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Abstraci— Age-related cognitive decline is a growing global con-
cern, motivating the search for non-invasive, accessible biomark-
ers to support early detection and monitoring. Click-evoked audi-
tory brainstem responses (ABRs), collected in routine clinical set-
tings, offer a promising signal source. Building on prior evidence
that ABRs relate to cognitive function, this study investigates
whether raw human ABR waveforms can predict cognitive perfor-
mance using deep learning without manual peak measurements.
We used a dataset from 118 adults spanning a broad range of
cognitive abilities, pairing each click-evoked ABR with a cognitive
score. A one-dimensional convolutional neural network (CNN) was
trained to learn time-series patterns directly from the raw signal.
Model performance was evaluated using two, five, and ten-fold
cross-validation and compared against traditional wave V metrics
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and a randomized-input baseline. After adjusting scores for age, the CNN achieved a mean area under the receiver
operating characteristic curve of 0.77 + 0.06, outperforming all benchmarks. To interpret model decisions, Gradient-
weighted Class Activation Mapping (Grad-CAM) was applied. Three key latency windows were identified: 1.8 to 2.3 ms,
3.2 to 4.0 ms, and 4.9 to 6.5 ms. These correspond to canonical ABR waves |, lll, and V, supporting the physiological
relevance of the learned features and highlighting Wave Ill as a previously underutilized marker. Although limited to click
stimuli from a single recording system, this work demonstrates that a CNN can extract meaningful features from raw
ABRs collected using only three electrodes and predict cognitive status more accurately than traditional methods using

the same dataset.

Index Terms— Auditory Brainstem Response (ABR), Cognition, Deep Learning, Convolutional Neural Network (CNN).

[. INTRODUCTION

OGNITIVE health is a vital aspect of overall well-being,
particularly in the context of neurodegenerative diseases
such as Alzheimer’s Disease (AD) and related dementias,
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which currently affect over 55 million individuals worldwide.
These conditions also carry a significant economic burden,
with estimated annual costs reaching approximately 1.3 trillion
USD [1]. Identifying a robust, accessible, and non-invasive
biomarker for cognitive function could greatly enhance the
ability to track cognitive aging, inform targeted interventions,
and support early detection and treatment strategies for AD
and similar disorders [2], [3].

While current biomarkers have improved our understanding
of cognitive decline, they often rely on fluid analysis or
imaging methods, such as magnetic resonance imaging (MRI)
and positron emission tomography (PET), to detect structural
and metabolic brain changes [4]-[6]. These approaches may
be invasive, costly, or unsuitable for frequent or long-term
monitoring in large populations [6]. Recent research highlights
electrophysiological signals as a promising, objective tool
for tracking cognitive decline, overcoming the limitations of
existing biomarkers. By linking brain activity during tasks
like language and memory retrieval to clinical symptoms,
these measures could serve as a non-invasive, cost-effective
assessment method in routine evaluations [7], [8].
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Hearing-related brain signals are especially relevant in this
context. A strong link has been observed between age-related
hearing loss and cognitive decline [9]. In fact, hearing im-
pairment is considered the most significant modifiable midlife
risk factor for developing dementia [10]. Furthermore, the use
of hearing aids has been associated with a reduced risk of
dementia among older adults who are vulnerable to cognitive
impairment [11]. Building on the findings of Gray et al. [12],
who reported that slower temporal processing in the auditory
brainstem is linked to reduced cognitive performance in aging
rhesus macaques, our previous work [13] aimed to investigate
whether a similar relationship exists in humans. To explore
this, we recorded auditory brainstem responses (ABRs) using
a 60 dB sensation level (SL), 51 Hz click train, and assessed
cognitive performance across ten distinct tasks in a group of
118 adults.

However, in that work, ABR analysis relied on manual peak
identification, a process that requires substantial expertise and
time. It remains prone to human error, especially with atypical
waveforms, and lacks standardization for certain conditions
[14]-[16]. Similarly, traditional computational methods have
improved efficiency but still rely on hand-crafted features,
limiting their ability to capture abnormal or complex patterns.
These limitations highlight the need for more flexible ap-
proaches. Deep learning addresses this gap by learning directly
from raw signals, offering improved accuracy, objectivity, and
scalability in ABR analysis.

Some studies have explored this direction, applying neural
networks to ABR data for waveform classification and hear-
ing assessment, highlighting the potential of learning-based
methods in auditory research [17]. For instance, a feedforward
network introduced in [18] successfully distinguished normal
from abnormal ABRs but relied on manually extracted features
from the time and frequency domains.

In another study, Seha et al. [19] explored the use of
one-dimensional convolutional neural networks (1D CNNs)
to classify signals for biometric authentication, demonstrating
the potential of deep learning to learn discriminative features
from auditory signals for subject identification. Similarly,
McKearney and MacKinnon [20] explored several neural net-
work architectures, including multilayer perceptrons (MLPs),
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Fig. 1: Sample ABR waveform from a normal-hearing subject,
with wave V marked at approximately 5.41 ms.

recurrent neural networks (RNNs) with Long Short-Term
Memory (LSTM) units, bidirectional LSTMs (BiLSTMs), and
a deep convolutional neural network (CNN), to classify paired
ABR waveforms into three clinically relevant categories: clear
response, inconclusive, and response absent. They found that
a deep CNN performed best for the multi-class clinical clas-
sification of ABRs, achieving 92.9% accuracy. Building on
this trend, Chen et al. [15] developed a BiLSTM-based model
to automatically identify characteristic waves I, III, and V in
ABR recordings.

A more recent investigation by Ma et al. [21] introduced a
preprocessing pipeline and deep learning framework to classify
hearing loss using ABR graph images. The study utilized
10,000 ABR samples evenly divided between normal hearing
and hearing loss cases. A CNN-based model was then trained
on the processed images to classify hearing status. The latest
advancement in this field, presented by Liang et al. [22],
introduced a CNN-BiLSTM-Attention model to classify ABR
waveforms across individuals with varying ages and hearing
levels, demonstrating the effectiveness of integrating temporal
modeling with clinical context for robust ABR interpretation.

While existing studies have made significant progress in
automated ABR analysis for waveform classification, threshold
estimation, and wave identification, few have explored its
potential for cognitive assessment. Building on the success
of these end-to-end learning strategies, this study addresses
this gap by developing a 1D CNN framework to predict cog-
nitive performance directly from raw ABR waveforms. This
approach moves beyond our previous work, which depended
on manually extracted features [13], by investigating whether
a deep learning model can achieve comparable predictive per-
formance through automated analysis of the full waveform. We
also visualize which temporal regions of the signal contribute
most to the model’s predictions to enhance interpretability.

To our knowledge, this is the first study to apply deep learn-
ing to ABRs for cognitive score prediction. The remainder
of this paper is organized as follows. First, we describe the
dataset and our proposed model (Section II). We then present
the evaluation results (Section III) and discuss their context
and limitations (Section IV). Finally, Section V concludes with
a summary of our contributions and future research directions.

[l. MATERIALS AND METHODS
A. Experimental Data

In this study, we used the dataset previously analyzed in
Hamza et al. [13]. Data collection procedures are summarized
here. The dataset included auditory and cognitive data from
130 adult participants. Twelve individuals were excluded due
to incomplete cognitive testing, inability to complete ABR
recordings, or the presence of conductive hearing loss. This
resulted in a final sample of 118 participants (66 female)
spanning ages 18-92 years, divided into three age groups:
young adults (18-30 years; n = 26), middle-aged adults (31-59
years; n = 26), and older adults (60-92 years; n = 66). Hearing
thresholds ranged from -5 to 70 dB hearing level (HL). A total
of 74 participants had normal hearing, defined as a pure-tone
average (PTA) < 20 dB HL, including all individuals in the
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young group. The remaining 44 participants had hearing loss
(PTA > 20 dB HL), which was observed only in the middle-
aged and older groups. Otoscopic screening was conducted
to rule out visible external and middle ear abnormalities in
all participants. The study protocol was approved by the
University of California, Irvine Institutional Review Board,
and all participants provided written informed consent.

Each participant underwent hearing and cognitive assess-
ments. Pure-tone audiometry measured hearing thresholds
across standard octave frequencies from 0.125 to 8 kHz. The
better ear, identified by the average threshold at 0.5, 1, 2, and
4 kHz, was selected for all subsequent auditory testing.

Cognitive performance was assessed using a battery of
eight standardized tests that produced ten outcome measures.
These tests evaluated domains such as memory, executive
function, attention, processing speed, and visuospatial ability.
Tasks included word learning and recall, trail-making, symbol-
digit substitution, verbal fluency, recognition memory, visual
discrimination, and spatial matching. Lists and descriptions of
the full set of standardized cognitive tests are included in the
supplementary document.

ABRs were recorded from the better ear using an insert
earphone system with gold tiptrodes and standard surface
electrode placement. The tiptrode served as the inverting
electrode at the test ear and the ground at the contralateral
ear, while the non-inverting electrode was positioned at the
high forehead (Fz). Electrode impedance was kept below 3
kQ to ensure high-quality signal acquisition. The electrode
configuration is shown in Fig. 2.

A 100 ps click stimulus was presented in alternating polarity
at a rate of 51.33 Hz. Participants were asked to indicate
whether they could detect this specific stimulus to deter-
mine the lowest audible level for each individual. The ABR
recording stimulus was then delivered at 60 dB above each
participant’s click detection threshold. Each ABR recording
used an epoch window of 10.66 ms, with each window
containing 512 data points. Recordings were conducted in a
soundproof booth with participants seated comfortably.

Fz

Contralateral Ear @ @ Test Ear

. Ground Electrode (Contralateral Ear)
. Non-inverting Electrode (Fz)

@ nverting Electrode (Test Ear)

Fig. 2: Electrode placement setup for ABR data acquisition
from the right ear.

B. Preprocessing

Each of the ten cognitive scores from eight tests was z-
score normalized and adjusted so higher scores indicated better
performance. A composite z-score was then computed by
averaging across all measures. ABR signals were bandpass
filtered from 100 to 3000 Hz, and epochs exceeding 23.8 uV
were excluded. A minimum of 2000 artifact-free sweeps were
averaged per recording.

The original dataset contained ABR signals recorded at
multiple stimulation frequencies and intensity levels. To re-
main consistent with the previous study, only waveforms
corresponding to 51 Hz stimulation and 60 dB SL were used
as model input. Pre-stimulus samples were removed to ensure
alignment, and only post-stimulus portions were retained. Due
to varying pre-stimulus lengths, waveform sizes differed and
were zero-padded within batches to match the longest signal.
This padding does not affect classification performance, as
zero regions typically do not activate convolutional units,
reducing unnecessary weight updates and improving training
efficiency [23].

Although input normalization (e.g., scaling to [-1, 1]) is
common in deep learning to aid convergence [24], early
experiments showed better performance without it. As a result,
ABR signals were fed into the network using their original
amplitudes. One possible explanation is that normalization
may suppress meaningful inter-subject variability in signal
amplitude. This is particularly relevant given that previous
findings have shown a relationship between wave V amplitude
and cognitive performance [13].

Each waveform was converted to a PyTorch tensor of
shape [1, T], with T varying by subject, to match the 1D
CNN input format. For binary classification, cognitive z-scores
were transformed into percentile ranks (1-99%) by ranking
subjects within the sample distribution and scaling the ranks
to percentiles. At each 1% increment, binary labels were
assigned: subjects at or above the threshold were labeled as
high performers (1), and those below as low performers (0).
This enabled model training and evaluation across the full
range of cognitive performance thresholds.

C. Model Architecture

The model in this paper is a 1D CNN that processes
variable-length ABR waveforms ([1, T]) and predicts the prob-
ability of a subject’s cognitive performance exceeding a given
percentile threshold, enabling binary classification of cognitive
performance. The 1D CNN architecture is well-suited for
time-series data, as it learns local and hierarchical patterns
directly from raw input. Unlike traditional methods with hand-
crafted features, 1D CNNs integrate feature extraction and
prediction within a unified framework, enhancing efficiency
and scalability in biomedical signal processing [25]. CNNs
are also robust to distortions like phase shifts and amplitude
scaling, extracting stable, noise-resilient features even under
low signal-to-noise conditions [26].

As illustrated in Fig. 3, the architecture consists of four
sequential convolutional blocks. The first convolutional layer
uses 16 filters with a kernel size of 5 and padding of 2,
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followed by batch normalization, a rectified linear unit (ReL.U)
activation, and a max pooling layer. ReLU outputs the input if
it is positive and zero otherwise, introducing non-linearity into
the network. All convolutional layers use a stride of 1, while
max pooling operations downsample the feature maps with a
kernel size and stride of 2. This pattern is repeated with 32
and 64 filters in the second and third layers, respectively, both
using a kernel size of 5 (with padding 2 for the second layer
and 3 for the third). The fourth block employs 128 filters with
a kernel size of 3 and padding of 1, concluding with adaptive
average pooling to produce a fixed-length output regardless of
input duration. This feature is critical for handling variability
in signal duration across subjects.

The resulting output is then flattened and passed to a
fully connected classification head consisting of three dense
layers with 256, 128, and 64 units, respectively. Each layer is
followed by a ReLU activation and dropout regularization with
dropout rates of 0.4, 0.3, and 0.2. The final layer is a single
linear output unit producing a logit, with a sigmoid activation
implicitly applied via the binary cross-entropy loss function
during training.

D. Model Interpretability

Deep learning models are often viewed as black boxes,
raising concerns about interpretability in clinical settings.
To address this, we used gradient-weighted class activation
mapping (Grad-CAM) [27] to highlight regions of the ABR
signal most influential in predicting cognitive performance.
Grad-CAM, a generalization of Class Activation Mapping
(CAM) [28], is well-suited for CNN architectures that include
fully connected layers after convolutional blocks. It identifies
salient regions by computing a weighted combination of the
feature maps from the last convolutional layer. In the proposed
architecture, it is applied to the convolutional layer that outputs
128 feature maps just before the adaptive average pooling
layer. This layer was chosen as it preserves sufficient temporal
resolution while capturing high-level abstract features relevant
to the model’s prediction.

At inference time, Grad-CAM estimates the contribution
of each feature map channel k to a target class ¢, which in
this context corresponds to whether a subject’s cognitive score
exceeds a given percentile threshold. This is done by averaging
the gradient of the output logit y¢ with respect to the activation
map AF across the temporal dimension of the feature map:

1 oy°
i

J

where Z denotes the number of temporal positions. The
resulting weights o, are then used in a weighted summation
of the activation maps:

LGracam = ReLU (Z aiA’“) 2)
k

The ReLU activation ensures that only features positively
associated with the output class are emphasized in the final
attribution map. This results in a time-resolved saliency rep-
resentation that highlights the portions of the ABR waveform
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Fig. 3: Architecture of the 1D CNN used to classify cognitive
performance from raw ABR signals. The model consists of
a feature extraction module with four convolutional blocks,
each followed by normalization, activation, and pooling layers.
The resulting feature map is flattened before entering the
classification head, which includes fully connected layers with
dropout. The network produces a single logit that is passed
through a sigmoid function to yield a probability for threshold-
based binary classification of cognitive z-scores.

most relevant to the model’s classification decision at each
cognitive performance threshold.

E. Training and Evaluation

The model was trained using the Adam optimizer [29] with
a learning rate of 0.001 and a batch size of 16. Binary cross-
entropy loss with logits was used to optimize predictions for



MALEKIFAR et al.: PREDICTING COGNITIVE PERFORMANCE FROM THREE-ELECTRODE ABRS USING CNNS 5

binary classification at each percentile threshold. This function
combines a sigmoid activation and binary cross-entropy loss
into a single, numerically stable operation.

Given a batch of predictions z = {1, ...,y } paired with
corresponding binary labels y = {y1,...,yn}, where N is
the batch size, the per-sample loss is defined as:

by, = —[yn -log(o(zn)) + (1 = yn) - log(1 — o(zn))], (3)

where o(z,) = #(a:) is the sigmoid activation of the
raw model output (logit). The final loss used for backpropa-
gation is computed as the average over all individual sample

losses in the batch:

1 N
n,y) =5 D tn “)
n=1

To assess model robustness, we used K-fold cross-validation
[30] with k=2, 5, and 10. Data were randomly shuffled and
split subject-wise to prevent overlap between training and test
sets. In each iteration, one fold was used for testing and the
remaining k-1 for training, repeating k times. Metrics were
averaged across folds for each cognitive threshold. If a fold
contained only one class (e.g., at 1% or 99% thresholds),
evaluation metrics could not be calculated, and such folds were
excluded from averaging at that threshold.

To enable comparison with the previous study, model per-
formance was evaluated using area under the curve (AUC),
defined as the area under the receiver operating character-
istic (ROC) curve. AUC was computed across all cognitive
percentile thresholds. ROC curves were generated at three
representative thresholds (10%, 50%, 90%) using predicted
probabilities, with true positive rate (TPR) and false positive
rate (FPR) calculated at various decision thresholds using class
labels derived from each representative percentile. They are
calculated as

TPR = — 0 5)
" TP+EN
FP
FPR= —— 6
FP + TN ©)

where TP (true positives), FN (false negatives), FP (false
positives), and TN (true negatives) are defined based on the
binary classification at each threshold. TPR measures the
proportion of correctly identified positive cases (high cognitive
performers), while FPR reflects the proportion of negative
cases (low performers) incorrectly classified as positive.

[1l. RESULTS
A. Model Performance Across Cognitive Thresholds

Fig. 4 shows the 5-fold cross-validated performance of the
CNN model in distinguishing between higher and lower cog-
nitive scores across the full percentile range (1% to 99%). As
presented, not only did the CNN model perform consistently
above the chance level, but it also demonstrated similar or
better performance than the wave V latency and amplitude
predictor, particularly in the mid-percentile range.

To quantitatively compare the methods, Table I reports the
mean + standard deviation of AUC scores across cognitive

thresholds for each approach, along with p-values from paired
t-tests comparing the CNN model with wave V amplitude,
wave V latency, and chance performance, using 2-, 5-, and
10-fold cross-validation, consistent with the fold settings in
the previous study. Across all fold settings, the CNN model
significantly outperformed chance and demonstrated superior
performance compared to both wave V amplitude and latency
in predicting age-adjusted scores.

Fig. 5 presents ROC curves at three representative cogni-
tive thresholds: 10%, 50%, and 90%. These thresholds were
selected to illustrate model performance across the full spec-
trum of cognitive percentiles and to compare the CNN-based
approach with traditional methods. Consistent with earlier
findings, the CNN model trained on age-adjusted cognitive
scores outperformed both wave V amplitude and latency at
lower and mid-range thresholds (10% and 50%). However,
at the 90% threshold, where amplitude is more informative
for identifying higher cognitive performers, wave V amplitude
showed performance nearly equal to that of the CNN model.
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Fig. 4: AUC as a function of cognitive performance percentile,
comparing results based on different input biomarkers. The
teal line represents raw ABR signals analyzed by the CNN
model, while the purple and orange dashed lines correspond
to ABR wave V amplitude and latency, respectively. The gray
dashed line indicates chance performance, obtained by feeding
randomly generated input signals to the CNN model. All
results are averaged over 5-fold cross-validation.

B. Visualization of Key Temporal Regions

Fig. 6 illustrates Grad-CAM attribution results based on
5-fold cross-validation analysis. Panel 6(a) shows the mean
Grad-CAM attribution scores + standard deviation across cog-
nitive percentile thresholds for age-adjusted cognitive scores.
Panel 6(b) presents heatmaps of normalized mean Grad-CAM
attribution scores overlaid on the average ABR waveform
across all subjects. Because ABR signals varied in length
across subjects, shorter signals were padded by repeating their
final data point to match the length of the longest signal, ensur-
ing consistency prior to averaging. Darker red regions indicate
higher attribution values, highlighting temporal segments of
the ABR waveform that were most influential in the CNN
model’s predictions.
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Fig. 5: ROC analysis at cognitive thresholds of 10%, 50%, and 90%, comparing the CNN model (solid teal) with ABR wave V
amplitude (purple dashed) and latency (orange dashed). AUC values are shown for each method. The gray diagonal indicates
chance-level performance. Results are based on 5-fold cross-validation using age-adjusted scores.

TABLE |: Comparison of AUC values (mean + standard deviation) from the proposed CNN model and previously used methods,
based on 2-, 5-, and 10-fold cross-validation. Paired t-test p-values indicate whether differences in predictive performance are

statistically significant.

Number of Folds | Raw ABR - CNN Model | ABR Wave V Amplitude | ABR Wave V Latency | Random Input - CNN Model
2 0.77+0.06 0.70+0.10 0.60+0.09 0.51+0.02
Paired t-test - t=6.65, p < 0.001 t=15.59, p < 0.001 t =39.99, p < 0.001
5 0.77+0.06 0.69+0.12 0.63£0.08 0.51+0.02
Paired t-test - t=6.36, p < 0.001 t=14.49, p < 0.001 t = 36.66, p < 0.001
10 0.77+0.08 0.72+0.11 0.65+0.07 0.51£0.02
Paired t-test - t =4.56, p < 0.001 t=11.18, p < 0.001 t =30.26, p < 0.001

Based on this figure, the model consistently focuses on two
primary temporal regions: approximately 3.2-4.0 ms and, to a
lesser extent, the narrow 1.8-2.3 ms region and the wider 4.9-
6.5 ms region, reflecting a smaller yet meaningful contribution
to the model’s predictions. Smaller spikes in attribution appear
near the signal’s start and end; however, these are brief (less
than 0.2 ms), likely have minimal influence on the model’s
decisions, and may lack clear physiological relevance.

IV. DISCUSSION

The primary goal of this study was to evaluate whether a
one-dimensional CNN trained on raw ABR waveforms could
match or exceed the performance of traditional methods based
on Wave V latency and amplitude in predicting cognitive
scores. As shown in Table I, the CNN results were significantly
better than those obtained using Wave V latency and ampli-
tude. Across 2-, 5-, and 10-fold cross-validation, the CNN con-
sistently outperformed both chance and conventional biomark-
ers when predicting age-adjusted cognitive scores, achieving
a mean AUC of 0.77 = 0.06, compared with 0.65 + 0.07 and
0.72 + 0.11 for Wave V latency and amplitude, respectively.
The fact that performance remained consistent across multiple
cross-validation folds suggests that these results are robust,
rather than being artifacts of a specific data split. This points
to the existence of stable, generalizable features within the
ABR waveform that the model is successfully capturing.

As illustrated in Fig. 4 and Fig. 5, the CNN’s greatest advan-
tage over traditional ABR markers occurs in the mid-percentile
range of cognitive scores, where it consistently outperforms

both Wave V latency and amplitude. The ROC analyses further
indicate that the CNN achieves superior sensitivity—specificity
trade-offs at these intermediate thresholds. This is particularly
notable because the mid-range represents the majority of the
population. Accordingly, the CNN’s ability to capture subtle
waveform variations in this range may be critical for the early
detection of cognitive decline. In contrast, performance at
higher cognitive thresholds appears to be driven primarily by
Wave V amplitude, suggesting that robust neural synchrony
remains the strongest predictor [31].

While the earlier study [13] explored both adjusted and
unadjusted scores, we focused on adjusted scores, as per-
formance on unadjusted scores declined, particularly at the
highest percentiles where sample sizes were small, although
still above chance. A key reason for this choice is that age
adjustment removes a major confounder: chronological aging,
which independently affects ABR features even in healthy
individuals [32]. This allows the CNN to focus on waveform
features reflecting cognitive status rather than age-related
variance and prevents the model from relying on demographic
shortcuts, encouraging learning of true biophysical cues in the
ABR waveform instead of noncausal age effects.

Additionally, age adjustment leads to a more homogeneous
training distribution by reducing variability in the ABR-
cognition relationship. This supports the network in converg-
ing on robust, generalizable feature sets, particularly at higher
cognitive percentiles where subject counts are limited. As the
number of folds increases, class imbalance worsens and model
performance declines, which underscores the importance of
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addressing imbalance when predicting rare outcomes [33].

In terms of interpretability, Grad-CAM analysis showed that
the CNN’s predictions depend primarily on three temporal
windows: 1.8 to 2.3 ms, 3.2 to 4.0 ms, and 4.9 to 6.5 ms. These
intervals align with established ABR landmarks. In healthy
adults, click-evoked ABRs typically show Wave I around 1 to
2 ms, Wave III around 3 to 4 ms, and Wave V around 5 to
6 ms [34]. Our previous work [13] estimated Wave I between
1.3 and 2.3 ms and Wave V between 5.1 and 6.4 ms. In Fig.6,
the CNN'’s strongest attributions appear first in the Wave III
window, then in the Wave V window, and finally in the Wave
I window, aside from brief edge spikes that lack physiological
relevance. The darkest red regions in the Grad-CAM heatmap
in Fig. 6(b) coincide with the three main peaks of the averaged
ABR waveform. A side-by-side comparison with the labeled
peaks in Fig. 1 confirms that these attributions correspond
precisely to Waves I, III, and V in a typical normal-hearing
subject.

Although earlier studies emphasized Wave V as the primary
subcortical marker linked to cognition, our results show that
the model focused most on the Wave III window. This suggests
that Waves I, III, and V all convey meaningful cognitive
information and that future studies should examine Wave III
more closely when developing ABR-based cognitive predic-
tion methods.

Integrating deep learning with ABR protocols helps over-
come a key limitation of ABR-based cognitive screening:
reliance on expert-driven waveform interpretation. Although
ABR measurements are objective, low-cost, and passive, their
broader adoption has been limited by the need for manual

analysis. The proposed CNN automates feature extraction
with strong performance, enabling scalable ABR-based screen-
ing in consumer devices, including hearables and wearables.
Compared with behavioral tests that depend on attention and
are affected by repeated testing, an ABR-based approach
can be applied repeatedly over time, including during low-
engagement states such as rest or sleep.

Despite promising results, this study has some important
limitations. First, the dataset is relatively small and contains
few ABR observations associated with each cognitive score,
especially in the highest cognitive percentile ranges. Deep
learning models generally require large, diverse samples to
learn stable and generalizable feature representations; limited
data increase the risk of overfitting and performance instability
[35], [36]. This scarcity likely contributed to the weaker results
for unadjusted scores and restricts overall generalizability.

Second, all recordings were acquired with a single evoked-
potential system under controlled laboratory conditions. Vari-
ability in clinical hardware, electrode placement, and ambient
noise may challenge the model in real-world settings. Third,
we considered only click-evoked ABRs, so it remains unclear
whether the model would perform equally well on tone-
burst or speech-evoked responses. In addition, similar to prior
work based on this dataset, the analysis did not account for
other potentially influential factors, including sex, head size,
education level, and socioeconomic status. A larger sample
would be required to disentangle the effects of these variables
on the relationship between ABR measures and cognition.

Finally, we evaluated only a single network architecture.
Although a 1D CNN is straightforward and computation-
ally efficient, models that integrate recurrent layers, attention
mechanisms, or transformer blocks (recent work shows trans-
formers can capture broad time and frequency structure in raw
electroencephalography signals [37]) may extract multiscale
features from ABR waveforms more effectively. Moreover, we
restricted our evaluation to AUC to enable direct comparison
with the earlier study. Including additional metrics, such as
the area under the precision-recall curve, calibration error, and
decision curve analysis, would offer a better assessment of
clinical utility, especially in the presence of class imbalance.

Future work should broaden both the data foundation and
the modeling strategy for ABR-based cognitive prediction.
Larger multicenter datasets that span different ages, hearing
profiles, and recording hardware will improve generalizabil-
ity and allow systematic tests of cross-device robustness.
On the modeling side, future studies should evaluate hybrid
networks that couple convolutional encoders with recurrent
layers, attention modules, or transformer blocks. It will also
be important to test tone-burst and speech-evoked ABRs to
determine whether diverse acoustic cues improve prediction.

Additionally, based on our findings in [13], the Word
Learning and Animal Fluency tests (see the supplementary
file for more information about these tests) were associated
with both ABR Wave V latency and amplitude. This suggests
that these cognitive domains may contribute more strongly to
the relationship between ABR features and overall cognitive
performance and should be a focus of continued research.
Combining manually derived features such as wave latencies
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and amplitudes with deep-learned representations may further
boost accuracy, especially when data remain limited. In light
of our Grad-CAM results, future models should explicitly
incorporate information from Wave III alongside Wave I and
Wave V to capture the full range of cognitively relevant
brainstem activity.

V. CONCLUSION

In this study, we demonstrated that a 1D CNN can predict
cognitive performance directly from raw ABR waveforms,
outperforming traditional Wave V biomarkers. Interpretability
analysis confirmed the model learned biologically plausible
features, focusing on canonical waves I, III, and V, and
highlighted a potentially overlooked role for Wave III in
cognitive assessment. While this work provides a strong proof-
of-concept, future studies should validate these findings on
multi-site data and with more complex stimuli before clinical
application. Ultimately, this deep learning approach lays the
groundwork for transforming standard ABR recordings into a
rapid and objective method for monitoring cognitive health.
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