–
20 dB above behavioral threshold (Stapells, 2000), well below 80 dB
peSPL. At 4 kHz, the expert series begin at 30–60 dB peSPL, which is
consistent with that expectation and inconsistent with a sensation-
level reading of the table, under which nearly every annotated
level would lie above threshold. We therefore regard the 4-kHz
annotation as physiologically credible and the 1-kHz annotation as
conservative relative to physiology. Two readings are possible, and
we cannot separate them: The annotator may have applied a strict
wave-V morphology criterion that broad, low-amplitude 1-kHz
tone-pip responses rarely satisfy at the residual noise levels of these
recordings, or the 1-kHz judgments may be unreliable. Either way,
the expert label is a visibility judgement on a specific recording, not
a statement about physiology, and its reliability cannot be estimated
from a single rater; this is the point of Section 3.6. Because the
1-kHz annotation is the questionable half, every result below is
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reported within 4 kHz as well as pooled, and none of the article’s
conclusions depends on 1 kHz alone. Because N3 is the participant
with no annotated response at any level, we also recomputed the
main quantities with N3 removed (Supplementary Table S7): κ rose
from 0.167 to 0.231, the pooled wnsfmp vs. MLP-raw interaction
was −0.344 (−0.189 frequency-adjusted); the pooled training-label
effects were +0.137, +0.153, and +0.297 for LR-eng, GBDT-eng,
and MLP-raw; and wnsfmp predicted the surrogate among expert-
absent sub-averages with AUROC 0.777; no conclusion depends on
that participant.

3.3 The surrogate largely reflects
single-replicate SNR

Section 2.2 derived that the expected correlation between
replicates is SNR / (1 + SNR) for any component common to
both replicates, response or not. Figure 3A shows the derivation
against a simulation of 2,000 conditions in which no response is
present at all: Each replicate is a shared non-response component
(a slow 30–150-Hz oscillation of condition-varying amplitude,
standing in for stimulus-locked residue or shared slow activity)
plus independent noise of condition-varying level. The simulation
adds nothing to the algebra beyond a check that the finite-
window sample correlation and a thresholded label behave as
the expectation predicts; the empirical test follows. The simulated
correlation follows the analytic curve, and at c = 0.25, the
surrogate declares a response present in 53% of these response-
free conditions. A single-replicate statistic of the Fmp type, the
response-window power divided by the residual-noise variance that
the instrument estimates across sweeps, predicted the surrogate
with AUROC 0.872 with no response present, and 0.940 when
responses of varying amplitude were added (Figure 3B); the true
common-component SNR, which no single replicate can know
exactly, reached 0.901 and 0.952, so the single replicate predicts
the surrogate nearly as well as the independent noise of the
second replicate allows. A two-window ratio computed from the
replicate alone, which normalizes by a late window that also
contains the shared component, did not (0.531); the degeneracy is
specific to statistics that, like wnsfmp, normalize by a sweep-level
noise estimate.

The recordings show the same thing. On earndb, wnsfmp,
read from the header of the single sub-average and involving no
learning, predicted the surrogate label with AUROC 0.827 over all
sub-averages. Restricted to the 250 sub-averages in which the expert
saw no response, it still predicted the surrogate with AUROC 0.789
(subject-clustered 95% CI [0.720, 0.860]); the surrogate called 74%
of these expert-absent sub-averages present. Within 1-kHz expert-
absent sub-averages, the figure was 0.831 (n = 174); within 4 kHz, it
was 0.689 (n = 76). Figure 3C shows why: The 1-kHz sub-averages
that the surrogate calls present and the expert calls absent have a
mean wnsfmp of 4.13 (n = 136, median level 68 dB), higher than
the 4-kHz sub-averages in which both labels agree a response is
present (3.32). Whatever is reproducible in those 1-kHz recordings,
the instrument’s SNR statistic and the two-replicate correlation
both register it, and the annotator does not call it wave V. This

does not require the annotator to be right: If the expert missed
genuine low-amplitude responses, the surrogate and wnsfmp agree
because both register them; if not, they agree because both register
shared non-response structure. In either case, the two quantities
are tied to each other rather than to the annotation, which is
the point.

This is the structural reason wnsfmp ranks first under the
surrogate (Section 3.5): By construction, it estimates the quantity
of which the surrogate is a thresholded, noisy realization, and it
predicts the surrogate about as well as the noise in the second
replicate allows. A rank reversal against the surrogate is therefore
not evidence about detectors; it is evidence that the surrogate leaks
the input. We regard this, rather than any interaction test, as the
article’s central finding about the proxy.

3.4 Training on the proxy and scoring
against the proxy are different things

Table 4 and Figure 4 give the 2 × 2 factorial. Three patterns
are visible. First, the diagonal cells reproduce the study-level
comparison: under S→ S wnsfmp leads (0.827) and under E→ E
MLP-raw leads (0.898). Second, the off-diagonal cells are low for
every learned detector. A perceptron trained on the expert label
scores 0.574 against the surrogate and one trained on the surrogate
scores 0.594 against the expert, both close to chance; for LR-eng
the corresponding values are 0.601 and 0.698, respectively, and
for GBDT-eng, they are 0.600 and 0.622, respectively. The two
labels define prediction problems that, for the highest-capacity
detector, are nearly orthogonal. Third, holding the evaluation label
at expert judgement and switching the training label, training on
the surrogate cost 0.139 pooled AUROC for LR-eng (bootstrap
95% CI [0.064, 0.224]), 0.135 for GBDT-eng ([0.054, 0.225]),
and 0.304 for MLP-raw ([0.236, 0.371]). For MLP-raw, the per-
listener contribution was positive in every informative listener
(+0.197 to +0.583; exact p = 0.031, max-T adjusted over the
three learned detectors 0.031; omnibus p = 0.031), and for
LR-eng, likewise (+0.010 to +0.288; exact p = 0.031, adjusted
0.375). Where the cost arises is informative. Within a listener
and within a carrier frequency, the two trainings ranked that
listener’s records about equally well: The per-listener MLP-raw
difference within 4 kHz ranged from −0.069 to +0.062 and was
positive in only two of six listeners (exact p = 0.875), and on
the frequency-adjusted scale, no exact test was significant (p =
0.250 for each detector), although the estimates comparing records
across listeners remained positive (+0.099 [0.022, 0.189], +0.065
[−0.004, 0.135], +0.178 [0.044, 0.288]; within 4 kHz, they were
+0.125 [0.026, 0.203] and +0.210 [0.018, 0.375]). The cost of
proxy training therefore lies in comparisons across listeners and
across frequencies, which is what a single decision threshold applied
across patients relies on: A surrogate-trained detector orders a
given listener’s waveforms by level much as an expert-trained
one does, but its score scale shifts between listeners and between
frequencies in a way unrelated to the expert’s judgement, as a
detector that has learned a signal-to-noise quantity (Section 3.3)
would be expected to do. A within-listener normalization of scores
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FIGURE 3

The surrogate is largely a function of single-replicate signal-to-noise ratio. (A) Simulation with no response present: the correlation between two
replicates that share a non-response component follows SNR / (1 + SNR); at the surrogate threshold of 0.25, approximately half of these
response-free conditions are labeled response-present. (B) AUROC with which a single-replicate SNR statistic predicts the surrogate label in the
simulation without and with responses and on earndb over all sub-averages and over the sub-averages in which the expert saw no response (error
bar: subject-clustered 95% CI). (C) Mean wnsfmp, the instrument’s single-replicate SNR statistic, by expert and surrogate label and carrier frequency
on earndb; the 1-kHz conditions the surrogate calls present and the expert calls absent have higher SNR than the 4 kHz conditions both labels call
present.

TABLE 4 The 2 × 2 factorial on earndb: AUROC of each detector trained under one label (rows) and scored against each label (columns), pooled over carrier frequency and frequency-adjusted

(pair-weighted mean of within-frequency AUROCs).

Detector Trained

on

Pooled: vs. surrogate Pooled:

vs. expert

Adjusted: vs. surrogate Adjusted:

vs. expert

wnsfmp (None) 0.827 0.662 0.824 0.755

LR-eng Surrogate 0.752 0.698 0.750 0.711

Expert 0.601 0.837 0.612 0.810

GBDT-eng Surrogate 0.697 0.622 0.700 0.662

Expert 0.600 0.757 0.604 0.727

MLP-raw Surrogate 0.713 0.594 0.713 0.686

Expert 0.574 0.898 0.575 0.864

Training effect, expert

evaluation

LR-eng +0.139 [0.064, 0.224]; exact p = 0.031

(max-T 0.375)

+0.099 [0.022, 0.189]; exact p = 0.250

(max-T 0.438)

GBDT-eng +0.135 [0.054, 0.225]; exact p = 0.062

(max-T 0.281)

+0.065 [−0.004, 0.135]; exact p = 0.250

(max-T 0.531)

MLP-raw +0.304 [0.236, 0.371]; exact p = 0.031

(max-T 0.031)

+0.178 [0.044, 0.288]; exact p = 0.250

(max-T 0.438)

Omnibus (any

detector)

exact p = 0.031 exact p = 0.156

wnsfmp is not trained, so its rows are identical. The final block gives the training-label effect at fixed expert evaluation, AUROC(E→ E) – AUROC(S→ E), a within-detector paired difference,
with subject-clustered bootstrap 95% CI (descriptive, comparing records across listeners), the exact sign-flip permutation p computed from within-listener contributions (six informative
listeners, floor 0.016) and its max-T adjustment over the three learned detectors.

would remove the cross-listener component, but it requires a
listener’s whole level series before any decision is made, which
is not how a detector is applied; as produced, the scores are
what a study would report. In practical terms, a learned detector
trained on the proxy and scored against clinicians reached 0.594–
0.698 pooled, within 0.04 of or below the untrained instrument
statistic (0.662), and 0.662–0.711 frequency-adjusted, below it
(0.755).

The converse contrast, holding the training label fixed and
switching only the evaluation label, is the one under which no
detector adapts and is the cleanest test of whether the two labels
rank the same fixed predictions differently. It did not reorder
the detectors at a resolvable magnitude. With training fixed on

the surrogate, rescoring against the expert lowered every detector
(�: wnsfmp −0.165, LR-eng −0.053, GBDT-eng −0.075, MLP-
raw −0.119 pooled; −0.069, −0.039, −0.037, −0.027 adjusted),
and no pairwise interaction was resolved (wnsfmp vs. MLP-
raw �� = −0.046 [−0.134, 0.056] pooled, −0.042 [−0.145,
0.118] adjusted; all exact p ≥ 0.094; Supplementary Table S4).
With training fixed on the expert label, the picture is dominated
by the near-chance E→ S cells and is uninformative about
measurement. The label therefore changes a study’s answer
chiefly through what the detectors learn, not through how fixed
predictions are scored. This is a narrower claim than the one
made in the submitted version of this article, and we state it
as such.

Frontiers in Audiology and Otology 10 frontiersin.org

https://doi.org/10.3389/fauot.2026.1952229
https://www.frontiersin.org/journals/audiology-and-otology
https://www.frontiersin.org


Sadegh-Zadeh et al. 10.3389/fauot.2026.1952229

FIGURE 4

Training label and evaluation label have different effects. For each detector, AUROC when trained on the surrogate or on the expert label (rows) and
scored against the surrogate or the expert label (columns), (A) pooled over carrier frequency and (B) frequency-adjusted. Off-diagonal cells are low
for every learned detector; the training-label effect at fixed expert evaluation is given beneath the panels with subject-clustered bootstrap 95%
intervals.

3.5 The label × detector interaction,
decomposed by carrier frequency

Both labels were evaluated on identical data, the same 204
earndb conditions, and the same 86 Mendeley conditions, with each
detector trained under the label against which it is scored (Table 3;
Figures 5A–C).

On earndb pooled over frequency, the ordering under the
surrogate placed wnsfmp first (AUROC 0.827), ahead of LR-
eng (0.752), MLP-raw (0.713), and GBDT-eng (0.697). Under
expert annotation, the ordering was MLP-raw (0.898, 95% CI
[0.847, 0.945]), LR-eng (0.837), GBDT-eng (0.757), and wnsfmp
last (0.662). The movement of wnsfmp from first to last is the
largest, and Section 3.3 explains it: under the surrogate, wnsfmp is
scored against a label that is a thresholded, noisy realization of the
quantity wnsfmp itself estimates. The reordering is not confined
to it. Among the three learned detectors, which are the systems a
comparative study would actually be choosing between, the ranking
also changes, with LR-eng leading under the surrogate (0.752 vs.

MLP-raw 0.713) and MLP-raw leading under expert annotation
(0.898 vs. 0.837).

MLP-raw’s pooled AUROC of 0.898 should not be read as a
detection result. Carrier frequency alone reaches 0.747 against this
label (Section 3.7), and within strata, MLP-raw reaches 0.883 at
1 kHz and 0.853 at 4 kHz, the former being below the stimulus-
level baseline. We use the pooled figure only as one endpoint of
the label comparison.

Table 5 gives the interaction on each scale, with the exact
permutation test as the inferential statistic and bootstrap intervals
as description. Pooled over frequency, the wnsfmp-vs.-MLP-raw
interaction was ��=−0.350 (bootstrap 95% CI [−0.418, −0.268];
exact p = 0.031, max-T adjusted p = 0.031; omnibus p = 0.031), the
wnsfmp-vs.-LR-eng interaction, −0.250 (exact p = 0.031, adjusted
0.062); and the wnsfmp-vs.-GBDT-eng interaction, −0.225 (exact
p = 0.031, adjusted 0.094). The interactions between trained
detectors were visible in point estimates (LR-eng vs. MLP-raw
−0.099, GBDT-eng vs. MLP-raw −0.125) but not resolved by the
exact test (p = 0.094 for both). The bootstrap probability that the

FIGURE 5

Changing the label reorders the detectors, and part of the reordering is pooling. Leave-one-subject-out AUROC under the reproducibility surrogate
(left) and expert annotation (right), each detector trained under the label against which it is scored, on identical conditions: (A) earndb pooled over
frequency, (B) earndb frequency-adjusted, (C) Mendeley against the six-annotator consensus, where point estimates reorder, but no comparison is
statistically resolved. (D) The wnsfmp vs. MLP-raw interaction pooled, frequency-adjusted and within each frequency, with descriptive bootstrap 95%
intervals and the exact permutation p-value.
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TABLE 5 The label × detector interaction on earndb (each detector trained and scored under the same label), �� = �_a – �_b with �_d = AUROC(expert) – AUROC(surrogate), on three scales.

Comparison Pooled �� [95%

CI]

Exact

p/max-T

p

Frequency-

adjusted ��

[95% CI]

Exact

p/max-T

p

4-kHz �� [95%

CI]

Exact

p/max-T

p

wnsfmp vs. MLP-raw −0.350 [−0.418, −0.268] 0.031/0.031 −0.219 [−0.298, −0.103] 0.062/0.094 −0.168 [−0.268, −0.048] 0.156/0.500

wnsfmp vs. LR-eng −0.250 [−0.344, −0.138] 0.031/0.031 −0.128 [−0.215, −0.009] 0.281/0.688 −0.142 [−0.289, 0.017] 0.344/0.781

wnsfmp vs. GBDT-eng −0.225 [−0.340, −0.065] 0.031/0.031 −0.097 [−0.200, 0.066] 0.500/0.906 −0.065 [−0.223, 0.128] 0.688/0.906

GBDT-eng vs. MLP-raw −0.125 [−0.266, −0.029] 0.094/0.156 −0.123 [−0.280, 0.007] 0.344/0.688 −0.103 [−0.219, 0.008] 0.500/0.875

LR-eng vs. MLP-raw −0.099 [−0.179, −0.022] 0.094/0.094 −0.091 [−0.183, 0.014] 0.594/0.906 −0.026 [−0.135, 0.082] 0.906/0.906

LR-eng vs. GBDT-eng +0.026 [−0.048, 0.126] 0.875/0.875 +0.032 [−0.037, 0.135] 0.594/0.906 +0.077 [−0.034, 0.191] 0.688/0.906

Omnibus, any

interaction

— 0.031 — 0.094 — 0.500

Point estimates are plug-in values; bootstrap 95% intervals (2,000 subject-clustered resamples) are descriptive; the exact subject-level sign-flip permutation p (six informative listeners, floor
0.016) is the inferential statistic, with the single-step max-T family-wise adjustment over the six pairs. The omnibus exact test of any interaction among the four detectors is given in the last row.

pairwise ordering differs between labels was 100% for wnsfmp vs.
MLP-raw, 98% for wnsfmp vs. LR-eng, and 81% for LR-eng vs.
MLP-raw. On the logit scale, the wnsfmp-vs.-MLP-raw interaction
was −2.154 (95% CI [−2.813, −1.620], exact p = 0.031).

The pooled interaction is exposed to the pooling artifact
described in Section 3.7. Under the expert label, the two carrier
frequencies have very different prevalence (16% vs. 62% response-
present), and under the surrogate, they do not (82% vs. 81%), so
pooling can inflate �_wnsfmp under the expert label alone. The
frequency-adjusted interaction, which cannot be moved between
frequencies by prevalence differences, was−0.219 (95% CI [−0.298,
−0.103]) for wnsfmp vs. MLP-raw (exact p = 0.062; max-T
adjusted p = 0.094; omnibus p = 0.094), −0.128 (95% CI [−0.215,
−0.009]) for wnsfmp vs. LR-eng (exact p = 0.281) and −0.097 for
wnsfmp vs. GBDT-eng (exact p = 0.500). The pooled interaction of
−0.350 therefore decomposes into a within-frequency component
of −0.219 and a pooling component of −0.130, about 37% of the
pooled value. Within 4 kHz alone, where both labels have non-
degenerate prevalence, the reordering persisted in point estimates
(wnsfmp first under the surrogate, 0.793, and third under the
expert, 0.768; MLP-raw last, 0.709, and second, 0.853; LR-eng first
under the expert, 0.871) with �� = −0.168 (95% CI [−0.268,
−0.048]), but the exact test did not resolve it (p = 0.156). Within
1 kHz, only four listeners have both expert classes, the permutation
floor is 0.062, and the interaction (�� =−0.287, 95% CI [−0.457,
−0.050], exact p = 0.250) is not estimable in any useful sense
(Figure 5D).

The statistically resolved claim is therefore about the
comparison a study would actually make, pooled over acquisition
conditions. Changing the label reorders the detectors relative to
the untrained reference statistic, and a third of that reordering
is produced by the prevalence structure the expert label imposes
across carrier frequencies, a property of label construction itself.
The within-frequency reordering has the same sign and roughly
two-thirds of the magnitude, has the same sign in both frequencies
(−0.287 and −0.168), is resolved by the exact test for the single
contrast most exposed to it but not after family-wise adjustment,
and is of the same order as the minimum detectable difference of
Section 3.1. We report it as a point-estimate observation with the
same status as the trained-vs.-trained interactions.

On the Mendeley set, the point estimates also reorder, and
the RMS-SNR reference ranks third under the surrogate (0.752)

and first under the six-rater consensus (0.681), while every learned
detector falls, but no Mendeley comparison is statistically resolved.
With eight listeners and 86 conditions, the subject-clustered
intervals overlap extensively (RMS-SNR 0.681, 95% CI [0.491,
0.852]). We therefore report the Mendeley corpus as consistent
with label dependence but not as independent confirmation of it,
and we draw no inference about the direction of its reordering. Its
evidential contribution to this article lies in Section 3.6, where six
annotators allow a quantity the earndb corpus cannot supply.

3.6 Rater identity shifts measured
performance

The Mendeley annotations allow the label to vary while the
detector is held fixed. Rerunning the full leave-one-subject-out
evaluation against each audiologist in turn (Figure 6A) moved
AUROC by 0.080 for RMS-SNR (0.652–0.733), 0.082 for GBDT-
eng (0.591–0.672), 0.066 for LR-eng (0.642–0.708), and 0.065 for
MLP-raw (0.561–0.626).

These spreads are of the same order as the quantities the
benchmark is used to estimate (Figure 6B). The full spread between
the four detectors under the consensus label is 0.113; the mean
rater-induced spread within a detector is 0.073, reaching 0.082;
and the smallest difference the design can resolve is 0.096–0.136,
depending on the pair (Section 3.1). Which clinician annotated
the data thus perturbs measured performance nearly as much as
replacing one detector with another, and both quantities sit at or
below the resolution of the study.

This result also bounds the interpretation of Sections 3.2–3.5,
all of which rest on a single earndb annotator. A single-rater target
carries the variability of this order, so the earndb comparisons
should be read as one draw from an annotator distribution, not as
a fixed reference. We return to this in the Limitations section.

3.7 Label-free baselines and pooling
artifacts

Two comparators requiring no waveform analysis perform well
against the expert label on earndb (Table 6, Figure 7). Stimulus
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FIGURE 6

Annotator identity moves performance as much as detector choice. (A) Leave-one-subject-out AUROC on the Mendeley set with each detector
scored against each of the six audiologists individually; each point is one annotator; the vertical mark, the median. (B) Spread between detectors
under the consensus label, mean annotator-induced spread within a detector, and the minimum difference detectable at eight listeners (median pair;
line spans the range over pairs).

TABLE 6 Label-free baselines and detectors against the expert label on earndb, pooled and

stratified by carrier frequency.

Comparator Pooled Within 1

kHz

Within

4 kHz

Stimulus level alone 0.733 0.931 0.720

Carrier frequency alone 0.747 0.500 0.500

wnsfmp 0.662 0.734 0.768

LR-eng 0.837 0.705 0.871

GBDT-eng 0.757 0.666 0.763

MLP-raw 0.898 0.883 0.853

wnsfmp scores below both strata when pooled (Simpson’s paradox). No waveform detector
exceeds stimulus level alone within 1 kHz.

level alone reached AUROC 0.733, and carrier frequency alone,
predicting response-present for every 4-kHz condition, reached
0.747. Within 1 kHz, stimulus level alone reached 0.931, exceeding
every waveform-based detector at that frequency, including MLP-
raw (0.883). Only at 4 kHz did learned detectors clearly improve on
it (LR-eng 0.871, MLP-raw 0.853 vs. 0.720).

The 1-kHz result admits two readings, and we cannot separate
them with these data. Either the expert’s 1-kHz judgments were
close to a level criterion, which is plausible because 1-kHz tone-
pip responses are broad and low in amplitude and clinicians
reasonably weight stimulus level when morphology is ambiguous,
or 1-kHz response presence is genuinely almost determined by
level in normal-hearing ears over this range. On the first reading,
the expert label is partly redundant with a stimulus parameter,
which would weaken it as an independent target; on the second,
the baseline is simply strong. Either way, the practical implication is
the same: a detector evaluated on pooled data has not demonstrated
waveform-derived information until it is shown to beat the stimulus
parameters, which are known to the operator without any analysis.

Frequency-stratified analysis also exposes an artifact of pooling.
Against the expert label, wnsfmp achieved 0.734 within 1 kHz
and 0.768 within 4 kHz yet 0.662 pooled below either stratum.
The mean wnsfmp was 4.13 in the 1-kHz conditions the expert
called absent and the surrogate called present, against 3.32 in

the 4-kHz conditions both labels called present; pooling therefore
concentrates high scores on expert-absent conditions and inverts
the relationship, an instance of the reversal described by Simpson
(1951). Because detectors are affected to different degrees, pooled
comparison across acquisition conditions can reorder them relative
to stratified comparison, and Section 3.5 quantifies how much of the
pooled interaction this accounts for.

This artifact is not independent of Section 3.2. It arises precisely
because the expert label assigns very different prevalence to the
two frequencies (16% vs. 62%), whereas the surrogate assigns
nearly equal prevalence (82% vs. 81%) and produces no such
inversion. The pooling hazard is therefore a consequence of the
label’s structure rather than a separate phenomenon, and we report
it as such. It is a warning about pooling whenever prevalence differs
across the pooled conditions, which the surrogate happens to mask.

3.8 Calibration against the expert label

Measured against the expert annotation on earndb (Table 7),
the regularized linear model produced the best-behaved
probabilities: Brier 0.160, recalibration slope 0.76, intercept
−0.08, expected calibration error 0.034–0.073 across binning
schemes. MLP-raw achieved the lowest Brier score (0.143) but
a recalibration slope of 0.28, indicating the overconfidence
characteristic of higher-capacity classifiers (Guo et al., 2017), with
an expected calibration error of 0.122–0.140. GBDT-eng was
intermediate (Brier 0.191, slope 0.51). Scored as a probability,
wnsfmp had the Brier score as 0.249, worse than the prevalence
predictor (0.237).

The detector with the strongest discrimination therefore had
the least trustworthy probabilities, a dissociation a discrimination-
only evaluation would not reveal. These estimates rest on
the same eight listeners and the same single annotator as
the discrimination results and inherit their uncertainty; they
demonstrate the dissociation rather than certifying any detector as
clinically calibrated.

At a 0.5 operating point, LR-eng gave sensitivity 0.70, specificity
0.80, positive predictive value 0.69, negative predictive value 0.81,
balanced accuracy 0.75, and average precision 0.74. We attempted
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FIGURE 7

Label-free baselines and detectors against the expert label on earndb, pooled, and stratified by carrier frequency; the dashed line marks stimulus level
alone within 1 kHz.

TABLE 7 Probability quality against the expert label on earndb.

Detector Brier Recalibration

slope

Intercept ECE range

LR-eng 0.160 0.76 −0.08 0.034–0.073

MLP-raw 0.143 0.28 −0.01 0.122–0.140

GBDT-eng 0.191 0.51 −0.25 0.100–0.123

wnsfmp (as probability) 0.249 0.08 −0.43 0.085–0.162

Prevalence predictor 0.237 — — —

ECE range spans equal-width and equal-mass binning at 5, 10, 15, and 20 bins.
A recalibration slope below 1 indicates overconfidence. The best-discriminating detector is the most overconfident.

to convert waveform decisions into per-ear threshold estimates, but
at 1 kHz, the expert identified no response at any level in several
listeners, leaving only 11 ear–frequency combinations; we judged
this too few to report and note only that no threshold-level claim is
made here.

3.9 Robustness of secondary choices

Across 10 random seeds, MLP-raw gave a median AUROC
of 0.894 (range 0.885–0.898, SD 0.004) and GBDT-eng was
deterministic in practice; the leading result is not a single-
seed artifact. Varying the surrogate threshold c over 0.15–0.40
changed its present rate smoothly, without altering any qualitative
conclusion, and the surrogate remained far below expert–expert
agreement at every value tested.

Removing the paired sub-averages and repeating the pooled
interaction test on 204 independent conditions left the wnsfmp
vs. MLP-raw interaction essentially unchanged (�� = −0.321,
subject-clustered bootstrap 95% CI [−0.413, −0.217]) and the
trained-vs.-trained interactions unresolved (LR-eng vs. MLP-raw
−0.071 [−0.181, 0.045]; GBDT-eng vs. MLP-raw −0.091 [−0.246,
0.052]). Leave-one-listener-out analysis shows every interaction
was stable in sign (wnsfmp vs. MLP-raw, −0.364 to −0.338; LR-
eng vs. MLP-raw, −0.121 to −0.078; GBDT-eng vs. MLP-raw,
−0.170 to −0.082 across the eight deletions), so none is driven
by a single listener (Supplementary Table S1). On 204 independent
conditions, the leading detector still changes with the label, wnsfmp

falling from 0.834 to 0.681 and MLP-raw rising from 0.714
to 0.887.

One analysis choice affects one conclusion. Our primary LR-
eng includes the per-fold matched-filter feature (AUROC 0.837);
omitting it lowers performance to 0.762, and the LR-eng-vs.-
MLP-raw comparison under the expert label, non-significant with
the matched filter, becomes significant without it. All wnsfmp-
vs.-learned comparisons hold under either variant, as does the
interaction test. We report the matched-filter variant throughout
and flag this sensitivity explicitly. This sensitivity and the threshold
sweep were computed during development with the released code;
the pipeline regenerates both (src/ancillary.py) when the corpora
are present.

4 Discussion

Objective ABR detection is usually framed as a problem of
building better detectors, with progress tracked by accuracy figures
on small public corpora. Our results indicate that in those corpora,
the measured figures are dominated by decisions about the target
rather than by the systems under test.

The reproducibility surrogate is the clearest case. It is a sensible
clinical heuristic and an objective, cheap quantity, but as a research
target it agrees with expert judgement at κ = 0.17–0.25 while
experts agree with each other at κ = 0.69. Its failure is structural
rather than incidental. The correlation between two replicates
is, in expectation, SNR/(1 + SNR) for whatever the replicates
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share, and the single-replicate quality statistic printed in the
record header estimates the same ratio. On these recordings, that
statistic predicts the surrogate with AUROC 0.789 in conditions
where the annotator saw no response, and a simulation containing
no response at all reproduces the effect. At 1 kHz, tone-pip
responses have broad, low-amplitude morphology, and two sub-
averages of the same stimulus-locked residue correlate readily; the
surrogate consequently declares a response present in 82% of 1-
kHz conditions in which the expert, looking for wave V, finds a
response in only 16%. A model trained against this surrogate is
being trained to predict recording stability, which is related to but
distinct from response presence. This reframes the surrogate from
“a different question” to a partially degenerate target that leaks the
input, and it is why the instrument statistic ranking first under
the surrogate is a mechanical expectation rather than an empirical
finding about detectors.

The factorial makes the mechanism concrete and, we think,
more useful than a rank reversal with a p-value. The same detector
trained on the proxy and trained on expert labels, scored against
expert judgement, differs by 0.14 (LR-eng), 0.14 (GBDT-eng),
and 0.30 (MLP-raw) pooled AUROC for the perceptron in every
informative listener. Within a listener and a carrier frequency, the
two trainings order waveforms about equally well, so the loss is one
of score comparability across listeners and frequencies, which is
exactly what a fixed clinical decision threshold depends on; proxy-
trained detectors were no better than the untrained instrument
statistic against clinicians on the frequency-adjusted scale, and for
the perceptron, the two labels defined nearly orthogonal problems
(cross-label AUROC 0.594 and 0.574). The converse contrast, fixed
predictions scored against each label, did not reorder the detectors
at a magnitude this design can resolve. The label therefore acts on
a study’s conclusion chiefly through what is learned, not through
how fixed outputs are scored, and the cost of the substitution is a
quantity that can be stated: A detector trained on the proxy loses,
against the judgement it is meant to reproduce, more than the
differences between competing architectures that these corpora are
used to establish.

That distinction determines what a benchmark measures.
Under the surrogate, the statistic that best predicts recording
stability, the instrument’s own signal-to-noise measure, ranks first,
and one could conclude that learned detection adds nothing over
a number already printed in the record header. Under expert
annotation on the same recordings, that statistic ranks last pooled
and third in frequency; the waveform network ranks first, and
the two learned detectors exchange places. Neither ordering is
a computational error; both are correct answers to different
questions. The point is that the label sets the question, and a reader
given only a ranking cannot tell which was asked.

It could be said that two different targets giving two different
rankings is unsurprising. What makes the result worth reporting is
by how much, between what, and through which channel. The two
targets disagree at κ = 0.167. Pooled over acquisition conditions,
the reordering they produce is large enough to survive an exact
subject-level permutation test, and about a third of it is itself a
product of label construction. The prevalence structure that the
expert label imposes across carrier frequencies and the surrogate
does not. The within-frequency remainder has the same sign at

both frequencies and is of the order of the smallest difference eight
listeners can resolve, which is also the order of the residual noise
floor we measure, a rater-induced spread of up to 0.082. The claim
is thus quantitative, not conceptual. The substitution that the public
releases invite is not innocuous; its cost runs through training, and
the corpora cannot absorb the resulting variance.

Our results should not be read as contradicting published
performance figures on these corpora. McKearney and MacKinnon
(2019) reported 92.9% accuracy on earndb using their own visual
annotations, and Liu et al. (2025) reported 94.7% accuracy on
the same corpus with a transformer trained on 128,123 clinically
annotated waveforms and evaluated against the annotation we
also use. Both used expert, rather than proxy, labels, and both
are consistent with our finding that expert-labeled earndb is
learnable. Our untuned perceptron reaches AUROC 0.898 on the
same target. Nor do our results contradict Wang et al. (2021),
who showed that thresholds derived from the cross-correlation
of interleaved sweeps agree with audiologists’ thresholds: a
correlation statistic accumulated sweep by sweep and read as
a threshold is a different instrument from a fixed-cut binary
label on two halves of an average, and the former’s clinical
value is not in question here. What our analysis adds is
that the same corpus scored against a reproducibility proxy
would have ranked the same detectors differently, that training
on that proxy would have produced detectors that do not
reproduce clinical judgement, and that a single annotator’s
judgement carries variance of the order of the differences
being reported.

The rater analysis extends the point to studies that do use expert
annotation. Changing which of six audiologists supplied the target
moved AUROC by up to 0.082, the same order as many differences
reported between competing architectures and below the resolution
limit of these corpora. This does not suggest carelessness; median
pairwise agreement of κ = 0.691 (8%7–99% raw agreement) is
typical for near-threshold ABR judgement. It means that when the
annotation carries this much variance, a single-rater benchmark of
this size cannot support a ranking, and reporting against one rater
without an uncertainty estimate over raters overstates precision.
The numbers from Section 3.1 make the requirement concrete:
resolving a true difference of 0.05 AUROC between two detectors at
80% power would need roughly 30–59 listeners, and a difference of
0.03, which is the order of many reported gaps, 82–164; resolving a
difference the size of the rater-induced spread would need a corpus
several times larger than either of these.

The baseline results point to a reporting gap that is
straightforward to close, and the pooling artifact to a second. That
stimulus level alone reaches 0.931 within 1 kHz is not a criticism
of any detector, but it does mean a pooled figure of, say, 0.85 has
not yet demonstrated waveform-derived information. And because
acquisition conditions differ in both baseline detectability and
prevalence, pooled comparison can reorder detectors relative to
stratified comparison, as we observed for wnsfmp; the frequency-
adjusted AUROC of Janes and Pepe (2008, 2009) is a ready-made
remedy, and we recommend it wherever conditions with different
prevalence are pooled.

The difficulty is not specific to ABR. Wherever a clinical target
is itself a clinician-assigned judgement or a derived score, the
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properties of that target propagate into every performance figure
computed against it; label errors and ambiguities in widely used
benchmarks have been shown to change model rankings in other
domains (Northcutt et al., 2021; Beyer et al., 2020; Oakden-Rayner,
2020). What distinguishes the present case is that the substituted
target is not a clinician’s judgement at all but an automatic
statistic, that the statistic is a function of the model input,
and that a published annotation exists against which it can
be checked.

Our findings are consistent with the direction the field has
taken. Liu et al. (2025) argued that generalizable ABR detection
requires large, heterogeneous, expertly annotated data. Our
analysis supports that conclusion from the opposite end. We
quantify what the small corpora cannot deliver and locate the
shortfall in label validity and label variance as much as in
sample size.

The contrasts this design leaves unresolved—the within-
frequency remainder and the trained-vs.-trained interactions—
mark the limit of what eight listeners can support under the
present frequentist treatment. A hierarchical Bayesian analysis,
with listener- and annotator-level variance components, shrinkage
across detectors, and explicit priors, would be the natural
framework for extending these comparisons, and we regard it as
the principal statistical direction for future work.

We therefore suggest five practices, each derived from a specific
result above. First, state the provenance of the target label and,
where a proxy is used, report its agreement with expert judgement
and whether it is a function of the model input because the
proxy examined here agrees at κ = 0.17–0.25 and is predictable
from a single-replicate SNR statistic (Sections 3.2, 3.3). Second,
where a proxy is used for training, report the cost of doing so
against expert judgement where any expert-labeled subset exists,
because that cost was 0.14–0.30 AUROC here (Section 3.4). Third,
where multiple annotators exist, report performance against each
and treat the spread as part of the uncertainty because that
spread reached 0.082 here (Section 3.6). Fourth, report label-
free baselines, at minimum stimulus level and, where frequencies
are pooled, carrier frequency, because these reached 0.733 and
0.747 pooled and 0.931 within 1 kHz (Section 3.7). Fifth, stratify
by acquisition condition or report a covariate-adjusted AUROC
alongside the pooled figure because pooling inverted wnsfmp
relative to both of its strata and accounted for a third of the
headline interaction (Sections 3.5, 3.7). None is expensive; together,
they distinguish a ranking that can be interpreted from one
that cannot.

5 Limitations

The two corpora contribute eight listeners each, all adults,
all recorded on a single device per corpus, with normal hearing
in earndb and unreported hearing status in the Mendeley set.
Nothing here speaks directly to the infant, pediatric, or pathological
populations that motivate objective ABR, and no claim about
clinical deployability is intended.

Neither label is a physiological gold standard. Expert visual
judgement is itself a proxy with documented intra- and

inter-observer variability, which, as shown in Section 3.6,
quantifies rather than assumes. Our claims are accordingly
comparative: The two targets disagree, and the choice between
them changes the ranking and is not a determination that either
is correct. A study that could be adjudicated would need an
independent physiological criterion, which no public ABR corpus
currently provides.

The earndb annotation comes from a single rater, so
for that corpus label variance cannot be estimated directly;
our estimate comes from the Mendeley set and transfers
only as an order of magnitude. The 1-kHz half of that
annotation is conservative relative to physiological expectation,
and one participant carries no annotated response at any
level at either frequency (Section 3.2); the annotating authors
confirm that this is their audiologist’s judgement on those
recordings and not a statement about the participant’s hearing;
whether it reflects a strict morphology criterion or poor
recordings cannot be determined from the published material.
We have therefore reported every result within 4 kHz, where
the annotation is physiologically credible, as well as pooled,
and with N3 removed (Supplementary Table S7). Conversely,
the Mendeley corpus, which has six raters, is smaller (86
conditions) and yields no statistically resolved detector comparison.
The corpora are complementary in their weaknesses rather
than jointly conclusive, and the interaction test rests on
earndb alone.

Other investigators commissioned the annotations for a
different purpose, and we have no access to the annotation protocol
beyond what is published; the earndb table covers 25–100 dB,
so our agreement estimate excludes 28 lower-level conditions as
quantified in Section 3.2. We validated the level mapping against
the corpus record inventory (Sections 2.2 and 3.2): no alternative
alignment from −40 to +20 dB matches as many records as the
identity, no annotation exists without a corresponding record, the
participant identifiers are those of the PhysioNet files, and the
table’s 100-dB ceiling is the corpus’s peSPL ceiling. The published
column heading reads “dB SL.” while the same authors’ Methods
section describes the levels as peak-equivalent SPL; at our request,
the annotating authors have confirmed that the unit is dB peSPL
and that the participants are those of the PhysioNet release, which
closes the residual risk in the mapping. The single-rater status of the
annotation and the conservatism of its 1-kHz half remain.

All inference rests on eight independent clusters. Subject-
clustered bootstrap intervals over eight units have only
approximate coverage, which is why we use them descriptively and
rest inference on exact subject-level permutation tests, whose own
limitations are a floor of 1/64 that leaves family-wise control over
six contrasts unattainable, and the fact that the two listeners with no
expert-present record (N3, N8) contribute to the pooled estimates
but not to the within-listener tests; the design analysis should be
read as an order-of-magnitude guide: It assumes standard errors
scale inversely with the square root of the number of listeners and
ignores the correlation structure between detectors. Our detectors
are untuned reference implementations, so absolute AUROC
values are not competitive claims; because every detector is held
identical across the two labels, the label comparisons are unaffected
by this, although we cannot exclude that tuning would change the
magnitude of the interaction.
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What the interaction analysis does and does not establish
should be stated in one place. Pooled over acquisition conditions,
the label change reorders the learned detectors relative to the
untrained reference statistic, and this is resolved by the exact test.
Approximately a third of that pooled interaction is a pooling effect
produced by the label’s prevalence structure; the within-frequency
remainder and every interaction between two trained detectors are
visible in point estimates, consistent in sign across listeners and
frequencies, and not resolved at this sample size. The contrast
in which no detector adapts, fixed predictions scored against
each label, is null at this sample size. None of these unresolved
contrasts is claimed; they are reported as observations whose
resolution would require the listener numbers found in Section
3.1. The resolved findings that do not depend on the interaction
test are the label-agreement result, which involves no modeling;
the degeneracy of the surrogate, which is analytic and reproduced
on the recordings; and the pooled within-detector cost of training
on the proxy, with the qualification from Section 3.4 that it arises
across listeners and frequencies rather than within them.

The study was not preregistered, and several analysis choices
were made after inspecting intermediate results (Section 2.6); the
reported inference is exploratory. Finally, we examine one proxy,
two-replication reproducibility at a specific threshold and window,
and cannot exclude that another automatic proxy would agree
better with expert judgement. Establishing that would require the
comparison we make here, which is the practice we advocate.

6 Conclusion

Of the two small public corpora most often used to evaluate
objective ABR detection, measured performance and detector
ranking depend on how the target label is constructed and which
clinician provided it. A reproducibility proxy agrees with expert
judgement far less than experts agree with one another, and it does
so for a structural reason: It is a function of signal-to-noise ratio
that a single-replicate instrument statistic predicts well where no
clinician-visible response exists. Training detectors on the proxy,
rather than expert, labels costs 0.14–0.30 pooled AUROC against
expert judgement, a loss of score comparability across listeners
and frequencies that leaves learned detectors no better than the
instrument statistic; scoring fixed predictions against one label
or the other does not reorder them at a resolvable magnitude.
Switching labels as a study would, for both training and evaluation,
reorder detectors relative to the untrained reference pooled over
acquisition conditions, a third of that reordering being the pooling
structure the label itself imposes, while the within-frequency
reordering and the reordering among trained detectors are visible
but unresolvable at this sample size; and changing the annotating
clinician moves performance by an amount of the same order as
changing the detector. Two label-free baselines are strong enough
that at 1 kHz, no waveform detector improves on stimulus level
alone. These findings question the reliability of detector rankings
derived from these corpora and suggest that such corpora are
better suited to methodological study than to model comparisons.
We release the label mappings and pipeline and recommend that
evaluations report label provenance and proxy validity, the cost of

proxy training where it can be measured, rater-level uncertainty,
label-free baselines, and stratified or covariate-adjusted rather than
pooled comparisons.
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