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Abstract—Sleep apnea is a respiratory disorder marked by
recurrent airflow reductions during sleep, leading to intermit-
tent hypoxia and autonomic instability that produce measur-
able changes in the electrocardiogram (ECG). Polysomnography
(PSG), the clinical gold standard for sleep apnea diagnosis, is
resource-intensive and often associated with long wait times.
As a result, there is strong interest in ECG-based triage
tools that can screen large populations and flag higher-risk
patients for confirmatory PSG. Using the PhysioNet Apnea-
ECG dataset, we evaluate minute-level apnea detection. We train
a CNN-Transformer with 5-fold cross-validation and select a
checkpoint by validation loss. On the held-out test cohort, the
selected model achieves 89.21% accuracy, 84.24% sensitivity,
92.30% specificity, 85.68% F1-score, and an AUROC of 95.60%.
We provide Grad-CAM overlays and an explainability agent
that summarizes high-confidence minutes for clinician review.
Performance is competitive with recent Apnea-ECG studies
using the same protocol; external validation is required be-
fore clinical deployment. Code repository: https://github.com/
Western- Artificial-Intelligence/ecg- classifier- vrlim

I. INTRODUCTION

A. Motivation

Obstructive sleep apnea (OSA) is a prevalent sleep disorder
characterized by repeated episodes of upper airway collapse
during sleep, leading to intermittent hypoxia and sleep frag-
mentation that contribute to significant morbidity [1]. The
disorder is strongly associated with serious health complica-
tions, including cardiovascular disease, hypertension, stroke,
and metabolic dysregulation, as well as excessive daytime
sleepiness and reduced quality of life [1] [2]. Despite this
burden, hundreds of millions of adults are estimated to be af-
fected globally, with roughly 80% of cases remaining undiag-
nosed and therefore untreated [1]. The current diagnostic gold
standard, polysomnography, is expensive, time-consuming,
and resource-intensive, with costs ranging from $1,000 to
$10,000 per study and requiring specialized equipment and
trained technologists [3]. As a result, many regions report
polysomnography wait times ranging from several months
to over two years, during which patients remain at elevated
risk from untreated OSA [4]. Manual scoring of sleep studies

requires 1.5 to 2 hours per recording and is subject to inter-
rater variability, further limiting throughput and scalability
[S]. These constraints create a diagnostic bottleneck that con-
tributes directly to persistent underdiagnosis. In low-resource
settings where full polysomnography is unavailable or im-
practical, there is a particular need for alternative approaches
that can function as screening or triage tools rather than full
diagnostic replacements [1]. Electrocardiography (ECG) offers
a promising modality in this context, as it is inexpensive,
widely available, and routinely recorded overnight in cardiac
monitoring workflows. Overnight ECG data are frequently
collected during Holter monitoring and telemetry, and prior
work has demonstrated that apnea-related information can
be extracted from these recordings using automated analysis
[6]. Large archives of such ECG recordings, including pub-
lic repositories, therefore represent an underutilized resource
that could support scalable OSA screening without new data
acquisition. Historically, ECG-based OSA detection has relied
on hand-crafted features and heuristic rules, which may fail to
capture the complex, nonlinear patterns that characterize auto-
nomic and morphological changes during apnea. Recent deep
learning approaches, including convolutional and transformer-
based architectures, have shown improved performance in
modeling subtle ECG dynamics and heart-rate-related vari-
ability compared with traditional feature-based methods [7]
[8]. The present work investigates whether a deep learning
model operating on single-lead ECG can serve as a scalable
screening or triage tool to prioritize patients for confirmatory
polysomnography, rather than replace comprehensive sleep
studies outright [8] [9].

B. Problem Definition

The objective of this study is to develop and evaluate
a software-only screening system that classifies sleep apnea
versus normal breathing using single-lead overnight ECG
recordings. The system processes multi-minute ECG segments
to produce per-segment apnea probabilities, which are then
aggregated into a night-level apnea burden or risk score,
enabling deployment on existing ECG devices and archived
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recordings without additional sensors or specialized staff
[10]. The classification task is addressed using a hybrid
CNN-Transformer architecture. The convolutional neural net-
work (CNN) component extracts local ECG features, including
beat morphology and beat-to-beat interval structure, from short
time windows. The Transformer encoder then applies multi-
head self-attention to these learned feature sequences to model
longer-range temporal dependencies spanning several minutes,
allowing the model to relate distant segments within the same
overnight recording [10]. In line with prior work on apnea
detection and ECG time-series modeling, this design aims
to better capture apnea-related patterns that evolve gradually
over time, addressing limitations of representative methods
that either rely on multiple physiological signals or operate on
short, weakly contextual segments [11]. The model is trained
and evaluated on the PhysioNet Apnea-ECG database, which
provides 70 single-lead ECG recordings with expert-derived
per-minute labels, to assess generalization to new patients [12].
To mitigate the black-box nature commonly associated with
deep learning in medical applications, the system incorporates
an explainability agent that operates on per-window model
outputs and derived physiological metrics, such as heart rate
variability and R-peak amplitude-highlighting windows and
ECG regions that appear most salient or influential for the
model’s predictions [13]. Techniques such as Grad-CAM-style
relevance mapping and attention visualization are used to
provide clinicians with interpretable views of which parts of
the signal the model focuses on, without asserting strict causal
attribution. Overall, the system is designed as a software-
only screening and triage tool that can run on existing ECG
hardware or retrospective datasets, supporting the screening
of larger populations, prioritization of higher-risk patients
for confirmatory polysomnography, and potential reduction of
diagnostic delays in resource-constrained settings [7] [8] [9].

C. Related Works

Zhang et al. (2020) developed an automated multi-model
deep neural network for sleep apnea detection using mul-
tichannel polysomnography signals, including EEG (C3/A2,
C4/A1), EOG (two channels), and EMG, achieving 89.3% de-
tection accuracy across 1,200 subjects. [14]. The architecture
combines convolutional layers for spatial feature extraction
with recurrent layers for temporal modeling across the multiple
physiological channels [14]. Because this approach depends
on comprehensive PSG equipment with EEG, EOG, and EMG
sensors, its deployment is naturally oriented toward specialized
sleep laboratories. By contrast, the present study focuses on
single-lead ECG data, with the goal of enabling screening on
standard cardiac monitoring devices and retrospective analysis
of existing ECG recordings without requiring additional PSG
sensors or infrastructure.

Rizal et al. (2022) proposed an obstructive sleep apnea
classification method based on heart-rate variability (HRV)
features extracted from single-lead ECG signals in the Phys-
ioNet Apnea-ECG database, using one-minute segments an-
notated as normal or OSA. They computed eleven time-

domain HRV parameters from the RR-interval series and
trained support vector machines (SVMs) with various kernels,
achieving a maximum accuracy of 89.5% using a fine Gaussian
SVM over 16,829 one-minute ECG segments. [15]. However,
because each one-minute segment is reduced to a static HRV
feature vector and classified independently, this approach does
not explicitly model longer-range temporal dependencies or
evolving apnea patterns across the entire overnight recording.
The present study addresses this limitation by operating di-
rectly on sequential RR-interval and R-peak amplitude series
within multi-minute context windows and applying a hybrid
CNN-Transformer architecture, allowing the model to capture
both local ECG morphology and broader temporal structure
that may be informative for apnea vs non-apnea classification.

Chaw et al. (2019) developed a deep learning—based sleep
apnea detection system using nocturnal SpO, recordings
from 50 subjects, comparing a 10-layer convolutional neural
network (CNN) against traditional classifiers such as linear
discriminant analysis, support vector machines, and shallow
artificial neural networks. Their CNN model, trained on
segmented SpO- sequences to classify apnea versus non-
apnea, achieved an overall accuracy of approximately 91.3%,
outperforming the baseline methods while treating the network
as a high-capacity feature extractor and classifier for oxygen
saturation dynamics [16]. However, the authors characterize
the CNN as effectively a black-box model whose internal
decision process is not transparent and do not incorporate
any explicit explainability mechanism to show which temporal
patterns or signal regions drive apnea predictions. In contrast,
the present study not only applies a deep neural architecture
(CNN-Transformer) to ECG-based apnea screening but also
introduces an explainability agent and Grad-CAM-style visu-
alizations to highlight apnea-like segments, aiming to make
model outputs more interpretable for clinicians rather than
focused primarily on predictive performance.

II. METHODOLOGY
A. Dataset

For this study, we used the Apnea-ECG Database [17]
released as part of the PhysioNet/Computing in Cardiology
Challenge [18]. The dataset contains 70 full-night single-lead
ECG recordings, each recording spanning between 7 to 10
hours. All recordings contain annotations from a field expert
indicating whether an apnea event occurred during each 60-
second interval [17]. These annotations label each segment as
either apnea or normal breathing, enabling supervised learning
for apnea detection.

Each recording includes several file types. The .dat files
contain the digitized ECG waveform (16-bit samples, sampled
at 100 Hz, approximately 200 A/D units per millivolt) [17].
The accompanying .hea files are human-readable header files
specifying metadata such as signal names, units, calibration
parameters, and the format of the associated data file [17].
The .apn files are binary annotation files providing the apnea
labels for each minute of the recording [17]. The dataset
also provides .qrs files, which contain machine-generated



QRS complex annotations produced by an automated detector.
However, these annotations are known to contain substantial
errors and inconsistencies. Because they are neither required
nor reliable for our analysis, we excluded the .qrs files from
our processing pipeline.

Overall, the Apnea-ECG dataset provides a rich, well-
labeled, and widely used benchmark for evaluating deep
learning models on physiological time-series data related to
sleep apnea.

B. Data Preprocessing

For each subject, we loaded the raw single-lead ECG wave-
form using wfdb.rdrecord at the native 100 Hz sampling
rate (no resampling), producing a one-dimensional overnight
time series (typically >1M samples per record) suitable for
downstream QRS morphology and heart rate variability (HRV)
analysis [19]. Because reference annotations are provided at 1-
minute resolution, we treated each minute as a labeled instance
[19]. To add temporal context, we constructed a centered 5-
minute window for each target minute (2 minutes before, the
target minute, and 2 minutes after), producing 300-second
segments (30,000 samples) that capture slower apnea-related
heart rate dynamics [20]. Windows were generated with a 1-
minute stride, the first and last 2 minutes of each record were
excluded due to missing context, and each window inherited
the label of its central minute.

We applied a 3 to 45 Hz FIR band-pass filter to reduce
baseline wander and high-frequency noise while preserving
QRS content, consistent with prior ECG preprocessing for R-
peak extraction [21]. Filtering was performed with a zero-
phase forward and reverse implementation to avoid phase
distortion. R-peaks were detected using the Hamilton QRS
algorithm [22] and refined by aligning each detection to the
local waveform maximum. We removed windows with clear
detection failures or implausible heart rates (below 20 bpm or
above 300 bpm), as well as segments dominated by artifacts or
non-interpretable beat sequences. Although this may exclude
some low-quality or highly pathological intervals, it reduces
systematic noise from peak-detection errors in downstream
analysis.

From the refined R-peaks, we computed beat-to-beat RR
intervals in seconds and applied a 3-beat median filter to
suppress isolated outliers caused by occasional detection errors
[23]. The resulting RR interval sequences capture heart rate
oscillations associated with apnea [24]. We also extracted
the ECG amplitude at each refined R-peak to form a beat-
level amplitude series. This feature reflects respiration-related
modulation of QRS amplitude and supports ECG-derived
respiration analysis [25]. The amplitude series was aligned
with the RR interval sequence for each window.

Additional quality checks removed windows with mean or
instantaneous heart rates outside 20 to 300 bpm and windows
with erratic RR interval behavior consistent with missed beats,
motion artifacts, or sensor issues. Only segments with stable,
interpretable cardiac dynamics were retained for downstream
processing [26]. Each window inherited the apnea or normal

label of its central minute, which avoids ambiguity in overlap-
ping windows and matches common apnea-detection protocols
[20]. Labels were stored as binary values (0 normal, 1 apnea),
and subject identifiers were retained to enable subject-disjoint
training and evaluation. Because RR interval and amplitude se-
ries are beat-timed and irregularly sampled, we resampled both
onto a uniform 3 Hz grid over each 300-second window (900
time points). We applied per-window min—-max normalization
to each channel before linear interpolation, producing fixed-
length sequences while preserving low-frequency HRV and
respiration-linked amplitude trends [27]. The same procedure
was applied to training and test data. The resampled RR
interval and R-peak amplitude sequences were stacked to form
a two-channel input tensor of shape (900, 2) per window. This
representation jointly encodes heart rate variability and ECG-
derived respiration, two complementary markers associated
with sleep apnea [25] [24]. All preprocessing was applied
consistently across splits to yield standardized inputs for model
training and evaluation. See Fig. 1.
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Fig. 1. Preprocessing pipeline for ECG-based apnea classification.



C. Model Architecture

We used a hybrid architecture consisting of a 1D con-
volutional neural network (CNN) followed by a trans-
former encoder block. The CNN contains three convo-
lutional layers (64, 128, and 128 filters; kernel size 7;
stride 1), each followed by a ReLU activation and max-
pooling with pool size 4, which progressively compresses
the temporal dimension while expanding the feature repre-
sentation. A dropout rate of 0.5 is applied after the final
CNN layer to reduce overfitting. The CNN takes an input
tensor of shape (num_samples, sequence_length,
num_features) and operates jointly across feature chan-
nels.

The output of the CNN is passed to a transformer encoder
block. The encoder includes multi-head self-attention (2 heads,
key dimension 32) with learnable sinusoidal positional encod-
ing added to the normalized input. Residual connections are
used around both the attention and feed-forward sublayers,
each followed by layer normalization. The feed-forward net-
work consists of two dense layers (128 units each). A dropout
rate of 0.5 is applied to the transformer output. The main
difference from a traditional transformer encoder is that the
input is normalized prior to the self-attention layer.

The final transformer output is flattened and fed into a fully
connected layer (128 units, ReLU), followed by a second fully
connected layer with a softmax output for binary classification.

Each minute in the recording (except the first and last two)
are classified by the model. These classifications as well as
per-minute features (RR-interval, RR-amplitude). See Fig. 2.
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Fig. 2. CNN-Transformer architecture for minute-level apnea classification.

D. System Overview

As shown in Fig. 3, the triage system follows a three-
tier architecture separating user interaction, orchestration,
and model execution. This design isolates latency-sensitive
risk stratification from optional interpretability and reporting
modules, ensuring responsive triage while preserving trans-
parency. A centralized orchestrator manages preprocessing,
CNN-Transformer inference, and on-demand Grad-CAM gen-
eration, with outputs persisted for traceable review. Optional
integration with an external language model produces struc-
tured summaries without coupling natural-language synthesis
to the core inference path. By decoupling prediction, explana-
tion, and reporting, the system supports scalable, human-in-
the-loop deployment. See Fig. 3.
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Fig. 3. System architecture for ECG-based apnea triage.

ITI. RESULTS
A. Evaluation Setup

We used the PhysioNet Apnea-ECG dataset and retained
the original Computing in Cardiology (CinC) competition
split, using the a/b/c recordings (a01-a20, b01-b05,
c01-c10) for model development and the x recordings
(x01-x35) as a held-out test set [18]. Within the development
set, we performed 5-fold GroupKFold cross-validation at the
record level (28 records for training and 7 for validation per
fold) to select the final model, using validation loss as the
selection criterion.

B. Performance Metrics

Using the selected model, performance on the held-
out evaluation set reached 89.21% accuracy, 84.24% sen-
sitivity, 92.30% specificity, 85.68% Fl-score, and an AU-
ROC of 95.60%. The resulting confusion matrix (TP=5,467;
TN=9,650; FP=805; FN=1,023) is shown in Fig. 4, and the
ROC curve is shown in Fig. 5.
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C. Training Dynamics

Training and validation loss and accuracy over 20 epochs
are shown in Fig. 6. Performance improved rapidly in the first
few epochs, followed by a plateau in validation metrics while
training continued to improve, suggesting mild overfitting in
later epochs. The checkpoint used for downstream triage was
selected at the minimum validation loss (Fold 5, epoch 11).
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Fig. 6. Loss on train and evaluation set.
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D. Qualitative Explainability Outputs

To support clinician-facing triage review, we used Grad-
CAM as a qualitative interpretability tool rather than a per-
formance metric. Grad-CAM heatmaps were computed from
the final convolutional feature layer and overlaid on the
corresponding ECG trace, where warmer regions indicate
time intervals that contributed more strongly to the predicted
class. Fig. 8 shows representative examples for a true positive
(apnea) segment and a true negative (non-apnea) segment
(Record [ID], minute [m]; predicted [class], P(apnea) = [p];
ground truth [label]), illustrating that the model’s decision
is driven by localized sub-intervals of the signal rather than
uniform weighting across the full segment.

Within the triage workflow, clinicians can generate Grad-
CAM overlays for any selected minute under review, accom-
panied by a concise per-minute markdown report summarizing
the prediction, confidence, and a plausibility-oriented interpre-
tation of the highlighted regions. These explanations are post
hoc and intended for human inspection; they do not modify
model predictions or contribute to the reported classification
metrics.
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Fig. 8. Grad-CAM visualization for a representative ECG segment (0-2 s).

IV. DISCUSSION

The selected CNN-Transformer achieved strong discrimina-
tion performance on the Apnea-ECG evaluation set (AUROC
0.956), with balanced operating-point performance (accuracy
0.892, sensitivity 0.842, specificity 0.923). A key reason
AUROC is emphasized in this setting is that it summarizes



ranking quality across thresholds, which is especially relevant
for triage workflows where the threshold can be tuned to match
clinical priorities (maximizing sensitivity for “don’t miss”
screening vs. increasing specificity to reduce unnecessary
review). In practical triage, minimizing false positives matters
because excessive flagging increases clinician workload and
can contribute to alert fatigue; the observed specificity suggests
a relatively low false-positive rate at the default decision
rule, and the high AUROC indicates there is room to shift
the threshold toward fewer false alarms while preserving
meaningful sensitivity. Our evaluation follows the standard re-
leased/withheld protocol of the Apnea-ECG database (a/b/c
for development; x for testing), enabling direct comparison
with prior studies that adopt the same split. From a systems
diagnostics perspective, these results support the model’s role
as an early triage tool rather than a standalone diagnostic
system. It can prioritize high-risk minutes for review, enabling
more efficient downstream assessment and definitive diagnosis
when needed. This framing is important because a model can
be clinically useful despite being imperfect, provided it is
deployed as decision support with transparent uncertainty and
a controllable operating point.

Failure cases are expected to cluster around signal-quality
and preprocessing sensitivities. In particular, noisy segments,
motion artifacts, and conditions that degrade R-peak detection
or distort RR-interval dynamics can lead to misclassification,
since the pipeline relies on consistent beat detection and
derived features. More broadly, minute-level labels can be
inherently ambiguous near transitions or in borderline events,
which can produce errors even for otherwise well-performing
classifiers.

To improve interpretability and support human review,
Grad-CAM visualizations provide qualitative evidence that
predictions are driven by localized sub-intervals rather than
treating each segment uniformly. In the triage workflow, the
explainability agent enables physicians to generate Grad-
CAM overlays for any selected minute, pairing model con-
fidence with a concise plausibility-oriented summary. These
explanations are intended to increase transparency and re-
view efficiency; however, they remain post-hoc and do not
establish causality, and should be interpreted as supporting
context rather than physiological proof. There are several
limitations. First, the dataset size is modest at the recording
level (70 total, with 35 held out), and performance may not
fully reflect real-world variability across devices, populations,
and comorbidities. Second, the class balance (=38% positive
at the sample level) is not extreme but still relevant, and
threshold choice affects how false positives vs. false negatives
trade off in practice. Third, generalization beyond Apnea-ECG
remains untested; external validation is required before clinical
conclusions can be drawn.

Future work should focus on (i) improving robustness to
noisy ECG and beat-detection failures, (ii) tuning and cali-
brating probability outputs so thresholds can be set to explicit
clinical targets (e.g., “keep false positives below X while
maintaining sensitivity”’), and (iii) expanding explainability

from single-case visuals into lightweight summaries that can
be reviewed quickly at scale. In addition, a small human
usefulness study could assess whether the agent’s reports
reduce review time and increase trust without encouraging
overreliance.

V. CONCLUSION

Neural Sleep Apnea Triage evaluates whether single-lead
overnight ECG can support scalable sleep apnea screening
when polysomnography access is limited. Using the PhysioNet
Apnea-ECG dataset, ECG recordings were converted into
5-minute context windows and represented as paired R-R
interval and R-peak amplitude sequences. A hybrid CNN-
Transformer model then produced minute-level apnea prob-
abilities intended for triage and prioritization, not diagnosis.

On the held-out evaluation set, the system achieved AUROC
0.956 with 84.24% sensitivity and 89.21% accuracy, indicating
strong discrimination and suitability for threshold-tuned, high-
sensitivity screening workflows.

These results support ECG as a practical first-line screening
layer that can help route higher-risk patients toward con-
firmatory polysomnography, reducing diagnostic bottlenecks
without replacing PSG as the definitive test. Next steps include
external validation across devices and populations, improved
robustness to noisy signals and beat-detection failures, prob-
ability calibration for clinically defined operating points, and
prospective evaluation of workflow impact and interpretability
usefulness.
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