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Abstract

Consumer wearables now offer unprecedented opportunities to screen asymptomatic
individuals for atrial fibrillation (AF) using photoplethysmography (PPG), but motion-
induced corruption of the optical trace remains the dominant cause of unreliable
downstream diagnoses. We describe an end-to-end risk-stratified screening pipeline in
which a one-dimensional Pix2Pix generative adversarial network restores noisy wrist-
worn PPG segments before they are forwarded to a pretrained AF classifier, and a built-
in reliability gate based on the predictive entropy of that classifier rejects samples likely
to yield erroneous decisions. Because no ground-truth clean signal exists at deployment,
we ground gating reliability in a decision-theoretic notion of cost rather than
reconstruction fidelity, and we validate the gate using the Uncertainty Calibration Error
against the downstream task. On a wrist-PPG cohort of 136 882 segments derived from
a public AF dataset, Gaussian-corrupted inputs reduced classifier AUC from 0.84 to 0.75;
GAN restoration recovered AUC to 0.80, and the reliability gate delivered an AUC of
0.85, an F1 of 0.70 and a balanced accuracy of 0.77 on the retained 75 % of segments
— matching or exceeding the performance achievable on uncorrupted inputs. The
Uncertainty Calibration Error of the gated outputs (0.025) was less than half that
observed on noisy inputs (0.055), and entropy values for denoised and noisy versions of
the same segment were only moderately correlated (Pearson r = 0.68; Spearman p =
0.59), which indicates that the gate is sensitive to artefacts the GAN itself introduces
rather than to the underlying measurement quality alone. The framework is model-
agnostic, requires no additional supervised retraining of the classifier, and supports
privacy-preserving deployment on the device. Risk-stratified gating is therefore a
practical mechanism for raising the trustworthiness of Al-driven cardiac screening on
consumer wearables without sacrificing population coverage.

Keywords: Atrial fibrillation; Photoplethysmography,; Generative adversarial network;
Uncertainty quantification; Risk stratification; Wearable health technology

ISSN: 3068-1197 © 2025 INATGI (Institute of Advanced Technology and Green Innovation). Open Access under CC BY 4.0.
https://inatgi.in/index.php/jaihbe/index | DOI:10.63646/jaihbe.2025.030402



mailto:anna.beauchamp@plymouth.ac.uk

Journal of Al in Healthcare and Biomedical Engineering | 22

INTRODUCTION

Atrial fibrillation (AF) is the most prevalent sustained cardiac arrhythmia in adults and a recognised
driver of ischaemic stroke, heart failure and cognitive decline; current global estimates place the
prevalence in adults above 50 million cases, and incidence is projected to rise sharply with population
ageing (Hindricks et al., 2021; Lippi et al., 2021; Kornej et al., 2020). A clinically important subset of AF
is paroxysmal — episodes appear and resolve unpredictably and may be entirely asymptomatic — so
opportunistic screening that is short, isolated and tied to a clinic visit catches only a fraction of cases
(Steinhubl et al., 2018; Svennberg et al., 2015). Continuous, ambulatory rhythm monitoring outside the
clinic is therefore an attractive route to earlier detection, and in turn to earlier anticoagulation and stroke
prevention (Healey et al., 2012; Perez et al., 2019).

Consumer wearables are uniquely positioned for this role because most of them already include an
optical photoplethysmography (PPG) sensor on the dorsal wrist (Allen, 2007; Castaneda et al., 2018). PPG
illuminates the dermis with green or infrared light and records the small volumetric changes that the
cardiac pressure pulse drives in the cutaneous microvasculature; the resulting time series carries beat-to-
beat thythm information that can be classified for AF either by hand-crafted irregularity features or by
deep neural networks (Bashar et al., 2019; Pereira et al., 2020; Tison et al., 2018; Piirerfellner et al., 2014).
Smartwatch-based AF screening at population scale is now feasible (Perez et al., 2019; Lubitz et al., 2022),
and convolutional and recurrent architectures routinely match or exceed earlier signal-processing pipelines
on the same data (Hannun et al., 2019; Ribeiro et al., 2020; Ribeiro et al., 2021; Zhang & Lu, 2021).

The chief obstacle to clinical reliability is not the cardiac information present in wrist PPG, but the
noise that hides it. Motion artefacts dominate, but ambient light leakage, contact micro-displacement,
melanin and capillary density variation, and electronic baseline drift each contribute (Schick et al., 2017;
Pollreisz & TaheriNejad, 2019; Tang et al., 2020; Charlton et al., 2018). When a deep network trained on
clean reference recordings is fed wrist segments collected during a typical day, performance degrades in a
way that is unpredictable for the individual user (Castaneda et al., 2018; Avila et al., 2018). The result is
the well-known domain-shift pathology of medical Al, where high in-laboratory accuracy does not
transfer to the deployment population (Topol, 2019; Esteva et al., 2019; Yu et al., 2018; Rajkomar et al.,
2019).

A natural response is to attach a learned denoiser in front of the classifier so that the input distribution
at deployment more closely matches the distribution the classifier was trained on. Generative adversarial
networks (GANs) are particularly attractive because they preserve the high-frequency morphological
detail on which arrhythmia detection depends, and conditional formulations such as Pix2Pix translate
naturally from images to one-dimensional time series (Goodfellow et al., 2014; Mirza & Osindero, 2014;
Yoon et al., 2019; Lu, 2019; Esteban et al., 2017). Time-series GANs have been shown to suppress motion
in PPG and ECG without flattening the underlying waveform (Liu et al., 2020; Wulan et al., 2020;
Delaney et al., 2019; Hatamian et al., 2020).

However, a generative front-end is not free of risk. GANs hallucinate plausible-looking content where
the input was uninformative; mode collapse can erase rare AF-typical morphology; and the L1
reconstruction term used in Pix2Pix biases the output toward a low-frequency average (Salimans et al.,
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2016; Arjovsky et al., 2017; Karras et al., 2019). When these failure modes occur in front of a classifier
that itself has been trained to be confident, the system as a whole becomes simultaneously more wrong
and more sure — exactly the failure that is least tolerated in a medical setting (Begoli et al., 2019; Kompa
etal., 2021; Abdar et al., 2021).

We therefore propose to gate the output of the GAN-classifier pipeline by an explicit reliability check
rather than to trust the restored signal unconditionally. The gate uses the predictive entropy of the
downstream AF classifier as a proxy for decision cost, an approach that is justified by decision theory (the
Bayes optimal action under a misclassification loss is recovered exactly when the classifier output is well-
calibrated) and that does not require ground-truth clean signals at inference time (Hiillermeier &
Waegeman, 2021; Senge et al., 2014; Kim et al., 2021; Kuleshov et al., 2018). The gate is validated
externally through the Uncertainty Calibration Error (UCE) on the downstream task, which is a per-bin,
per-class measure of how well predictive entropy tracks misclassification (Naeini et al., 2015; Niculescu-
Mizil & Caruana, 2005; Guo et al., 2017).

This paper makes three contributions. First, we present a fully specified one-dimensional Pix2Pix
denoiser for wrist PPG and verify, on a 136 882-segment AF cohort, that it raises classifier AUC from
0.75 on noise-corrupted inputs to 0.80, recovering the bulk of the gap to clean inputs (0.84). Second, we
formalise a reliability gate that filters out the 25 % most uncertain restored segments and show that the
retained 75 % achieves AUC 0.85, F1 0.70 and balanced accuracy 0.77 — a regime that meets or exceeds
the performance achievable on uncorrupted inputs. Third, we provide a calibration analysis (UCE = 0.025
for gated outputs versus 0.055 for noisy inputs) and an entropy-correlation analysis (Pearson r = 0.68) that
together support the conclusion that the gate is responsive to GAN-induced artefacts, not merely to

underlying measurement noise. The framework is summarised in Figure 5.

The rest of the paper is organised as follows. Section 1 describes the clinical and technical setting in
more detail. Section 2 specifies the GAN architecture. Section 3 develops the reliability gate and its
decision-theoretic justification. Section 4 describes the dataset and experimental protocol. Section 5
presents results, including risk-coverage curves, calibration diagrams and an ablation. Section 6 discusses
deployment, limitations and ethical implications, and Section 7 concludes.

1. CLINICAL CONTEXT AND TECHNICAL CHALLENGES IN WEARABLE AF
SCREENING

Atrial fibrillation is conventionally defined on the surface electrocardiogram by the absence of
consistent P-waves and by an irregularly irregular ventricular response, and the diagnostic gold standard
remains a 12-lead ECG interpreted by a clinician (January et al., 2019; Hindricks et al., 2021). The
mechanism that lets a non-electrical sensor see AF is straightforward: every effective ventricular
contraction produces a peripheral pressure pulse, and the inter-beat interval distribution observed at the
radial artery or wrist capillary bed therefore mirrors the irregular rhythm of the atria (Pereira et al., 2020).
PPG samples that pulse optically and at the frequencies typical of consumer wearables (25-100 Hz)
carries enough rhythm information to permit AF classification at clinically useful sensitivity and
specificity, provided the acquisition window is long enough — a 25-30 s window has become a de facto
standard (Bashar et al., 2019; Voisin et al., 2017).
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What distinguishes the wearable setting from in-clinic recording is that almost every parameter of the
acquisition is uncontrolled. The wrist contact is loose, optical coupling depends on skin perfusion that
fluctuates with ambient temperature and emotional state, and the dominant mechanical perturbation —
locomotion — is correlated with heart rate (Sun et al., 2016; Castaneda et al., 2018; Charlton et al., 2018).
The corollary is that motion artefact tends to be largest precisely when AF detection would matter most,
namely during exertion and stress. Conventional fixed-bandpass filtering removes high-frequency noise
but cannot disentangle motion harmonics from the true cardiac fundamental, and adaptive filters that use
accelerometry as a reference signal address part but not all of the problem (Schéck et al., 2017; Pollreisz
& TaheriNejad, 2019; Tang et al., 2020).

The deep-learning response to this problem has so far split along two lines. End-to-end classifiers
learn to be robust to noise by training on large noisy datasets, exploiting the implicit regularisation of
stochastic gradient descent and the diversity of natural motion (Hannun et al., 2019; Ribeiro et al., 2020;
Mousavi et al., 2019). Front-end denoisers, on the other hand, learn an explicit map from noisy to clean
PPG, after which any downstream model can be applied (Liu et al., 2020; Wulan et al., 2020; Sarkar &
Etemad, 2022). Both approaches have well-documented limitations: end-to-end models are difficult to
audit and offer no per-instance quality flag, while front-end denoisers are vulnerable to hallucinated
content in regions where the input has no information at all (Salimans et al., 2016; Borji, 2019).

Beyond noise per se, wearable PPG suffers from a second, more insidious form of distribution shift:
between the population that produced the training set and the population that purchases the watch. Skin
pigmentation systematically alters the optical path; tattoos and dense body hair perturb the contact; tremor
and Parkinsonian disease dominate the residual band; and demographic factors such as age, body
composition and medication change pulse morphology (Bent et al., 2020; Colvonen et al., 2020;
Shcherbina et al., 2017). Domain adaptation is therefore not optional; it is built into the deployment
economics of the device (Wilson & Cook, 2020; Csurka, 2017; Ganin et al., 2016; Long et al., 2015).

A final consideration is regulatory. AF detection from a wearable device is regulated as a medical
algorithm in most jurisdictions, and the regulator increasingly expects evidence not only of average
performance but of failure-mode-aware performance — that is, evidence that the device knows when it
does not know (Kelly et al., 2019; Jin et al., 2020; FDA, 2021). The reliability gate developed here is
intended precisely as a mechanism for that; it does not raise classifier confidence on hard cases but rather
refuses to provide a verdict, deferring instead to a re-acquisition or a clinical follow-up.

2. GENERATIVE ADVERSARIAL DENOISING ARCHITECTURE

We adapt the conditional Pix2Pix formulation (Zhu et al., 2017) to one-dimensional time series. The
network learns a paired translation from a noise-augmented PPG segment x € R™{T} to its clean
counterpart y € RMNT}, where T = 800 samples corresponds to a 25 s window at 32 Hz. Pairing is
achieved at training time only, by injecting controlled noise into recorded segments; at inference time the
model accepts the wearable signal directly, with no need for paired data.

The generator G is a 1D U-Net with seven encoding blocks and seven symmetric decoding blocks
(Drozdzal et al., 2016; Cigek et al., 2016). Each encoding block applies a 1D convolution (kernel 4, stride
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2, padding 1), instance normalisation (Ulyanov et al., 2016) — except in the outermost block — and a
leaky ReLU activation with negative slope 0.2 (Maas et al., 2013). Each decoding block applies a 1D
transposed convolution with the same kernel parameters, instance normalisation and a standard ReLU.
Long-range skip connections concatenate matched-scale encoder activations onto the decoder, which
preserves the high-frequency morphology that AF detection depends on (Long et al., 2015). The terminal
layer applies a tanh activation and the output is rescaled to [0, 1] before classification.

The discriminator D is a fully convolutional 1D PatchGAN that outputs a single-channel logit map
(Zhu et al., 2017; Demir & Unal, 2018). Stacked Convld-LeakyReLU blocks (kernel 4, stride 2, padding
1) progressively downsample the sequence to a vector of patch-level real/fake decisions, and the loss
aggregates over patches. Patch-level adversarial loss is a deliberate choice: it forces the generator to be
locally realistic, which is what matters for arrhythmia detection, rather than globally indistinguishable
from the training distribution (Salimans et al., 2016; Karras et al., 2019).

Training optimises the standard Pix2Pix objective. The discriminator minimises a least-squares loss
(Mao et al., 2017) over the real pair (X, y) and the fake pair (x, G(x)). The generator minimises a weighted
sum of an adversarial term and an L1 reconstruction term. We set the L1 weight to 100, in line with the
original formulation. Adam (Kingma & Ba, 2015) is used with 1 = 0.5 and B2 = 0.999; learning rates are 2
x 107* for the generator and 1 % 10~ for the discriminator. The asymmetric learning rate is important — a
stronger discriminator quickly drives the generator into mode collapse (Arjovsky et al., 2017; Heusel et al.,
2017). Early stopping monitors the generator's validation L1 loss with a patience of three epochs.

Table 1. Architecture summary of the 1D Pix2Pix denoising network. Kernel size and stride values refer to the

temporal axis. The discriminator outputs a patch-level real/fake decision; the generator outputs a single-channel
restored signal.

Component Layers | Kernel / stride Channels Activation Normalisation
Generator — encoder 7 4/2 1 —64—512 LeakyReLU (0.2) lD;r(l)iiince
Generator — decoder 7 4 /2 (transposed) 512 > 64— 1 ReLU; tanh (out) lD;r(l)iiince
Skip connections 6 — concatenate — —
Discriminator 4+1 4/2 152561 | LeakyReLU(0.2) = |Dinstance

norm

Architectural details are summarised in Table 1, and the surrounding system context is shown in
Figure 5. The choices are deliberately conservative: we do not use perceptual losses, attention or self-
supervised pre-training, partly to keep the system amenable to on-device deployment (parameter count is
approximately 13.4 M, comparable to a single convolutional ResNet block of an end-to-end smartwatch
model) and partly to make the calibration argument in Section 3 as transparent as possible. The same
calibration argument applies to richer architectures, but the decoupling of noise restoration from
classification is then harder to audit (Mehrabi et al., 2021; Christodoulou et al., 2019).

Negative outputs are clamped to zero before forwarding to the classifier; this is necessary because the
classifier was trained on PPG signals that have been globally normalised to [0, 1] and reacts pathologically
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to negative-going excursions that the GAN occasionally produces in regions of saturated noise. The
clamping is reversible at the level of evaluation (we can also report scores on the un-clamped output) and
does not materially change the comparative results reported in Section 5.

Risk-stratified screening pipeline with built-in reliability gating

~
Wearable 5 Pix2Pix-1D 5 AF classifier 5 Predictive entropy 5 Risk-stratified
PPG sensor GAN denoiser (1D AlexNet) + UCE check decision
J
T T
1 |
[ |
v v
(
High-uncertainty: Low-uncertainty:
flag for re-take deliver result
-

Figure 1. End-to-end risk-stratified screening pipeline. A noisy wrist-PPG segment is restored by a 1D Pix2Pix
denoiser, classified by a pretrained 1D AlexNet, and then gated by predictive entropy. Low-uncertainty outputs are
returned to the user; high-uncertainty outputs are deferred and the device prompts a re-take.

3. RELIABILITY GATING AS A DECISION-THEORETIC FILTER

Even after restoration, a fraction of the segments produced by the GAN are not safe to classify. The
remedy used here is to attach a reliability gate that decides, on a per-segment basis, whether the
downstream AF prediction should be returned to the user or withheld. The gate is built from quantities that
are already available in the deployed system; it adds essentially no computational overhead and no
additional training data.

We adopt the decision-theoretic perspective of (Hiillermeier & Waegeman, 2021; Depeweg et al.,
2018). Let A be the set of admissible actions — in our case the binary AF / non-AF classification — and
let z € Z be the true rhythm label. A loss function £(a, z) encodes the cost of taking action a when the
realised rhythm is z. For binary AF screening, misclassification loss £(a, z) = 1{a # z} is the natural choice,
and the Bayes-optimal action is then a* =argmin_a _p(z|x)[{(a, z)] = arg max_a p(a | x). The conditional
risk associated with that action is p(a* | x) = 1 — max_y p(y | X), which is monotone in the predictive
entropy H[p(z | x)] for binary classification (Chen et al., 2025; Senge et al., 2014). Predictive entropy is
therefore a faithful proxy for decision cost in our setting.

The gate operates by thresholding entropy at a chosen quantile of the validation distribution. We use
the 75 % quantile in the main experiments — i.e. the 25 % most uncertain segments are deferred. The
choice is not arbitrary: the population of consumer wearables is large enough that even 25 % deferral
leaves an enormous absolute number of usable predictions per day; meanwhile, increasing coverage past
75 % begins to admit segments whose predictive entropy is informative chiefly about the inadequacy of
the GAN restoration, not about ambiguous physiology. The relationship between coverage and error is
examined explicitly in Figure 4.
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Because no clean ground-truth signal is available at deployment, the standard reconstruction-fidelity
calibration framework is not applicable. We instead validate the gate using the Uncertainty Calibration
Error (UCE) of the downstream classifier (Laves et al., 2020; Naeini et al., 2015; Guo et al., 2017). UCE
compares, in equal-width bins of normalised entropy, the empirical inaccuracy with the entropy itself, and
aggregates the mismatch weighted by bin occupancy. A perfectly calibrated binary classifier under our
scheme has a slope of 0.5 in the corresponding reliability diagram; deviations above the line indicate over-
confidence and deviations below indicate under-confidence. The metric exposes per-class behaviour,
which matters in practice because AF is the minority class and over-confident non-AF predictions in
particular drive false reassurance (Christodoulou et al., 2019; Goldstein et al., 2017).

Finally, predictive entropy is not in itself a guarantee that the gate is responding to the GAN's
restoration; it might equally be responding to the underlying noise of the input. We address this concern
empirically in Section 5 by comparing entropy values on noisy and restored versions of the same segment
(Figure 3). A perfect correlation would imply that restoration changes nothing about the classifier's
confidence — and that the gate is therefore a measurement-quality flag — whereas zero correlation would
imply that restoration completely overrides the input. The intermediate correlation we observe (Pearson r
= (0.68) suggests that the gate combines both signals, which is exactly what is wanted.

4. DATA AND EXPERIMENTAL SETUP

Experiments use a custom split of the publicly released DeepBeat AF cohort (Pereira et al., 2020),
preprocessed using a patient-stratified split with no overlap across folds. The split contains 106 249
training segments, 15 256 validation segments and 15 377 test segments, all of duration 25 s at 32 Hz,
with no patient overlap and balanced AF / non-AF labels in every fold. Labels are derived from the
corresponding clinical ECG channel and are therefore not perturbed by the noise injection that follows.
The cohort statistics are reported in Table 2.

Table 2. Patient-stratified split of the wrist-PPG cohort used for training, validation and testing. Class prevalence is
preserved within 0.4 %.

Split Segments Unique patients =~ AF segments 51:;[111-311:5 Duration (s)
Training 106 249 352 53251 52998 25.0
Validation 15 256 49 7 626 7 630 25.0
Test 15377 52 7 691 7 686 25.0
Total 136 882 453 68 568 68 314 —

To create a realistic but controlled domain shift, every test segment is augmented with additive
Gaussian noise of standard deviation 0.1 (relative to the [0, 1] normalised range), and amplitude is then
clamped to [0, 2]. The training set is augmented identically and used to train the GAN; the AF classifier is
not re-trained. This deliberately decoupled design isolates the contribution of the denoiser-plus-gate front-
end from any improvement that further classifier training would yield. More realistic noise models, such
as motion-conditioned noise (Salehizadeh et al., 2014), are left to a follow-up paper because they would
obscure the calibration contribution we wish to highlight here.
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The downstream AF classifier is the 1D AlexNet variant of (Pereira et al., 2020), trained with
stochastic gradient descent on the unaugmented training set. We use the same loss formulation as the
original work, namely a binary cross-entropy with class re-weighting to compensate for the small but non-
zero residual class imbalance that survives the patient-level split. Variational dropout is enabled at
inference time as in (Pereira et al., 2020), but for the purposes of the gate we use the deterministic
predictive entropy obtained from a single forward pass. We have verified that the qualitative gating
behaviour is unchanged when an MC-dropout ensemble entropy is used instead, although the absolute
UCE values are marginally lower.

Performance is reported as Area Under the Receiver-Operating Curve (AUC), F1 score with the
prevalence-weighted decision threshold, Matthews Correlation Coefficient at fixed 80 % sensitivity and at
fixed 80 % specificity, sensitivity at 80 % specificity, specificity at 80 % sensitivity, and balanced
accuracy at the default 0.5 decision threshold. The full set is reported in Table 3. We also report the UCE
for each of the four conditions (clean inputs, noisy inputs, GAN-restored inputs, GAN-restored-and-gated
inputs).

Implementation. The GAN is implemented in PyTorch 2.1 (Paszke et al., 2019) on a single NVIDIA
A100 GPU; training to early stopping took 16.4 hours. Inference latency, including the gate, is 4.7 ms per
25 s segment on a desktop GPU and 71 ms on an Apple A14 mobile SoC running Core ML, which is well
below the per-segment budget of a continuous monitoring application (Lakhani, 2024). Code and trained
weights are available on request.

5. RESULTS AND ANALYSIS

Visual inspection of restored segments (Figure 1) suggests that the GAN reliably recovers the slow
envelope and the dominant oscillation of the cardiac pulse, while suppressing the high-frequency noise
that dominates the input. The morphology of the irregular AF rhythm in the upper two panels is preserved
more faithfully than the morphology of the regular sinus rhythm in the bottom panel, reflecting the natural
prior of the training distribution. Subjective inspection alone, however, cannot answer the question of
whether the restoration is informative for downstream classification, which is why the rest of this section
is quantitative.
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Figure 2. Representative wrist-PPG segments. Light grey: noisy input (additive Gaussian noise, o = 0.1). Black:
GAN-restored output. Dashed mid-grey: corresponding reference clean signal. The top two panels are AF examples
with characteristic beat-to-beat irregularity; the bottom panel is a sinus-rhythm example.

Table 3. AF classification performance under four conditions. The gated denoised condition is the lower-uncertainty
75 % of GAN-restored segments selected by the entropy gate. AUC, F1 and balanced accuracy are reported for the

test split (n = 15 377).

. MCC@80 MCC@80 = Sn@80 = Sp@80

Condition AUC F1 %Sn %Sp %Sp %Sn BAcc UCE
Clean (reference) 0.84 0.71 0.51 0.50 0.71 0.72 0.76 0.051
Noisy 0.75 | 0.65 0.37 0.26 0.45 0.58 0.69 | 0.055
GAN-restored (full ¢ | 66 0.43 0.37 0.56 0.64 0.71 | 0.038
coverage)
GAN-restored + 085 | 0.70 0.52 0.49 0.70 0.74 077 | 0.025
entropy gate

Table 3 summarises the classification performance under four conditions. Adding the standardised

noise to a previously clean test set substantially degrades every operating-point metric: AUC falls from
0.84 to 0.75, F1 from 0.71 to 0.65, the MCC at 80 % specificity drops from 0.50 to 0.26, and balanced
accuracy at the default decision threshold drops from 0.76 to 0.69. The drop is heterogeneous across
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operating points, and the largest single decrement is to the MCC at 80 % specificity, which is the metric
most sensitive to false positives in the AF class. This is the regime that matters for screening: a
population-wide screening tool must minimise false positives because they trigger anxiety, ECG referrals,
anticoagulation discussions and downstream cost.

GAN restoration partially closes this gap. AUC recovers to 0.80, F1 to 0.66, MCC at 80 % specificity
to 0.37, and balanced accuracy to 0.71. The recovery is uneven — AUC is recovered more than F1 —
which is consistent with the GAN restoring the rough shape of the signal more reliably than the fine peak
structure on which prevalence-weighted thresholding depends. Importantly, denoising is monotone in
noise level: when noise o is doubled to 0.2, AUC after restoration falls to 0.74, but the qualitative rank
ordering across conditions is preserved (data not shown in the table).

Adding the reliability gate produces the most consistent improvement. On the 75 % of segments
retained by the gate, AUC rises to 0.85, F1 to 0.70, the MCC at 80 % specificity to 0.49, and balanced
accuracy to 0.77. These values match or exceed the corresponding values on the original uncorrupted test
set; the gate has effectively transformed a noisy population into a clean one by deferring on the segments
where restoration cannot be trusted. The deferred 25 % is not lost — in a real screening application those
segments simply trigger a re-acquisition prompt, and the user is asked to hold still for the next 25 s

window.
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Figure 3. Per-class reliability diagrams. (a) Reference clean inputs (UCE = 0.051). (b) Noise-augmented inputs
(UCE = 0.055). (c¢) GAN-restored inputs (UCE = 0.025). The dashed grey line is the slope-0.5 reference for a
perfectly calibrated binary classifier. Per-class lines show the AF and non-AF subsets separately.

Calibration is examined directly in Figure 3, which plots, for each of three conditions, the mean
inaccuracy of the classifier as a function of the predictive entropy bin. The dashed reference line at slope
0.5 corresponds to perfect binary calibration under our parameterisation. The clean and noisy conditions
exhibit qualitatively similar calibration (UCE = 0.051 and 0.055 respectively). The GAN-restored
condition has UCE = 0.025, which is less than half that of either baseline. Calibration improvement is
concentrated in the higher-entropy bins, which is exactly where the gate operates; it is also more
pronounced on the non-AF class than on the AF class, which we attribute to the fact that the AF class is a
long-tailed minority and its reliability diagram is therefore sparsely populated near the lowest-entropy bin
(Christodoulou et al., 2019).

Per-class behaviour merits a closer look. In all three conditions, the lowest-entropy bin for AF
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examples is dominated by misclassifications: the classifier is most confident, and most wrong, on a small
fraction of AF segments whose morphology is so close to a regular rhythm that the classifier ignores the
irregularity cue. This is consistent with the failure mode reported by (Pereira et al., 2020), which showed
that variational training produces a similar bin-level pathology on the same dataset. The gate cannot fix
this — by construction it removes high-uncertainty examples, not low-uncertainty ones — but the per-
class UCE shows that the gate does not make the pathology worse.

Entropy correlation: restored vs noisy inputs
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Figure 4. Predictive entropy on GAN-restored inputs versus on noisy inputs, for matched segments. Each dot is one
test segment. Dashed line: identity. The moderate Pearson correlation (r = 0.68) and Spearman rank correlation (p =
0.59) indicate that the gate is responsive to GAN-induced changes in the signal, not solely to the underlying
measurement quality.

A natural concern is that the gate is in fact a glorified noise meter — that high entropy on the GAN
output is high entropy because the GAN was given an unrecoverable input, not because the GAN itself
produced a poor restoration. We address this concern in Figure 4 by comparing the predictive entropy of
the noisy version of each test segment with the predictive entropy of the GAN-restored version. A perfect
correlation would imply the gate is responding only to input quality; zero correlation would imply
restoration overwrites all input information. The Pearson correlation is 0.68 and the Spearman rank
correlation is 0.59, which places the gate firmly in the intermediate regime: the GAN is shifting the
entropy distribution non-trivially, and the gate reflects that shift. This is the desired behaviour for a
denoiser-aware reliability flag.

Figure 5 makes the practical implication explicit by plotting the misclassification rate of the gated
denoised pipeline as a function of retained coverage. Coverage 100 % corresponds to the un-gated
denoised baseline (~21 % misclassification); coverage 75 % corresponds to our headline operating point
(~14 %); coverage 50 % drives misclassification down to ~13 %. The diminishing-returns elbow around
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75 % coverage is the rationale for our choice of operating point. A wearable application can expose this
curve to the user as a tradeoff slider: more conservative gating gives higher reliability per delivered
prediction; more permissive gating gives more predictions per day, of slightly lower quality.

Risk-stratified gating: error vs coverage

35~
—e— Misclass. rate (gated denoised)
Noisy baseline (31 %)
N Ungated denoised (21 %)

Misclassification rate (%)

10 T T

20 40 60 80 100
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Figure 5. Risk-coverage curve for entropy-gated GAN-restored pipeline. Misclassification rate (solid black) is
plotted against the fraction of segments retained after gating. The dashed line marks the noisy-input baseline (no
restoration, no gate); the dotted line marks the un-gated denoised baseline.

Ablations confirm the necessity of both components. Removing the GAN and gating noise inputs
directly reduces misclassification only marginally, because the noisy inputs are already low-entropy in
many cases — the classifier is over-confident even when it is wrong, which is the standard failure mode of
cross-entropy-trained networks (Guo et al., 2017; Miiller et al., 2019). Removing the gate and using the
GAN alone gives the 21 % misclassification baseline. Both together give the 14 % rate, and the synergy is
statistically significant by a paired bootstrap test (p < 0.001, B =10 000 resamples).

Computational cost. The full pipeline runs at 213 segment per second on the A100 desktop and at 14
segment per second on the A14 mobile SoC, well within the requirements of any plausible smartwatch or
smartphone-tethered application. Memory footprint is dominated by the GAN generator at 51.2 MB FP32
(12.8 MB FP8 quantised). The gate adds no parameters beyond the classifier itself.

6. DISCUSSION AND DEPLOYMENT CONSIDERATIONS

Three deployment-level observations warrant emphasis. First, gating supports gradual rollout.
Because the gate is decoupled from the classifier and the classifier is decoupled from the GAN, every new
firmware update can incrementally improve any one of the three components without re-validating the
other two — a regulatory-engineering property that is unusual in deep learning systems and that lowers

the marginal cost of post-market improvement (Kelly et al., 2019; Topol, 2019; Yu et al., 2018; Rajkomar
etal., 2019; FDA, 2021).
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Second, the gate reframes the failure mode. A wearable AF screening device that issues a confident
wrong verdict creates iatrogenic harm: false positives lead to unnecessary anticoagulation discussions and
follow-up costs, while false negatives suppress the user's index of suspicion and may delay clinically
warranted care (Steinhubl et al., 2018; Lubitz et al., 2022; January et al., 2019; Hindricks et al., 2021). A
device that defers gracefully on a fraction of segments and otherwise reports high-quality predictions is
much better aligned with the screening use-case (Begoli et al., 2019; Kompa et al., 2021). The user-
experience design of the deferral message matters; we suggest a neutral framing — 'measurement quality
insufficient, please hold still' — rather than language that suggests an abnormal finding.

Third, the gate is privacy-compatible. Because the GAN, the classifier and the gate run entirely on the
device, the system needs to upload no PPG data to a server. This matters for several reasons: PPG carries
identifying biometric information (heart-rate variability is identity-revealing), regulatory regimes such as
the EU GDPR and the United States HIPAA constrain raw signal handoff, and federated-learning training
schemes are now mature enough that the GAN itself can be improved without centralising raw data
(McMahan et al., 2017; Kaissis et al., 2020; Lu, 2019; Lu & Xu, 2019). A fully on-device deployment
additionally removes a significant security surface (Xu et al., 2021; Lu, 2019).

Several limitations should be acknowledged. The noise model used here is additive Gaussian; real
wearable noise has an autocorrelated, motion-modulated, non-stationary structure that is qualitatively
different (Salehizadeh et al., 2014; Schick et al., 2017; Pollreisz & TaheriNejad, 2019; Bent et al., 2020).
We deliberately fix the simpler model in this paper to keep the calibration argument legible; the
framework as a whole is agnostic to the noise model, and on-device fine-tuning of the GAN against per-
user noise is an obvious avenue (Iwana & Uchida, 2021; Wen et al., 2021). Skin pigmentation effects and
demographic representativeness are not directly addressed, and a full clinical evaluation requires a
population that is broader than the DeepBeat cohort (Colvonen et al., 2020; Shcherbina et al., 2017; Bent
et al., 2020). Population transferability of UCE itself is the subject of ongoing work; preliminary evidence
on a non-overlapping subset (n = 4 712) suggests that retrained GAN weights are needed to recover full
performance, but the gate transfers without retraining (Christodoulou et al., 2019).

An important methodological caveat is that we use predictive entropy as the proxy for decision cost,
which is exact under misclassification loss but only approximate under richer cost functions such as a
clinically weighted F-score (Goldstein et al., 2017). For deployments where false positives and false
negatives carry asymmetric costs — as they do in AF screening — a future version of the gate should use
the cost-weighted Bayes risk rather than entropy. The framework supports this swap directly; the
calibration analysis would simply use a Brier score or a cost-sensitive expected calibration error in place
of UCE (Geifman & El-Yaniv, 2017; El-Yaniv & Wiener, 2010; Hendrycks & Gimpel, 2017).

Finally, we have not addressed adversarial robustness. PPG signals can in principle be adversarially
perturbed, but the threat model on a consumer wearable is qualitatively different from that on a server-side
image classifier; the attacker would have to be physically near the sensor (Madry et al., 2018; Goodfellow
et al., 2015). We leave this question to a separate analysis.
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7. CONCLUSION

We have described an end-to-end pipeline for atrial-fibrillation screening on consumer wearables that
combines a one-dimensional Pix2Pix denoiser with a built-in reliability gate. The denoiser substantially
recovers the classification performance lost to motion-induced corruption of the wrist-PPG signal, and the
gate further raises the trustworthiness of delivered predictions to a level that matches or exceeds
performance on uncorrupted inputs. Because the gate is grounded in a decision-theoretic notion of cost
and is validated externally through the Uncertainty Calibration Error, it does not require ground-truth
clean signals at deployment and is robust to the absence of a calibrated reconstruction-fidelity metric for
one-dimensional time series.

The framework is model-agnostic, lightweight, privacy-compatible and decoupled from the
underlying classifier; it can be integrated into existing wearable AF detection products without classifier
retraining and supports gradual, regulator-friendly post-market improvement of each component
independently. Future work will extend the gate to motion-conditioned non-Gaussian noise, to cost-
asymmetric decision rules, and to non-AF cardiac arrhythmias, and will validate calibration transfer across
demographic strata.
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