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1 Summary

In our previous reports, we described work done by the consortium on different machine learning approaches to
the problems of blood pressure prediction (regression) and detection of atrial fibrillation (binary classification)
using photoplethysmography (PPG) signals as input [1], which was followed by a systematic evaluation of
a wide range of uncertainty quantification methods for the same two problems [2]. The aim of this work
was to provide reliable uncertainties alongside machine learning predictions in order to provide guidance to
clinicians in their interpretation of the trustworthiness of the model predictions. In Task 1.3, a number of
distinct follow on activities are described making use of the benchmark datasets which were developed in
WP2 [3]. These activities are as follows:

• A1.3.1: Analyse the full set of models which take the raw PPG signals, PPG features or PPG signals
converted to images as inputs on all the benchmark datasets and summarise the results using the
evaluation framework.

• A1.3.2: Analyse the results from A1.3.1 for different demographic subgroups (e.g. biological sex) and
compare results with models trained on single sex data. Also, classify PPG signals by biological sex in
order to determine whether there is a discernable difference in PPG signals for males and females.

• A1.3.3: Consider the robustness of the models by adding noise to the PPG signals and by considering
performance on out-of-distribution datasets.

• A1.3.4: Investigate the dependence of machine learning results using PPG signals on various factors
such as number of samples, added noise or filterning of the signals.

• A1.3.5: Investigate the disentangling of aleatoric and epistemic uncertainty where this is possible.

• A1.3.6: Classify PPG signals by the six-class Fitzpatrick skin tone in order to determine whether or
not machine learning can distinguish between signals collected from subjects with different skin tones.

These six topics have all been investigated by the consortium and this report summarises the work done for
each activity.
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2 A1.3.1 – Results for all the benchmark datasets

LNE, NPL, Uni-Oldenburg and PTB will repeat the preliminary analyses carried out in A1.1.6 and A1.2.7
but this time for the full set of models from A1.1.2-A1.1.5 and for the final set of datasets provided by
A2.1.4. This analysis will cover all model types from A1.1.2-A1.1.5 in combination with all model-agnostic
UQ methods in addition to selected model-specific UQ methods from A1.2.1-A1.2.5. This will provide a first
comprehensive assessment of performance vs. uncertainty based on in-distribution data.

2.1 Benchmark datasets

Our experiments cover both regression and classification problems across three physiological datasets. For
regression, we consider blood pressure estimation and vascular age estimation on AuroraBP [4], as well as
respiratory rate estimation on MIMIC-PERform [5] and OSASUD [6]. For classification, we use AuroraBP to
predict blood pressure level as a three-class problem (elevated, non elevated, hypertensive). On OSASUD, we
address apnea event detection as a multi-label problem, distinguishing between obstructive apnea, hypopnea,
their combination, central apnea, mixed apnea, and an aggregated “all apneas” label. Table 1 displays a
summary of the benchmark datasets that were described in [3].

Table 1: Summary of the benchmark datasets used for the different regression and classification tasks.

Dataset Naming Downstream task ML task Additionnal Information

AuroraBP BP Blood pressure estimation
(systolic)

regression

AuroraBP BP Blood pressure estimation
(diastolic)

regression

AuroraBP VA Vascular age estimation regression

MIMIC-PERform RR Respiratory rate estimation regression

OSASUD RR Respiratory rate estimation regression

AuroraBP BPL Blood pressure level classification
(multi-class)

3 CLASSES:
• ELEVATED
• NON ELEVATED
• HYPERTENSIVE

OSASUD AED Apnea event detection classification
(multi-label)

6 LABELS:
• APNEA-OBSTRUCTIVE
• HYPOPNEA
• APNEA-OBSTRUCTIVE &
HYPOPNEA
• APNEA-CENTRAL
• APNEA-MIXED
• ALL APNEAS

2.2 Preprocessing

Across all datasets, we first filtered out any signal–target pairs where the target value was either 0 or
missing (NaN) to avoid training on invalid labels. The data processing steps for AuroraBP are detailed in
Section 3.2.2. On top of the proposed pre-processing stages, we additionally applied a simple threshold-based
screening step to discard suspected outliers. When needed, we standardised the data to improve numerical
stability and facilitate model training. Finally, each dataset was split into training (70 %), validation (10
%), calibration (10 %), and test (10 %) subsets, where the calibration set is needed for some methods to
calibrate the uncertainties. For the multi-label OSASUD dataset, folds were generated using subject-level
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stratification according to AHI-based apnea severity classes, with random shuffling within each stratum.

2.3 Models

To process the different datasets, we investigated three input representations: raw-signal, feature-based,
and image-based. For each representation, we used a single dedicated model, trained from scratch in all
experiments. The models tested against the benchmark datasets detailed in Table 1 are described below.

Feature-based model (Wavelet + Multi-Layer Perceptron (MLP)): PPG signals were decomposed
into time-frequency components using a Wavelet Packet Decomposition. Wavelet + MLP formed a pipeline
where the wavelet transform served as a sophisticated feature extractor, and the MLP functioned as the
predictive model utilising those features. The mother wavelet used for the decomposition was the Daubechies
“db6” of order 3 [7].

Image-based model (Scalogram + ResNet18): PPG signals were transformed using the continuous
wavelet transform (CWT) into time-frequency images (224×224 RGB images) derived from PPG signals
that captured localised signal variations. The CWT-based images were used as inputs for a ResNet18 model.

Raw-signal-based model (Temporal Convolutional Networks (TCNs)): PPG signals were directly
fed as inputs into the network that used dilated causal convolutions and residual connections to capture
long-range dependencies in sequential signals.

For ease of simplicity, when referring to the models in the coming sections, the following mapping is used:

• F : Feature-based model

• I : Image-based model

• R : Raw-signal-based model

The model head and training objective were adapted to the downstream task. For classification tasks,
the model output the logits and a binary cross-entropy loss with logits was used (this loss combines a
sigmoid layer and the binary cross-entropy loss); for regression tasks, we used a sigmoid output with a
quantile loss. Let D = (xi, yi)

n
i=1, and let the model output predicted quantiles q̂θ(τ |x) for quantile levels

τ . In our case, the model output 5 estimated quantiles (quantile loss with 5 quantiles during training), so
τ ∈ T := {τ1, τ2, τ3, τ4, τ5} = {0.0228, 0.1587, 0.5, 0.8413, 0.9772}. The quantile loss, denoted LQL, was the
averaged error over the all samples1 and over the pinball losses (one for each predicted quantile):

LQL(θ) =
1

card(T )n

n∑
i=1

∑
τ∈T

Lpinball(yi, q̂θ(τ | xi), τ) .

with

Lpinball(y, q̂, τ) :=

{
τ(y − q̂), (y − q̂) ≥ 0,

(τ − 1)(y − q̂), (y − q̂) < 0,

Because the benchmark required a large number of training runs, we limited the number of epochs per run.
The training parameters used as a default to generate the results were: epochs (500), batch size (512), opti-
miser (SGD), momentum (0.9), weight decay (0.0001), learning rate (0.001), scheduler (CosineAnnealingLR
(ηmin = 10−6, Tmax = epochs)).

2.4 Inference results

Tables 2 and 4 report the inference results for the benchmark datasets depicted in Table 1 for the regression
and classification tasks, where the best results are shaded. The reported performance metrics are the mean

1Samples from the validation set during the training phase of the post-hoc calibration technique and samples from the test
set to assess the performance at inference time
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Table 2: Inference results for all regression tasks. Reported regression metrics are the mean absolute error
(MAE) and the root mean square error (RMSE). For each task, the best model is highlighted using

this shading .

MAE / RMSE (test set)

Task Dataset #train #val #test F I R

BP AuroraBP (dbp) 18,542 2,672 2,400 11.42/17.70 11.17/14.65 11.17/14.67

BP AuroraBP (sbp) 18,542 2,672 2,400 16.95/28.11 16.50/22.26 17.35/23.76

VA AuroraBP 9,052 1,217 1,150 8.51/10.04 8.53/10.07 8.54/10.08

RR MIMIC-PERform 4,551 666 647 4.80/6.43 4.80/6.42 4.83/6.48

RR OSASUD 8,987 1,641 1,724 4.91/5.75 3.62/4.30 5.26/6.17

F: Features

I: Images

R: Raw data

Table 3: Bootstrap results for regression tasks (BP: blood pressure estimation; VA: vascular age estimation;
RR: respiratory rate estimation). For each configuration, the reported metric is the mean absolute error
(MAE) and 50,000 bootstrap replicates have been used to report the statistics σ and 95 % confidence
interval (CI).

MAE statistics (bootstrap over test points)

Task Dataset Input Scenario MAE (µ) MAE (σ) MAE (95 % CI)

BP AuroraBP F dbp 11.4188 0.2716 [10.9259, 11.9928]

- - I dbp 11.1651 0.1943 [10.7896, 11.5515]

- - R dbp 11.1683 0.1945 [10.7906, 11.5512]

BP AuroraBP F sbp 16.9473 0.4553 [16.1295, 17.9177]

- - I sbp 16.4990 0.3036 [15.9135, 17.0885]

- - R sbp 17.3491 0.3287 [16.7022, 17.9959]

VA AuroraBP F 8.5135 0.1555 [8.2067, 8.8130]

- - I 8.5334 0.1570 [8.2264, 8.8400]

- - R 8.5416 0.1595 [8.2279, 8.8542]

RR MIMIC-PERform F 4.7997 0.1670 [4.4743, 5.1310]

- - I 4.8003 0.1682 [4.4760, 5.1310]

- - R 4.8287 0.1705 [4.4966, 5.1660]

RR OSASUD F 4.9103 0.0716 [4.7677, 5.0493]

- - I 3.6200 0.0568 [3.5072, 3.7308]

- - R 5.2646 0.0788 [5.1108, 5.4185]

F: Features

I: Images

R: Raw data
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Table 4: Inference results for all classification tasks. The reported classification metrics are subset accuracy
(sub ACC), micro and macro F1 scores (micro F1, macro F1), Hamming loss (Hamming L) and average

precision (AP). For each task, the best model is highlighted using this shading .

CLASSIFICATION METRICS

Task Dataset Input #train #val #test sub ACC micro F1 macro F1 Hamming L AP

AED OSASUD F 8,987 1,641 1,724 0.82 0.82 0.65 0.18 0.35

- - I - - - 0.82 0.82 0.69 0.18 0.46

- - R - - - 0.81 0.81 0.61 0.19 0.32

BPL AuroraBP F 18,542 2,672 2,400 0.65 0.65 0.64 0.35 0.51

- - I - - - 0.67 0.67 0.66 0.33 0.55

- - R - - - 0.67 0.67 0.66 0.33 0.54

F: Features

I: Images

R: Raw data

absolute error (MAE) and the root mean square error (RMSE) for regression tasks whereas for classification
tasks, we rely on a set of commonly used metrics, namely: subset accuracy (sub ACC), micro and macro F1
scores (micro F1, macro F1), Hamming loss (Hamming L) and average precision (AP). Table 3 summarises
the bootstrap-over-test-points results for the regression tasks and reports MAE statistics, including the
bootstrap standard deviation σ and 95 % confidence intervals (CI), which quantify variability across resamples
and help assess whether the differences observed between models are statistically meaningful.

Analysis of inference results for regression tasks Overall, the image-based model I provided the

best test-set accuracy across most tasks, yielding the lowest or tied-lowest MAE/RMSE in four out of five

settings. For blood-pressure estimation, it improved over the feature-based model F on both diastolic BP

( I : 11.17/14.65; F :11.42/17.70) and systolic BP ( I : 16.50/22.26; F : 16.95/28.11), and it was essentially

tied with the raw-signal based model R for diastolic BP while still slightly better in RMSE. On respiration-
rate estimation, the image-based approach matched the best MAE on MIMIC-PERform with a value of 4.80
and marginally reduced RMSE ( I : 6.42; F : 6.43), while it delivered a substantial gain on OSASUD ( I :

3.62/4.30; F : 4.91/5.75; R : 5.26/6.17), indicating a clear advantage in this more challenging setting. The
only case where images did not lead was the vascular age regression task using AuroraBP dataset, where
the feature-based model was slightly better ( F : 8.51/10.04; I 8.53/10.07; R : 8.54/10.08), though the
differences were small, suggesting broadly similar performance across representations for this target.

Analysis of inference results for classification tasks Across classification tasks, the image-based model
I was the most consistent top performer, especially on the more imbalanced OSASUD AED setting. On

AED, the image representation yielded the best subset accuracy and micro-F1 ( I :0.819; F : 0.816; R :

0.805), while it also produced a markedly higher macro-F1 ( I : 0.692; F : 0.645; R : 0.614) and average

precision ( I : 0.457; F : 0.347; R : 0.324). In parallel, it achieved the lowest Hamming loss ( I : 0.181;

F : 0.184; R : 0.195), indicating fewer label-wise errors and better minority-class sensitivity—consistent

with the strong gains in macro-F1 and AP. On AuroraBP BPL, the three representations were closer: R

attained the best subset accuracy and micro-F1 by a negligible margin (0.66694 vs. 0.66681 for I ), whereas

I provided the highest macro-F1 (0.658) and AP (0.546) with essentially tied Hamming loss (≈0.333).

Overall, I tended to improve class-balanced and ranking-oriented metrics (macro-F1, AP) and reduced

label-wise mistakes (Hamming loss), while R remained competitive on strict exact-match accuracy in the
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easier/less skewed setting.

Analysis of bootstrap results Table 3 reports the bootstrapping over test points results for each of the
regression tasks that consisted in resampling indices with replacement and recomputing MAE. It was a robust
approach to estimating the population mean absolute error over the input distribution, in other words, to
assess the sampling variability due to a finite test set (only n test points). The bootstrap distribution of MAE
gave a confidence interval (CI). This reported standard deviation, denoted MAE (σ), refers to the variability
that should be observed if another test set was drawn from the same distribution by using the empirical error
distribution. Across most tasks (AuroraBP dbp/sbp, VA AuroraBP, RR MIMIC-PERform), the three input
modalities yielded very similar MAE estimates under bootstrap, with overlapping 95 % CI and small effect
sizes. The main exception was for respiratory rate estimation using the OSASUD dataset where I provided

a large and statistically clear reduction in MAE (non-overlapping CIs and a 26–31 % decrease in mean MAE

compared to F and R ).

Considering the bootstrapped mean absolute error (MAE) values, denoted MAE (µ) in the table, the relative
difficulty of the regression tasks can be inferred directly from the magnitude of the reported MAE. Overall,
blood pressure estimation using the AuroraBP dataset appeared to be the most challenging setting, especially
the systolic case with mean MAE values in the range [16.50, 17.35] across the three models ( F , I , R ) and

mean MAE values in the range [11.17, 11.42] for the diastolic case (substantially lower than sbp but still clearly
higher than the remaining tasks). In contrast, vascular age regression on AuroraBP exhibited intermediate
difficulty, with MAE tightly clustered in the range [8.51, 8.54], suggesting a more stable prediction problem
and limited sensitivity to the model choice. The lowest MAEs were observed for the respiratory rate tasks
even if on OSASUD the reported MAE values suggested an effect of the selected model with a wider range
( I : µ = 3.6200, F : µ = 4.9103, R : µ = 5.2646).

The results also allow us to assess the relative sampling variability using the coefficient of variation, CV,
where CV = 100 × σ

µ . Overall, the CV values were small, in the range [1.46 %, 3.53 %], indicating stable
estimates across bootstrap resamples.

• For BP on AuroraBP (dbp), relative variability was moderate and decreased when moving from F

(2.38 %) to I (1.74 %) and R (1.74 %).

• For BP on AuroraBP (sbp), F gsve the largest variability among the three modalities with a coefficient

of variation of 2.69 %, while I and R remain below 2 %.

• For VA on AuroraBP, the three models showed nearly identical relative variability, consistent with the
very similar mean MAEs observed for this task.

• The highest relative sampling variability was observed for RR on MIMIC-PERform, where all models
reported a CV close to 3.5 %, despite having low absolute MAE. This reflected a larger σ relative to the
small mean error level. Finally, RR on OSASUD showed the lowest relative variability overall across all
models (CV < 1.6 %), suggesting particularly stable MAE estimates under bootstrap for this dataset.

2.5 Posthoc calibration results

For regression tasks, we studied five post-hoc calibration methods: GP-β, GP-Normal, g-Layers, Isotonic
Regression (IR) and Variance Scaling (VS). For classification tasks, we investigated six post-hoc calibration
methods: Histogram Binning (HB), Bayesian Binning (BB), Logistic Calibration (LC), β-Calibration (β-C),
Isotonic Regression (IR) and Temperature Scaling (TS). Table 5 reports the investigated methods.

We evaluate regression performance using the Negative Log-Likelihood (NLL), since the calibration methods
are tuned on a validation set to improve NLL. For a Gaussian predictive distribution, pθ(y|x), with pθ(y|x) =
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Table 5: Summary of the post-hoc calibration methods considered, indicating their method type (scaling,
binning, Gaussian Process, hybrid or neural network) and the downstream tasks on which they were
evaluated.

Methods Type ML task

Temperature Scaling (TS) [8] scaling classification

Variance Scaling (VS) [9] scaling regression

Logistic Calibration ”Platt Scaling” (LC) [10] scaling classification

Beta Calibration (β-C) [11] scaling classification

Isotonic Regression (IR) [12] binning regression & classification

Histogram Binning (HB) [13] binning classification

Bayesian Binning (BB) [14] binning classification

Gaussian Process (GP-Normal) [15] GP regression & classification

g-Layers [16] neural network (MLP) regression

Beta calibration + GP (GP-β-C) [17] hybrid (scaling + GP) regression & classification

N (y;µθ(x), σ
2
θ(x))), the NLL is defined as:

NLL(θ) =
1

2n

n∑
i=1

[
log

(
2πσ2

θ(xi)
)
+

(yi − µθ(xi))
2

σ2
θ(xi)

]
.

For classification tasks, we report the Expected Calibration Error (ECE) as the primary calibration met-
ric. Tables 6 and 7 summarise the post-hoc calibration results for the regression and classification tasks,
respectively.

Analysis of post-hoc calibration results for regression tasks Table 6 summarises the post-hoc cal-
ibration results for regression tasks using the Negative Log-Likelihood (NLL), where lower values indicate
better-calibrated predictive distributions.

• On AuroraBP for the blood pressure estimation task, the best NLL (diastolic case) was obtained by

g-Layers for F and R (↓ 2.74 % and ↓ 0.98 %, respectively), while IR performed best for I (↓2.39 %).

• For the systolic case on AuroraBP, GP-β-C was consistently better across F , I , and R , yielding

NLL reductions of 1.16 %, 1.70 %, and 2.61 %, respectively.

• For the vascular age estimation task (VA) on AuroraBP, g-Layers achieved the lowest NLL, improving

NLL by 3.11 % ( F ), 1.36 % ( I ), and 2.15 % ( R ).

• For respiratory rate (RR) estimation on MIMIC-PERform, GP-β-C provided the lowest NLL, with
modest gains of 1.32 % to 1.60 %. The largest improvements were observed for RR estimation on
OSASUD, where g-Layers substantially outperformed the uncalibrated model, reducing NLL by 30.71
% ( F ), 22.79 % ( I ), and 29.59 % ( R ). In contrast, GP-Normal and Variance Scaling (VS) were
generally non-competitive and NLL markedly degraded on OSASUD.

Overall, the best-performing technique varied across tasks, but it consistently improved upon the uncalibrated
baseline in nearly all settings.
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Table 6: Posthoc-calibration results for all datasets (regression tasks). Reported post-hoc calibration
techniques are: GP-β, GP-Normal, g-Layers, Isotonic Regression (IR) and Variance Scaling (VS). Reported
performance metric is the Negative Log-Likelihood (NLL), indeed the post-hoc calibration techniques aim
to optimise the NLL using the calibration set. The lowest NLL value for each setting is highlighted using
this shading .

CALIBRATION TECHNIQUES

Task Dataset Scenario Inputs Metric GP-β-C GP-Normal g-Layers IR VS Uncalibrated

BP AuroraBP dbp F NLL 4.1106 4.1243 4.0003 4.2671 4.1245 4.1132

- - - I NLL 4.1080 4.1172 4.1338 4.0187 4.1163 4.1172

- - - R NLL 4.0986 4.1154 4.0649 4.2518 4.1146 4.1050

BP AuroraBP sbp F NLL 4.4823 4.5379 4.5687 4.5479 4.5383 4.5348

- - - I NLL 4.4746 4.5280 4.5952 4.6064 4.5282 4.5518

- - - R NLL 4.4709 4.5935 4.4999 4.6472 4.5936 4.5905

VA AuroraBP - F NLL 3.7448 3.7318 3.6245 4.1610 3.7333 3.7409

- - - I NLL 3.7424 3.7338 3.6854 4.3892 3.7351 3.7364

- - - R NLL 3.7429 3.7345 3.6639 4.3363 3.7348 3.7444

RR MIMIC-PERform - F NLL 3.2316 3.2812 3.3221 3.5841 3.2812 3.2748

- - - I NLL 3.2355 3.2834 3.3752 3.5847 3.2832 3.2869

- - - R NLL 3.2363 3.2946 3.3700 3.3947 3.2949 3.2889

RR OSASUD - F NLL 4.1693 5.6111 2.3401 4.4602 5.6825 3.3774

- - - I NLL 3.9495 3.2492 2.3046 4.1034 3.2566 2.9847

- - - R NLL 3.9015 5.3040 2.9840 4.1287 5.3361 4.2378

F: Features

I: Images

R: Raw data

Table 7: Posthoc-calibration results for all datasets (classification tasks). Reported post-hoc calibration
techniques are: Histogram Binning (HB), Bayesian Binning (BB), Logistic Calibration (LC), β-Calibration
(β-C), Isotonic Regression (IR) and Temperature Scaling (TS). Reported performance metric is the
Expected Calibration Error (ECE). The lowest ECE value for each setting is highlighted using

this shading .

CALIBRATION TECHNIQUES

Task Dataset Scenario Inputs Metric Uncalibrated TS IR HB BB LC β-C

BPL AuroraBP - F ECE 0.2949 0.0796 0.0503 0.0504 0.0497 0.0796 0.2365

- - - I ECE 0.3123 0.0479 0.0502 0.0510 0.0474 0.0479 0.2601

- - - R ECE 0.1253 0.1313 0.0587 0.0518 0.0499 0.1313 0.0796

AED OSASUD - F ECE 0.3560 0.4829 0.0648 0.0643 0.0416 0.4829 0.5743

- - - I ECE 0.4877 0.5064 0.0286 0.1112 0.1211 0.5064 0.6678

- - - R ECE 0.3357 0.5053 0.0210 0.0433 0.0259 0.5053 0.5966

F: Features

I: Images

R: Raw data
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Analysis of post-hoc calibration results for classification tasks Table 7 shows that across both
datasets and all three input settings ( F , I , R ), post-hoc calibration yielded substantial improvements in

calibration quality, as measured by the Expected Calibration Error (ECE).

• For blood pressure level classification (BPL) on AuroraBP, the best-performing method in each setting

was Bayesian Binning (BB), reducing ECE from 0.2949 to 0.0497 for F (↓ 83.15 %), from 0.3123 to

0.0474 for I (↓ 84.83 %), and from 0.1253 to 0.0499 for R (↓ 60.17 %).

• For the apnea event detection task (AED) on OSASUD, the strongest improvements were obtained with

BB for F and Isotonic Regression (IR) for I and R : ECE decreased from 0.3560 to 0.0416 for F

(↓ 88.31 %), from 0.4877 to 0.0286 for I (↓ 94.14 %), and from 0.3357 to 0.0210 for R (↓ 93.74 %).

Overall, these results indicated that BB and IR consistently provided large reductions in ECE (approximately
60 %–94 %), whereas Temperature Scaling and Logistic Calibration did not improve ECE in these experiments
and frequently degraded calibration, particularly on OSASUD.

2.6 Evaluation of uncertainties

In this section, we present the results of running the uncertainty evaluation framework over different models,
datasets, UQ approaches, and calibration methods. This is considered across eight tasks: the five regression
and the two classification tasks, detailed in Table 1, and the sex classification task described in Section 3.2.
These were evaluated across the post-hoc calibration methods mentioned in Table 5 as well as conformal
predictions. In the case of sex classification, probabilities from uncalibrated Monte Carlo Dropout (MCD)
are evaluated.

Tables 8 and 9 present results for regression calibration and conformal prediction methods, respectively.
Similarly, Tables 10 and 11 show results for classification calibration and conformal predictions, respectively.
Aside from UQ evaluation metrics, performance metrics are also provided in each table, so that informative
comparisons can be drawn for the various calibration techniques. All of the metrics have been calculated on
holdout test sets. Finally, in each column of the tables, the best values are highlighted for each task.

2.6.1 UQ evaluation in regression tasks

For regression, the following metrics were calculated:

• ENCE: Expected Normalised Calibration Error;

• CRPS: Continuous Ranked Probability Score;

• PICP: Prediction Interval Coverage Probability for a specified confidence interval;

• MPIW: Mean Predicted Interval Width for a specified confidence interval (conformal only);

• CCE: Coverage Calibration Error;

• NLL: Gaussian Negative Log Likelihood;

• MAE: Mean Absolute Error;

• RMSE: Root Mean Squared Error.

For the conformal method, where predictions are provided as intervals, appropriate conversions were applied
to produce equivalent means and standard deviations to be used with metrics that do not directly operate
on intervals.
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Post-hoc calibration was performed based on NLL. Results in Table 8 show similar test set NLL values to
those in the calibration set (Table 6), except for OSASUD respiratory rate regression, which demonstrates a
slight increase on the test set. This indicates the generalisability of the performance/calibration according
to NLL for in-distribution data.

AuroraBP blood pressure regression (DBP and SBP) Image-based models have the lowest MAE
and CRPS for both DBP and SBP, while raw inputs provide the most optimal PICP 2σ, ENCE, and NLL.
Image-based inputs provide optimal accuracy and scoring, while raw inputs provide optimal calibration and
MAE. The intended use-case of the model determines which of these inputs are most suitable.

AuroraBP vascular age regression Contrary to the blood pressure regression on the same dataset,
models that are trained on features presented the best CRPS, NLL, MAE and RMSE, while raw inputs had
the best ENCE and PICP 1σ.

If we consider the conformal predictions, raw data appeared to produce prediction intervals that have the
best metrics.

MIMIC-PERform respiratory rate regression Here, feature-based models provided the best MAE
and RMSE, and CRPS and NLL. Image-based approaches had the best ENCE. Again, the optimal input
depends on requirements of operational use of the model. However, conformal predictions presented few
consistent trends across the input types.

OSASUD respiratory rate regression Based on both calibration and conformal results, it is very clear
that with OSASUD data, image inputs outperformed others with GP-Normal as the best calibration method.

Results summary

Overall, when our results are compared to Table 2, it is evident that in both calibration and test sets,
image-based models tended to have the lowest MAE and RMSE as well as better calibration, except for
AuroraBP vascular age regression, which favoured features and raw data. For calibration quality, Table 6
suggests g-Layers and GP-β as the best methods as measured by NLL over the calibration set. We could
not arrive at the same conclusion based on our results on the test set, even if we only considered NLL.
The optimal inputs and UQ method depend on the requirements for operational use post deployment; these
results provide some guidance as to which inputs and UQ methods produce given variations in predictive
performance and calibration. If calibration error and nominal coverage are desired, raw inputs are strongest
on BP and vascular age. If you lean on proper scoring rules (CRPS/NLL), image-based inputs are often more
preferable.

2.6.2 UQ evaluation in classification tasks

For classification, the following metrics were calculated:

• ECE: Expected Calibration Error;

• ACE: Adaptive Calibration Error;

• smECE: smooth Expected Calibration Error;

• UCE: Uncertainty Calibration Error;

• VCE: Variation Calibration Error;

• NLL: Negative Log Likelihood;
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• Coverage: prediction set coverage;

• AUC: Area Under the ROC Curve;

• F1 score;

• MCC sensitivity: Matthews Correlation Coefficient between targets and predictions, when predicted
probability binarisation threshold is set to a value that results in a sensitivity closest to 0.8;

• MCC specificity: Matthews Correlation Coefficient between targets and predictions, when predicted
probability binarisation threshold is set to a value that results in a specificity closest to 0.8;

• Sensitivity;

• Specificity.

For the conformal method, where predictions were provided as intervals, appropriate conversions were applied
to produce equivalent probabilities to be used with metrics that do not directly operate on intervals.

While the AuroraBP blood pressure and OSASUD apnea multi-label classifications are multi-class tasks, here
a one-vs-all approach was adopted and the problems were deemed as binary classification for each class. This
is partly for compatibility with calibration methods such as Venn–Abers that are inherently binary.

We used the ECE as the main calibration quality metric. By comparing Tables 7 and 10, we noted that
ECE values were different across the calibration and test sets. This discrepancy mainly arises from the fact
that the UQ evaluation framework was run with the one-vs-all approach and binary classification, rather
than multi-class, as opposed to distributional mismatch between the two datasets. That said, both tables
still show similar relative values and trends in ECE across the different methods/inputs.

AuroraBP blood pressure classification Feature- and image-based models appeared to be better and
comparable to calibrated classes on the test set, with comparable predictive performance. Conformal predic-
tion favoured feature-based models in both categories. Conformal results (prediction intervals) were converted
to probabilities before binary accuracy metrics were calculated. For both AuroraBP blood pressure classifi-
cation and OSASUD apnea multi-label classification, this assigned virtually all data to class 0, resulting in
unreliable accuracy metrics. For this reason, we ignored the accuracy metrics for these two tasks. This also
suggests that the calibration metrics considered encode 100% inaccuracy for the positive class, which is not
apparent from the global metrics used here. This motivates the adaptive-per class evaluation of calibration.
Here, feature-based models produced the best calibration, while image-features gave the best AUC.

OSASUD apnea multi-label classification Feature- and image-based results showed better calibration,
while the image-based models produced higher accuracy metrics. On the contrary, conformal predictions
resulted in better calibration metrics for raw data.

Sex classification Since MCD results were not calibrated, there is no point of reference for comparison.
However, results seemed to be generally in the lower ranges of calibration and performance errors, compared
to other tasks studied in this section.

Overall when considered along with Table 4, our results indicated better performance and calibration for
image-based models. However, we also observe similarly good results with feature-based models. Like regres-
sion, no specific conclusions can be drawn as to what calibration method performs best. As for regression,
the optimal input type and UQ method depends on what is required in operational settings, as there is
considerable variation in uncertainty reliability and predictive performance across these variables.
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Table 8: UQ evaluation for regression calibration methods. The best metric values are highlighted per task.

Task Input Method ENCE CRPS PICP 1σ PICP 2σ CCE NLL MAE RMSE

AuroraBP
blood pressure
regression
(DBP)

Feature

g-Layers 0.2427 8.2537 0.6676 0.9311 0.0008 4.1326 11.4164 17.6303
GP-β 0.2158 8.2494 0.6867 0.9349 0.0009 4.1235 11.4154 17.6378
GP-Normal 0.2109 8.2470 0.6705 0.9378 0.0006 4.1235 11.4174 17.6225
IR 0.2047 8.2488 0.6871 0.9365 0.0010 4.1223 11.4156 17.6372
VS 0.2116 8.2470 0.6705 0.9378 0.0006 4.1237 11.4174 17.6225

Image

g-Layers 0.0910 8.1282 0.7697 0.9622 0.0173 4.1178 11.2407 14.7691
GP-β 0.1227 8.0386 0.6739 0.9349 0.0009 4.1176 11.1619 14.6573
GP-Normal 0.1210 8.0412 0.6768 0.9353 0.0018 4.1173 11.1623 14.6570
IR 0.1153 8.0371 0.6776 0.9361 0.0008 4.1149 11.1621 14.6575
VS 0.1176 8.0407 0.6813 0.9357 0.0018 4.1165 11.1623 14.6570

Raw data

g-Layers 0.0539 8.0753 0.7402 0.9531 0.0072 4.1088 11.2107 14.7147
GP-β 0.1170 8.0508 0.6846 0.9349 0.0019 4.1175 11.1793 14.6717
GP-Normal 0.1057 8.0483 0.6834 0.9357 0.0006 4.1179 11.1933 14.6907
IR 0.1036 8.0478 0.6859 0.9357 0.0009 4.1162 11.1814 14.6720
VS 0.1023 8.0480 0.6842 0.9357 0.0007 4.1171 11.1933 14.6907

AuroraBP
blood pressure
regression
(SBP)

Feature

g-Layers 0.3000 13.3879 0.8710 0.9772 0.0984 4.6433 17.3114 28.1863
GP-β 0.1845 12.4375 0.7091 0.9382 0.0044 4.5343 16.9503 27.9131
GP-Normal 0.1798 12.4396 0.7108 0.9390 0.0032 4.5360 16.9262 27.8908
IR 0.1813 12.4389 0.7083 0.9398 0.0044 4.5335 16.9577 27.9192
VS 0.1815 12.4391 0.7100 0.9382 0.0031 4.5364 16.9262 27.8908

Image

g-Layers 0.2899 13.3432 0.8805 0.9793 0.1257 4.6672 17.1057 23.4553
GP-β 0.0892 12.0735 0.7075 0.9386 0.0041 4.5254 16.5422 22.2200
GP-Normal 0.1097 12.0748 0.7054 0.9386 0.0029 4.5286 16.5068 22.2738
IR 0.1013 12.0729 0.7066 0.9390 0.0043 4.5256 16.5350 22.2267
VS 0.1104 12.0745 0.7050 0.9382 0.0028 4.5288 16.5068 22.2738

Raw data

g-Layers 0.1906 12.8343 0.8373 0.9676 0.0852 4.6012 16.9367 23.2171
GP-β 0.0706 12.0977 0.7083 0.9382 0.0045 4.5258 16.5886 22.2644
GP-Normal 0.0937 12.7637 0.7216 0.9311 0.1017 4.5935 17.3491 23.7629
IR 0.0831 12.0959 0.7075 0.9390 0.0044 4.5261 16.5768 22.2728
VS 0.0941 12.7636 0.7216 0.9311 0.1019 4.5936 17.3491 23.7629

AuroraBP
vascular age
regression

Feature

g-Layers 0.1685 5.8049 0.7496 0.9870 0.0261 3.7580 8.5265 10.0688
GP-β 0.0792 5.8781 0.5496 0.9696 0.0716 3.7344 8.6569 10.0685
GP-Normal 0.0848 5.8043 0.6261 0.9704 0.0319 3.7323 8.5292 10.0431
IR 0.0960 5.8795 0.5409 0.9696 0.0716 3.7366 8.6384 10.0586
VS 0.0918 5.8081 0.6148 0.9530 0.0325 3.7339 8.5292 10.0431

Image

g-Layers 0.1581 5.8232 0.7374 0.9861 0.0260 3.7603 8.5288 10.1256
GP-β 0.0806 5.8803 0.5487 0.9696 0.0742 3.7350 8.6556 10.0712
GP-Normal 0.1000 5.8091 0.6809 0.9643 0.0338 3.7344 8.5319 10.0715
IR 0.0936 5.8830 0.5391 0.9696 0.0737 3.7369 8.6447 10.0655
VS 0.1054 5.8122 0.6765 0.9574 0.0367 3.7357 8.5319 10.0715

Raw data

g-Layers 0.2870 6.1243 0.7974 1.0000 0.0980 3.8594 8.5825 10.4696
GP-β 0.0772 5.8784 0.5539 0.9696 0.0718 3.7346 8.6495 10.0735
GP-Normal 0.0756 5.8102 0.6817 0.9565 0.0300 3.7351 8.5288 10.0794
IR 0.0901 5.8839 0.5522 0.9696 0.0716 3.7367 8.6463 10.0718
VS 0.0779 5.8111 0.6817 0.9557 0.0303 3.7355 8.5288 10.0794

MIMIC-PERform
respiratory rate
regression

Feature

g-Layers 0.1818 3.6900 0.7697 0.9691 0.1003 3.3433 5.0148 6.7286
GP-β 0.1438 3.5446 0.7635 0.9675 0.0472 3.2775 4.9723 6.4014
GP-Normal 0.1430 3.5092 0.7991 0.9675 0.0171 3.2825 4.7954 6.4177
IR 0.1197 3.5330 0.7558 0.9660 0.0411 3.2740 4.9544 6.3929
VS 0.1429 3.5091 0.7991 0.9675 0.0171 3.2824 4.7954 6.4177

Image

g-Layers 0.1610 3.7721 0.7759 0.9660 0.1278 3.3636 5.1614 6.8886
GP-β 0.0933 3.5503 0.7465 0.9675 0.0455 3.2798 4.9857 6.4091
GP-Normal 0.1585 3.5119 0.7991 0.9660 0.0171 3.2840 4.8042 6.4172
IR 0.1447 3.5394 0.7419 0.9660 0.0413 3.2769 4.9670 6.3999
VS 0.1587 3.5114 0.7991 0.9660 0.0171 3.2838 4.8042 6.4172

Raw data

g-Layers 0.1859 3.6965 0.8377 0.9722 0.0956 3.3523 4.9757 6.6800
GP-β 0.0992 3.5555 0.7481 0.9675 0.0490 3.2803 4.9963 6.4134
GP-Normal 0.1289 3.5348 0.7713 0.9675 0.0242 3.2919 4.8274 6.4668
IR 0.0997 3.5433 0.7372 0.9675 0.0439 3.2770 4.9743 6.4027
VS 0.1297 3.5356 0.7759 0.9675 0.0245 3.2922 4.8274 6.4668

OSASUD
respiratory rate
regression

Feature

g-Layers 1.9206 4.0907 0.2235 0.4061 1.5352 5.9199 4.9806 5.8182
GP-β 1.8671 3.7385 0.2551 0.4316 1.2406 5.7268 4.5473 5.4141
GP-Normal 1.8086 4.0063 0.2420 0.4245 1.4807 5.6111 4.9103 5.7478
IR 1.8267 4.0189 0.2366 0.4180 1.4950 5.6689 4.9186 5.7562
VS 1.8345 4.0136 0.2366 0.4168 1.4895 5.6825 4.9103 5.7478

Image

g-Layers 1.2902 3.6543 0.3288 0.5054 1.0939 4.4362 4.6152 5.5111
GP-β 1.6204 3.6057 0.3002 0.4673 1.0559 5.0817 4.4454 5.3274
GP-Normal 0.6522 2.6727 0.3995 0.6736 0.4207 3.2492 3.6200 4.3053
IR 1.6296 3.6213 0.2967 0.4679 1.0660 5.1071 4.4620 5.3457
VS 0.6592 2.6748 0.3989 0.6700 0.4208 3.2566 3.6200 4.3053

Raw data

g-Layers 1.7685 3.7011 0.2800 0.4530 1.1193 5.4744 4.5177 5.4093
GP-β 1.6124 3.5802 0.3115 0.4721 1.0396 5.0440 4.4165 5.2977
GP-Normal 1.6433 4.2545 0.2562 0.4554 1.5006 5.3040 5.2646 6.1738
IR 1.6079 3.6199 0.3056 0.4685 1.0626 5.0859 4.4616 5.3478
VS 1.6572 4.2584 0.2539 0.4530 1.5033 5.3361 5.2646 6.1738
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Table 9: UQ evaluation for regression conformal predictions. The best metric values are highlighted for

each task (except for MPIW, which depends on PICP).

Task Input Confidence ENCE CRPS PICP MPIW CCE NLL MAE RMSE

AuroraBP
blood pressure
regression
(DBP)

Feature
0.6826 0.2226 8.2676 0.6697 26.2307 0.0020 4.1279 11.4200 17.8346

0.9544 0.1798 8.3513 0.9369 54.8907 0.0269 4.1264 11.5334 17.7999

Image
0.6826 0.1297 8.0388 0.6672 25.8874 0.0015 4.1205 11.1625 14.6528

0.9544 0.0899 8.0457 0.9423 54.6626 0.0041 4.1088 11.1728 14.6595

Raw data
0.6826 0.7948 557.1321 0.6888 798.7826 0.6710 7.3437 679.9094 6801.5005

0.9544 0.8186 587.9203 0.9656 2296.3887 0.5287 7.5111 710.3525 7089.8480

AuroraBP
blood pressure
regression
(SBP)

Feature
0.6826 0.2240 12.5015 0.6851 40.6467 0.0109 4.5387 17.1213 28.3945

0.9544 0.2378 13.2397 0.9324 82.7076 0.1371 4.5771 18.5272 29.5390

Image
0.6826 0.1019 12.0957 0.6867 40.7313 0.0106 4.5257 16.6410 22.1781

0.9544 0.1191 12.5190 0.9336 80.4524 0.0859 4.5496 17.5103 22.5666

Raw data
0.6826 0.1562 12.5156 0.6871 40.2027 0.0636 4.5918 17.0069 23.3114

0.9544 0.1151 12.1483 0.9344 80.0384 0.0182 4.5314 16.7554 22.2388

AuroraBP
vascular age
regression

Feature
0.6826 0.0561 5.8497 0.5513 19.0772 0.0580 3.7292 8.6133 10.0472

0.9544 0.2702 6.3063 0.9348 33.0179 0.2225 3.8388 9.1672 10.4993

Image
0.6826 0.0839 5.8737 0.5530 18.6303 0.0723 3.7338 8.6468 10.0618

0.9544 0.1647 6.0735 0.9696 35.1870 0.1403 3.7737 8.9330 10.2637

Raw data
0.6826 0.0812 5.8287 0.6009 19.4597 0.0473 3.7259 8.6120 10.0393

0.9544 0.2649 6.3075 0.9348 33.1203 0.2216 3.8372 9.1737 10.5094

MIMIC-PERform
respiratory rate
regression

Feature
0.6826 0.1673 3.4939 0.7728 12.9883 0.0156 3.2652 4.8446 6.3605

0.9544 0.1328 3.8951 0.9351 25.1714 0.2200 3.3530 5.5942 6.8863

Image
0.6826 0.1144 3.4948 0.7805 12.9469 0.0173 3.2694 4.8458 6.3623

0.9544 0.1258 3.8012 0.9490 25.4803 0.1754 3.3332 5.4543 6.7598

Raw data
0.6826 0.1272 3.4942 0.7666 12.9364 0.0098 3.2724 4.8257 6.3764

0.9544 0.1968 4.0047 0.9289 24.6817 0.2877 3.3899 5.7160 7.0437

OSASUD
respiratory rate
regression

Feature
0.6826 2.0156 3.8553 0.2325 3.6160 1.3887 6.1060 4.6668 5.5019

0.9544 0.9768 2.8612 0.5773 8.8466 0.6993 3.6970 3.7460 4.4726

Image
0.6826 0.3955 2.5229 0.4465 5.9895 0.3393 2.9960 3.5346 4.1858

0.9544 0.2748 2.2320 0.9376 11.7694 0.1202 2.8140 3.2596 3.7570

Raw data
0.6826 2.3752 4.3299 0.2188 3.5609 1.5617 7.2767 5.1432 6.0543

0.9544 1.2877 3.0933 0.5190 8.1401 0.6762 4.2910 3.9143 4.6960
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Table 10: UQ evaluation for classification calibration methods. The best metric values are highlighted for each task.

Task Input Method ECE ACE smECE UCE VCE NLL Cover.
95

Cover.
68

AUC F1
score

MCC
sens.

MCC
spec.

Sens. Spec.

AuroraBP
blood pressure
classification

Feature

BB 0.0331 0.0445 0.0331 0.1653 0.0449 0.7744 1.0000 0.8786 0.7478 0.6358 0.2945 0.4533 0.6396 0.5033

β-C 0.1536 0.1542 0.1494 0.1079 0.3864 1.2975 0.9104 0.7789 0.6994 0.5334 0.2493 0.3071 0.4983 0.4554

HB 0.0330 0.0344 0.0314 0.1617 0.0464 0.7741 1.0000 0.8778 0.7448 0.6337 0.2997 0.4429 0.6471 0.5125

IR 0.0357 0.0351 0.0327 0.1626 0.0522 0.7846 0.9997 0.8796 0.7544 0.6355 0.3359 0.4422 0.6446 0.5446

LC 0.0445 0.0584 0.0397 0.0833 0.1022 0.8844 0.9824 0.8890 0.7079 0.4479 0.2777 0.2777 0.4671 0.4875

TS 0.0445 0.0584 0.0397 0.0833 0.1022 0.8844 0.9824 0.8890 0.7079 0.4479 0.2777 0.2777 0.4671 0.4875

Image

BB 0.0318 0.0345 0.0316 0.1635 0.0475 0.7711 1.0000 0.8786 0.7536 0.6358 0.3200 0.4443 0.6450 0.5271

β-C 0.1742 0.1744 0.1743 0.1203 0.4783 1.3479 0.8782 0.7775 0.7380 0.5956 0.2900 0.3944 0.5938 0.5015

HB 0.0347 0.0329 0.0307 0.1604 0.0466 0.7892 0.9996 0.8799 0.7527 0.6326 0.3133 0.4460 0.6508 0.5279

IR 0.0340 0.0339 0.0327 0.1603 0.0465 0.7895 0.9996 0.8783 0.7544 0.6347 0.3235 0.4439 0.6488 0.5371

LC 0.0769 0.0847 0.0700 0.1093 0.1757 0.9028 0.9644 0.8857 0.7418 0.5906 0.3080 0.3932 0.5925 0.5219

TS 0.0769 0.0847 0.0700 0.1093 0.1757 0.9028 0.9644 0.8857 0.7418 0.5906 0.3080 0.3932 0.5925 0.5219

Raw data

BB 0.0333 0.0398 0.0333 0.1655 0.0450 0.7757 1.0000 0.8786 0.7408 0.6358 0.2782 0.4488 0.6529 0.4848

β-C 0.0533 0.0649 0.0464 0.1033 0.1173 0.8552 0.9864 0.8490 0.7323 0.5707 0.2922 0.4097 0.6108 0.5040

HB 0.0369 0.0354 0.0332 0.1631 0.0503 0.7825 0.9999 0.8774 0.7403 0.6347 0.2872 0.4425 0.6475 0.4983

IR 0.0366 0.0363 0.0334 0.1638 0.0475 0.7761 1.0000 0.8769 0.7406 0.6355 0.3056 0.4480 0.6500 0.5192

LC 0.0588 0.0778 0.0464 0.1261 0.0717 0.8295 0.9986 0.9169 0.7303 0.3353 0.3023 0.3876 0.5863 0.5154

TS 0.0588 0.0778 0.0464 0.1261 0.0717 0.8295 0.9986 0.9169 0.7303 0.3353 0.3023 0.3876 0.5863 0.5154

OSASUD apnea
multi-label
classification

Feature

BB 0.2317 0.2222 0.2054 0.0677 0.1373 5.4068 0.8901 0.7007 0.3838 0.0926 -0.2455 -0.0594 0.1244 0.2822

β-C 0.0879 0.1186 0.0837 0.0751 0.2806 0.9813 0.9417 0.8648 0.6258 0.2336 0.0970 0.1640 0.3868 0.3200

HB 0.2206 0.2224 0.2099 0.0695 0.4934 5.4636 0.8901 0.7166 0.3842 0.0926 -0.2280 -0.0488 0.1445 0.3067

IR 0.2197 0.2245 0.2331 0.0624 0.0932 5.6989 0.8901 0.7007 0.4573 0.0926 -0.0675 -0.0511 0.1445 0.5492

LC 0.0751 0.1057 0.0681 0.0708 0.2179 0.8339 0.9570 0.8700 0.6418 0.1012 0.1351 0.1152 0.3294 0.3734

TS 0.0751 0.1057 0.0681 0.0708 0.2179 0.8339 0.9570 0.8700 0.6418 0.1012 0.1351 0.1152 0.3294 0.3734

Image

BB 0.2412 0.2222 0.2045 0.0671 0.1344 5.4036 0.8901 0.7007 0.3897 0.0926 -0.2455 0.0115 0.2103 0.2822

β-C 0.1208 0.1384 0.1193 0.0766 0.3823 1.2875 0.9206 0.8380 0.6225 0.2834 0.0442 0.1988 0.4289 0.2509

HB 0.2169 0.2231 0.1994 0.0642 0.4876 5.4023 0.8901 0.7255 0.3898 0.0951 -0.2349 -0.0110 0.1878 0.2941

IR 0.2196 0.2227 0.2226 0.0652 0.1139 5.5508 0.8874 0.7007 0.4309 0.0926 -0.1250 -0.0734 0.1102 0.4460

LC 0.0866 0.1075 0.0866 0.0480 0.2359 0.8449 0.9555 0.8757 0.6669 0.1131 0.1657 0.2192 0.4538 0.4175

TS 0.0866 0.1075 0.0866 0.0480 0.2359 0.8449 0.9555 0.8757 0.6669 0.1131 0.1657 0.2192 0.4538 0.4175

Raw data

BB 0.2296 0.2228 0.2058 0.0679 0.1386 5.4079 0.8901 0.7007 0.3837 0.0926 -0.2455 -0.0705 0.1132 0.2822

β-C 0.1090 0.1349 0.1069 0.0756 0.3131 1.0423 0.9417 0.8336 0.6259 0.1963 0.1327 0.1244 0.3400 0.3700

HB 0.2215 0.2227 0.2111 0.0706 0.4952 5.4325 0.8901 0.7073 0.3791 0.0926 -0.2400 -0.0622 0.1286 0.2890

IR 0.2219 0.2252 0.2463 0.0604 0.0731 5.9049 0.8901 0.7025 0.4748 0.0926 -0.0253 -0.0641 0.1321 0.6367

LC 0.0885 0.1158 0.0851 0.0655 0.2555 0.8674 0.9560 0.8487 0.6483 0.0878 0.1820 0.1168 0.3312 0.4411

TS 0.0885 0.1158 0.0851 0.0655 0.2555 0.8674 0.9560 0.8487 0.6483 0.0878 0.1820 0.1168 0.3312 0.4411

Sex classification Raw data - 0.0321 0.0364 0.0319 0.1412 0.0407 0.8440 0.9998 0.9116 0.7618 0.7230 0.3876 0.3863 0.5804 0.5761
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Table 11: UQ evaluation for classification conformal predictions. The best metric values are highlighted for each task.

Task Input ECE ACE smECE UCE VCE NLL Cover.
95

Cover.
68

AUC F1
score

MCC
sens.

MCC
spec.

Sens. Spec.

AuroraBP
blood pressure
classification

Feature 0.1231 0.1158 0.0504 0.1381 0.1293 0.8937 1.0000 0.9078 0.6698 - - - - -

Image 0.1434 0.1349 0.0518 0.1555 0.1540 0.8940 1.0000 0.9185 0.6890 - - - - -

Raw data 0.1384 0.1340 0.0525 0.1544 0.1464 0.8939 1.0000 0.9122 0.6844 - - - - -

OSASUD apnea
multi-label
classification

Feature 0.1551 0.1534 0.1242 0.2692 0.2958 0.6935 1.0000 0.8368 0.6385 - - - - -

Image 0.1855 0.1831 0.1394 0.2785 0.2424 0.7018 1.0000 0.9247 0.7063 - - - - -

Raw data 0.1346 0.1342 0.1155 0.2634 0.2605 0.6886 1.0000 0.8368 0.6056 - - - - -
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3 A1.3.2 – Results for demographic subgroups and classification
of biological sex

LNE will analyse the results from A1.3.1 for different demographic subgroups of the datasets provided by
A2.1.4, e.g., differentiated by sex and/or age. NPL, Uni-Oldenburg and PTB will repeat the analyses of A1.3.1
for at least 2 of the datasets provided by A2.1.4 but using only subsets consisting of single-sex training data
and LNE will compare performance and uncertainty with the evaluation frameworks of A1.1.6 and A1.2.6
with the results of A1.3.1.
KCL and NPL will consider classification of PPG signals (e.g. from SPAR images) by biological sex using at
least two of the models developed in A1.1.2-A1.1.4 evaluating both performance and uncertainty.

Deep learning models trained to predict physiological parameters from PPG signals may fit to feature rep-
resentations more commonly observed in patients with certain characteristics. E.g., hypothetically, a model
trained on a dataset that has more male patients then female patients may overfit to sex-specific features. If
these potential biases are unaccounted for when evaluating model performance, its effectiveness may be over
or underestimated given the composition of the test data. E.g. the model mentioned previously may exhibit
poor generalisability on test data with an equal representation of sexes. Knowledge of this bias may inform
sensible decisions about dataset curation that improve effective use of the model in practice.

Here, we consider the role of biological sex among other demographic factors on the performance of deep
learning models trained to predict physioloigical parameters from PPG signals. First, we investigate whether
PPG encodes sex-specific feature representations by assessing whether a model can learn to classify sex. Then
we observe whether models trained and evaluated on datasets of varying sex composition exhibit variation in
predictive performance, motivating a general need to account for biological sex when optimising deep learning
models.

3.1 Single sex training results

To study sex-specific generalisation, we trained the same model architecture twice under a single-sex regime:
once using only male subjects (TRAIN M) and once using only female subjects (TRAIN F). For each training
run, we tracked validation performance and retained the 10 best checkpoints (i.e., the 10 models with the best
validation score observed during that single run); the first block of 10 rows in the results tables reports the
corresponding test MAE values for these selected checkpoints. We then evaluated each checkpoint on three
disjoint test splits, male-only (TEST M), female-only (TEST F), and mixed-sex (TEST MF), to quantify
within-group performance and cross-group transfer. The male-only and female-only splits were obtained by
filtering the full set of test samples based on gender, whereas the mixed-sex split consisted of the entire test
set for each dataset considered in this study.

The results reported in this section were obtained on the VitalDB dataset (blood pressure estimation (dbp,
sbp) with the two investigated scenarios: CALIB (train and test datasets share subjects) and CALIBFREE
(train and test datasets do not share subjects)), as gender information was not available across all datasets.
In addition, because we considered several models (as in section 2 (A1.3.1)), this analysis required training
each model twice (male-only and female-only), which substantially increased the computational cost. For
this reason, we restricted the study to a single dataset. For similar reasons, image-based models were not
investigated hereafter.

Tables 12 and 13 display CALIB case results for the feature-based and the raw-signal-based models, respec-
tively. CALIBFREE case results are depicted using Tables 14 and 15. In each table, the bottom rows
summarise the distribution of the 10 retained checkpoints via the mean and standard deviation, and report
relative errors with respect to the overall lowest mean MAE.

Figures 1 and 2 present the distribution of MAE values obtained from the 10 checkpoints using boxplots for
the feature-based and raw-signal-based models under the CALIB and CALIBFREE settings, respectively.
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3.1.1 VitalDB – CALIB case

Analysis of inference results for single-sex training (CALIB)

A clear sex-conditioned generalisation pattern emerges: each model performs best when the training sub-
set matches the test subset (TRAIN M → TEST M and TRAIN F → TEST F), while cross-sex transfer
(TRAIN M → TEST F or TRAIN F → TEST M) consistently degrades MAE—most noticeably for SBP.
For the feature-based model, the checkpoint-to-checkpoint variability across the 10 best validation models is
extremely small, indicating very stable training, but it also shows the strongest distribution shift penalty:
for DBP, TRAIN M performs worst on TEST F with a mean value, µ=9.129, whereas TRAIN F performs
best on TEST F (µ=8.838); for SBP the gap is sharper, with TRAIN F generalising poorly to males with the
worst mean value, µ=14.426, while achieving the best female-only score (TEST F µ=13.468). The raw-signal
model achieves lower MAE overall (notably DBP drops to µ=8.145 on TEST M and µ=8.349 on TEST F, and
SBP improves to µ=13.852 on TEST M), but with much higher variability across the 10 selected checkpoints
(especially for SBP, σ increases substantially), suggesting a more sensitive optimisation landscape. Mixed-
sex inference typically lands between same-sex and cross-sex performance, and tends to be slightly better
when trained on the subset that yields the stronger overall baseline (e.g., raw-signal SBP favors TRAIN F on
TEST MF). Overall, these results highlight a trade-off: raw signals bring better accuracy but less stability,
while features are highly stable yet more exposed to sex-specific distribution shift, particularly for SBP as
clearly illustrated by the boxplots in Figure 1.

3.1.2 VitalDB – CALIBFREE case

Analysis of inference results for single-sex training (CALIBFREE)

Both representations again show a strong sex-matched generalisation effect, but with a sharper separation
between stability (features) and accuracy/variance (raw signals). For the feature-based model, performance
is very stable across the 10 selected checkpoints (small σ), and the best MAE is obtained when training
and test sex align: for DBP, TRAIN M achieves the minimum on TEST M with µ=8.657, while TRAIN F
is closest to the minimum on TEST M as well (µ=8.674) and remains competitive on TEST F (µ=9.081).
However, cross-sex transfer is clearly penalised: TRAIN M evaluated on TEST F increases µ to 9.475 (the
worst DBP column), and for SBP the mismatch is even more pronounced, with TRAIN M → TEST F
reaching µ=14.634, while the best SBP score is TRAIN M → TEST M achieving µ=13.840. The raw-signal
model yields a similar qualitative pattern but with substantially larger σ and a more asymmetric behavior: it
matches the best feature MAE on DBP/TEST M (µ=8.460), (best overall in that table) and achieves the best
SBP/TEST M when trained on females (µ=13.261), yet it suffers a larger degradation under mismatch—most
notably for SBP where TRAIN M→ TEST F rises to (µ=15.607) (largest relative error). Mixed-sex inference
(TEST MF) consistently falls between the matched and mismatched cases for both models, but remains
closer to the matched condition when the training sex corresponds to the lower-error group (e.g., raw-signal
SBP benefits from TRAIN F). Overall, CALIBFREE amplifies sex-related domain shift, with raw signals
offering occasional improvements on the best-case columns but exhibiting stronger checkpoint sensitivity and
larger cross-sex degradation, whereas features provide more reproducible performance with a smaller—but
still clear—generalisation gap. Again, this analysis is further corroborated by the boxplots presented in
Figure 2.
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Table 12: Inference results for single sex training using feature-based model (Wavelet + MLP) – VitalDB
dataset – CALIB case. Best and worst settings for each task, based on the mean MAE computed across the
10 checkpoints, are indicated by ✓and ✗, respectively.

SCENARIO – CALIB

DIASTOLIC BLOOD PRESSURE (DBP) SYSTOLIC BLOOD PRESSURE (SBP)

TRAIN M TRAIN F TRAIN M TRAIN F

TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F

9.0732 8.9940 9.1313 8.9653 9.1243 8.8488 14.0701 14.1777 13.9912 13.9032 14.4792 13.4809

9.0779 8.9935 9.1398 8.9588 9.1201 8.8405 14.0834 14.1821 14.0111 13.8957 14.4670 13.4768

9.0528 8.9873 9.1009 8.9527 9.1116 8.8361 14.1464 14.1935 14.1118 13.8870 14.4692 13.4601

9.0648 8.9878 9.1212 8.9522 9.1102 8.8363 14.1413 14.1898 14.1058 13.8747 14.4329 13.4655

9.0606 8.9865 9.1149 8.9512 9.1061 8.8375 14.1461 14.1879 14.1155 13.8657 14.4066 13.4691

9.0721 8.9898 9.1325 8.9512 9.1092 8.8354 14.1837 14.2044 14.1685 13.8622 14.3971 13.4700

9.0836 8.9944 9.1490 8.9516 9.1085 8.8366 14.1360 14.1867 14.0988 13.8599 14.3975 13.4657

9.0685 8.9885 9.1271 8.9517 9.1108 8.8350 14.1317 14.1837 14.0935 13.8587 14.3925 13.4673

9.0765 8.9913 9.1390 8.9518 9.1111 8.8349 14.1299 14.1829 14.0910 13.8609 14.4058 13.4614

9.0747 8.9905 9.1364 8.9518 9.1115 8.8347 14.1411 14.1856 14.1084 13.8615 14.4082 13.4607

MAE – SUMMARY STATISTICS → (µ, σ)

9.0705 8.9904 9.1292 ✗ 8.9538 9.1123 8.8376 ✓ 14.1310 14.1874 14.0896 13.8730 14.4256 ✗ 13.4677 ✓

0.0090 0.0029 0.0139 0.0046 0.0055 0.0043 0.0324 0.0074 0.0516 0.0165 0.0338 0.0068

MAE – RELATIVE ERROR IN % →
[
100× µ−min(µ)

min(µ)

]
2.6351 1.7287 3.2998 1.3152 3.1090 0.0000 4.9245 5.3437 4.6170 3.0088 7.1122 0.0000

Table 13: Inference results for single sex training using raw-signal-based model (TCN) – VitalDB dataset –
CALIB case. Best and worst settings for each task, based on the mean MAE computed across the 10
checkpoints, are indicated by ✓and ✗, respectively.

SCENARIO – CALIB

DIASTOLIC BLOOD PRESSURE (DBP) SYSTOLIC BLOOD PRESSURE (SBP)

TRAIN M TRAIN F TRAIN M TRAIN F

TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F

8.4514 8.2412 8.6055 8.6376 8.7660 8.5434 14.1875 14.2198 14.1638 14.1096 14.3978 13.8983

8.3422 8.0919 8.5258 8.4925 8.6815 8.3538 13.5326 13.5185 13.5429 13.9517 14.0621 13.8708

8.4965 8.2386 8.6856 8.3344 8.5131 8.2034 14.4647 14.1132 14.7224 13.7415 13.9642 13.5782

8.5967 8.3057 8.8101 8.6671 8.7458 8.6093 14.6819 14.3027 14.9600 13.6920 14.5095 13.0925

8.5331 8.2391 8.7486 8.6211 8.7402 8.5338 14.8986 14.4726 15.2111 13.9579 14.0548 13.8868

8.2361 7.8910 8.4891 8.8082 9.0415 8.6371 14.7367 14.3167 15.0446 13.6749 13.8915 13.5162

8.2629 7.9043 8.5258 8.3802 8.6134 8.2092 14.4563 13.9578 14.8218 13.1857 13.4770 12.9721

8.6357 8.2816 8.8953 8.2482 8.5121 8.0546 13.0273 12.7708 13.2153 13.4289 13.5047 13.3733

8.4266 8.0488 8.7037 8.1436 8.4182 7.9422 14.4912 13.8857 14.9352 13.3351 13.5879 13.1497

8.5915 8.2080 8.8727 8.6216 8.9187 8.4038 13.3409 12.9607 13.6197 13.9229 13.9121 13.9309

MAE – SUMMARY STATISTICS → (µ, σ)

8.4573 8.1450 ✓ 8.6862 8.4954 8.6950 ✗ 8.3491 14.1818 13.8518 14.4237 ✗ 13.7000 13.9362 13.5269 ✓

0.1332 0.1449 0.1396 0.2008 0.1816 0.2277 0.6152 0.5563 0.6894 0.2865 0.3307 0.3484

MAE – RELATIVE ERROR (w.r.t the MIN) IN % →
[
100× µ−min(µ)

min(µ)

]
3.8336 0.0000 6.6445 4.3022 6.7530 2.5053 4.8414 2.4024 6.6298 1.2800 3.0257 0.0000
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FEATURE-based model (Wavelet + MLP)

DIASTOLIC BP SYSTOLIC BP

RAW-SIGNAL-based model (TCN)

DIASTOLIC BP SYSTOLIC BP

Figure 1: Inference results – MAE boxplots – VitalDB dataset – CALIB case. Top figures and bottom
figures correspond to the inference results (distribution of MAE values from the 10 checkpoints per
training) for the feature-based model and the raw-signal-based model, respectively. M→F notation stands
for TRAIN M → TEST F. Blue, red and green colours are used to highlight the 3 disjoint test splits,
mixed-sex, male-only and female-only, respectively.

23



Table 14: Inference results for single sex training using feature-based model (Wavelet + MLP) – VitalDB
dataset – CALIBFREE case. Best and worst settings for each task, based on the mean MAE computed
across the 10 checkpoints, are indicated by ✓and ✗, respectively.

SCENARIO – CALIBFREE

DIASTOLIC BLOOD PRESSURE (DBP) SYSTOLIC BLOOD PRESSURE (SBP)

TRAIN M TRAIN F TRAIN M TRAIN F

TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F

9.1937 8.7135 9.5175 8.9427 8.6659 9.1294 14.4037 13.9415 14.7155 14.3454 14.1970 14.4455

9.1440 8.6619 9.4691 8.9265 8.6848 9.0896 14.3143 13.9103 14.5868 14.4623 14.4005 14.5039

9.1608 8.6433 9.5098 8.9170 8.6773 9.0787 14.3486 13.8384 14.6927 14.2885 14.0874 14.4242

9.1375 8.6663 9.4553 8.9234 8.6567 9.1033 14.2650 13.8572 14.5400 14.3068 14.1402 14.4191

9.1312 8.6599 9.4491 8.9089 8.6729 9.0682 14.2583 13.8443 14.5374 14.2751 14.0603 14.4200

9.1497 8.6436 9.4911 8.9117 8.6766 9.0702 14.2675 13.8188 14.5701 14.3030 14.1304 14.4194

9.1350 8.6446 9.4658 8.9114 8.6815 9.0665 14.3235 13.7974 14.6783 14.2805 14.0867 14.4112

9.1476 8.6441 9.4871 8.9114 8.6730 9.0721 14.3117 13.7951 14.6600 14.2813 14.0846 14.4139

9.1253 8.6491 9.4465 8.9102 8.6776 9.0671 14.2937 13.7916 14.6323 14.2740 14.0697 14.4119

9.1323 8.6454 9.4607 8.9103 8.6760 9.0684 14.3543 13.8044 14.7252 14.2677 14.0552 14.4110

MAE – SUMMARY STATISTICS → (µ, σ)

9.1457 8.6572 ✓ 9.4752 ✗ 8.9174 8.6742 9.0814 14.3140 13.8399 ✓ 14.6338 ✗ 14.3085 14.1312 14.4280

0.0198 0.0216 0.0250 0.0107 0.0080 0.0207 0.0460 0.0510 0.0711 0.0586 0.1041 0.0285

MAE – RELATIVE ERROR (w.r.t the MIN) IN % →
[
100× µ−min(µ)

min(µ)

]
5.6432 0.0000 9.4491 3.0056 0.1970 4.8998 3.4260 0.0000 5.7365 3.3855 2.1048 4.2493

Table 15: Inference results for single sex training using raw-signal-based model (TCN) – VitalDB dataset –
CALIBFREE case. Best and worst settings for each task, based on the mean MAE computed across the 10
checkpoints, are indicated by ✓and ✗, respectively.

SCENARIO – CALIBFREE

DIASTOLIC BLOOD PRESSURE (DBP) SYSTOLIC BLOOD PRESSURE (SBP)

TRAIN M TRAIN F TRAIN M TRAIN F

TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F TEST MF TEST M TEST F

9.1439 8.6482 9.4783 8.8012 8.5682 8.9584 14.7055 14.4433 14.8823 13.5928 13.1811 13.8704

9.4924 8.8379 9.9339 8.8091 8.6385 8.9242 14.2868 13.8839 14.5586 13.5655 12.9636 13.9715

9.2539 8.6791 9.6415 8.6237 8.3818 8.7869 14.3124 13.9302 14.5701 13.8077 12.9517 14.3850

9.2598 8.6789 9.6516 8.4756 8.2802 8.6074 15.5493 14.6643 16.1461 13.7587 13.0006 14.2700

9.3462 8.7194 9.7689 8.3422 8.0714 8.5249 16.2893 15.2337 17.0013 13.3835 12.7118 13.8365

9.1335 8.5343 9.5376 8.8351 8.5327 9.0390 16.1448 15.0930 16.8542 13.4039 12.6137 13.9369

8.7508 8.3002 9.0547 8.4931 8.2462 8.6597 15.0843 13.8213 15.9361 14.0346 13.3080 14.5246

8.6996 8.2432 9.0073 8.9810 8.7402 9.1434 13.9014 12.9402 14.5497 14.4383 13.7704 14.8887

8.5742 8.0557 8.9239 8.7384 8.5655 8.8550 15.0696 13.6020 16.0594 14.7146 14.0788 15.1433

8.7551 7.9016 9.3306 8.8282 8.6651 8.9382 14.7330 13.5738 15.5148 14.6558 14.0268 15.0800

MAE – SUMMARY STATISTICS → (µ, σ)

9.0409 8.4599 ✓ 9.4328 ✗ 8.6928 8.4690 8.8437 15.0076 14.1186 15.6073 ✗ 13.9355 13.2606 ✓ 14.3907

0.3016 0.2991 0.3259 0.1907 0.2037 0.1874 0.7505 0.6876 0.8904 0.4772 0.4996 0.4777

MAE – RELATIVE ERROR IN % →
[
100× µ−min(µ)

min(µ)

]
6.8687 0.0000 11.5011 2.7531 0.1076 4.5373 13.1743 6.4697 17.6961 5.0894 0.0000 8.5218
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FEATURE-based model (Wavelet + MLP)

DIASTOLIC BP SYSTOLIC BP

RAW-SIGNAL-based model (TCN)

DIASTOLIC BP SYSTOLIC BP

Figure 2: Inference results – MAE boxplots – VitalDB dataset – CALIBFREE case. Top figures and
bottom figures correspond to the inference results (distrbution of MAE values from the 10 checkpoints per
training) for the feature-based model and the raw-signal-based model, respectively. M→F notation stands
for TRAIN M → TEST F. Blue, red and green colours are used to highlight the 3 disjoint test splits,
mixed-sex, male-only and female-only, respectively.
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Table 16: Breakdown of featurised Aurora-BP data by sex.

Raw PPG signals Patients

Male Female Male Female

Count percent Count percent Count percent Count percent

18,490 51.9 17,116 48.1 570 50.7 554 49.3

3.2 Classification of raw PPG signals by biological sex

This task evaluates whether deep learning models are sensitive to features related to biological sex in PPG
signals. Our aim is not to build sex-recognition technology, but to detect sex-linked signal differences that
could bias data-driven models and to inform dataset curation (e.g., balancing representation). Where dif-
ferences exist, we must assess their impact on diagnostic accuracy and care pathways and design mitigation
strategies.

Sex differences in the ECG have been reported [18], but similar work for PPG is limited. However, the
existing literature suggests associations between PPG features and sex [19, 20]. Here, we test whether raw
PPG encodes information about reported biological sex by training deep learning classifiers to predict male
versus female labels.

3.2.1 Dataset

The Aurora-BP dataset [4] was used for this task. A sample, example code, and documentation are available
at the Aurora-BP GitHub page [21].

Aurora-BP is a large-scale, publicly available collection of cardiovascular sensor data with paired blood
pressure measurements released by Microsoft Research [22]. Several signals were recorded simultaneously:
radial tonometry, PPG, ECG, and accelerometry.

The dataset includes de-identified participant metadata (age, biological sex, weight, height, Fitzpatrick
skin-tone scale value, and disease history) and a wide range of features derived from the sensor signals.
Here, biological sex refers to the self-reported label (Female, Male).

The data encompass:

• Two protocols/cohorts: auscultatory and oscillometric measurements.

• Multiple phases per protocol: initial visit, return visit, ambulatory phase, and synthetic data (not used
here).

• Postures and activity types: supine, seated, standing, walking, post-exercise, etc (each with variations).

An overview of the dataset and measurement counts is shown in Figure 3 [21]. We used the final quality-assessed,
featurised dataset. Note that the counts refer to participants, each contributing multiple measurements.
According to [4], the quality assessment steps performed when developing the Aurora-BP dataset involve
computing quality scores that penalised data with artefacts, poor signal-to-noise ratio and lack of consis-
tency between pulses within a window. A high score indicates confidence that the data and derived features
are physiologic in nature.

After excluding measurements with missing data files, the featurised dataset comprised 642 auscultatory and
483 oscillometric measurement sets, each attributed to a single participant (total 1,124 participant IDs). In
aggregate, this yielded 35,606 available PPG signals with a sampling frequency of 500 Hz. Table 16 sum-
marises participant counts and raw PPG signal counts by biological sex. Given the near-balanced proportion
of sex labels (roughly 51% male and 49% female), we refrained from enforcing an exactly equal representation.
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Figure 3: Breakdown of auscultatory and oscillometric measurement counts in the Aurora-BP dataset [21].

3.2.2 Data processing

Aurora-BP contains noisy and poor-quality segments, necessitating careful, comparative evaluation of data
cleaning and normalisation steps. After multiple assessments, in the end, we implemented the following steps.

Signal filtering

Wearable acquisition conditions vary, making PPG signals susceptible to noise and artefacts that hinder
reliable processing. Applying optimal filters is therefore important [23]. We analysed Aurora-BP PPG
both in unfiltered form and after band-pass filtering. Observing the positive impact of filtering during
hyperparameter sweeps (see Section 3.2.4), we adopted the detrended dataset produced by KCL.

Choice of measurement cohorts and types

Data from both auscultatory and oscillometric protocols were concatenated to create a unified dataset. Hyper-
parameter tuning (see Section 3.2.4) indicated that training models on specific subsets degraded performance,
primarily due to the substantial reduction in dataset size.

Filtering by optical quality

Aurora-BP provides an optical quality parameter for all records. We treat this as a hyperparameter:
higher thresholds yield fewer, higher-quality signals, and lower thresholds lead to more, noisier signals. The
Aurora-BP GitHub page [21] suggests a baseline threshold of 0.65. To assess the effect of prioritising higher
quality vs. more data, we evaluated thresholds of 0.65, 0.75, 0.85, 0.90, and 0.95.

Figure 4 shows the histogram of optical quality with the chosen thresholds marked as vertical lines. Table 17
reports the number of unique participant IDs and raw PPG signals retained at each threshold. The trade-off
is substantial: enforcing the highest quality markedly reduces dataset size.

Signal length and instance generation

We standardised PPG instances to a consistent timestep length. The target length was chosen as the largest
value still shorter than the majority of signals, maximising usable information while minimising exclusions.
Signals shorter than the target were discarded to maintain comparability across instances.

Figure 5 shows the histogram of raw signal lengths with no optical-quality thresholding. The shortest and

27



Figure 4: Histogram of optical quality values with different optical quality thresholds shown as vertical lines.

Table 17: Number of unique patient IDs and raw PPG signals after applying different quality thresholds.

Threshold Patient IDs Raw PPG signals % Signals retained

0 1,124 35,606 100

0.65 1,099 24,869 69.84

0.75 1,093 23,559 66.17

0.85 1,085 20,966 58.88

0.9 1,072 17,876 50.21

0.95 1,023 11,826 33.21

28



Figure 5: The histogram of raw signal lengths when no optical quality thresholding is applied. Vertical lines
delineate the raw signals retained based on cutoff lengths of 3,250 and 7,500.

longest recordings are 4,561 (in the original dataset with 3,121 in the detrended dataset) and 43,543 timesteps,
respectively. As the histogram indicates, most signals exceed 7,500 timesteps (15 s). A more forgiving cutoff
of 3,250 (7.5 seconds) keeps virtually all recordings. Cutoff lengths of 7,500 and 3,250 timesteps retain
approximately 99% and 100% of the data, respectively.

To create the training datasets, we considered three cases:

• We retained the first 7,500-step window of each signal and discarded the rest. We refer to this approach
as “single.”

• Starting from timestep 1, we divided each signal into multiple non-overlapping, back-to-back windows
of size 7,500, discarding the tail end. For instance, if a signal was 17,000 timesteps, we took two
instances from the intervals [1, 7,500] and [7,501, 15,000] and ignored the last 2,000 timesteps. We call
this scheme “multiple.”

• We set the target length to 3,250 to generate more training data, taking as many non-overlapping,
back-to-back instances as possible from each signal similar to the above case (multiple approach).

During final instance extraction, some data were discarded or unavailable: (1) the raw signal was shorter
than the target length; (2) referenced files were non-existent; (3) files were empty; or (4) files contained
unreadable values (e.g., NaNs). The latter two issues primarily arose in the detrended dataset.

Table 18 reports the number of final signals recovered under each scheme. To maximise the number of
training instances, one can densely sample 3,250-step windows (see the third bullet point above) while using
a lower optical-quality threshold (0.65). This yields approximately six times as many instances as using single
sampling with 7,500-step windows (see the first bullet point above) and a high quality threshold (0.95).

Data split for training

The dataset is well-balanced by biological sex. We, therefore, did not enforce equal male-female representation
before splitting the dataset. We randomly shuffled and partitioned the data into training (75%), validation
(12.5%), and test (12.5%) sets. Splits were stratified by biological sex to preserve the overall male-female
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Table 18: The number of signals recovered when different final signal lengths (L) are considered. Single and
Multiple refer to whether a single instance is extracted from the beginning of each raw PPG signal or
multiple ones are taken back-to-back, respectively.

Threshold Raw PPG signals L = 7, 500 (Single) L = 7, 500 (Multiple) L = 3, 250 (Multiple)

0.65 24,869 24,340 28,848 64,401

0.75 23,559 23,086 27,263 60,994

0.85 20,966 20,560 24,134 54,098

0.9 17,876 17,550 20,394 45,645

0.95 11,826 11,595 13,259 29,464

proportions in subsets and grouped by participant ID to prevent subject-level leakage across sets. Class
labels were encoded as Female = 1 and Male = 0 (binary). It should be noted that enforcing equal sex
representation and stratification with respect to sex are two different steps. The latter establishes the same
number of males and females in the entire dataset (typically by removing data belonging to the sex that is
overrepresented), while the former ensures that the same male-female proportions as in the whole dataset
are preserved across all data splits (not necessarily equal male-female numbers).

3.2.3 Deep learning models

Two deep learning models used in QUMPHY and a new transformer-based model were trained and tested
as classifiers of PPG signals by biological sex:

1. QUMPHY model: 1D variant of AlexNet [24],

2. QUMPHY model: 1D variant of XResNet (xresnet1d50) [25],

3. New model: a 1D Vision Transformer (ViT) classifier [26].

The ViT uses the encoder part of a standard transformer [27] and applies it to embeddings created from
an image (here a 1D signal). These embeddings are derived by flattening and linearly projecting windows
within each signal. We used a window size of 25 timesteps, with each window projected onto a 50-dimensional
space. Our ViT comprises five transformer layers with five heads in each attention layer. The Multi-Layer
Perceptron (MLP) part of transformer layers includes 100 nodes. After the transformer block, the model
uses a CNN-based classifer (similar to a small classification AlexNet) to develop the outputs. Following some
empirical tuning, we used dropout rates of 0.2, 0.3, and 0.5 in attention, MLP, and CNN layers, respectively.

All models produced logits, which could then be converted to class probabilities using a Softmax function.
Alternatively, since this is a binary classification problem, a single sigmoid activation function could be
employed to directly produce the probability of the positive class.

3.2.4 Hyperparameter sensitivity and tuning approach

Classification performance was sensitive to hyperparameter choices across data processing, model architec-
ture, and training. Table 19 reports the validation performance for selected configurations. To manage
computational cost and avoid a full grid search, we adopted a staged (block-wise) tuning procedure: each
block compared related hyperparameters (e.g., normalisation methods), the best option was fixed, and subse-
quent blocks tuned the next set. Where interactions were likely, we explored targeted sub-grids, e.g., jointly
varying dropout rates while comparing different normalisation settings.

In Table 19, each row corresponds to a model and rows with bold entries belong to the top-performing
models. Cells within hyperparameter columns are colour-coded to indicate whether that hyperparameter
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was evaluated for the model and the outcome of that evaluation. As noted above, some models assess
multiple hyperparameters simultaneously. Within each hyperparameter column:

• Green denotes preferred (accepted) values.

• Red denotes discarded (rejected) values.

• Grey denotes values varied case by case, since no range consistently outperformed alternatives.

Given the descriptions already provided, what each column represents should be self-explanatory. It is only
worth adding that overall and individual normalisation columns refer to the cases where PPG signals were
normalised altogether (as a whole) or on an individual basis (separately, one-by-one), respectively.

Models were trained by an AdamW optimiser [28], minimising Binary Cross-Entropy (BCE). The learning
rate was decayed from an initial value of 10−4 to a minimum value of 10−8 by a cosine annealing schedule [29].
The weight decay factor was also set to 0.01. These settings were found to be consistently effective for all
models.
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Table 19: Validation performance vs. hyperparameter choices. Green, red and grey fill colours indicate accepted, rejected, and decided per case,
respectively. Green text means the hyperparameter is fixed as optimal, based on the experiments in the previous rows.

Dataset
Wave 

filtering
Quality 

threshold
Time steps

Multiple 
instances

Cohort
Measur. 

Type
Num 

waves
Type Size

Dropout 
rate

Overall 
normal.

Individ. 
normal.

Batch size Epochs BCE Accuracy Precision Recall F1 score

Original No 0.65 7,500 No Both All 24,604 AlexNet Smaller 0.4 None None 64 10 0.6736 0.5575 0.6073 0.3295 0.4235

Original Yes 0.65 7,500 No Both All 24,604 AlexNet Smaller 0.4 None None 64 10 0.6450 0.6312 0.6236 0.6684 0.6427

Original Yes 0.65 7,500 No Both All 24,604 AlexNet Smaller 0.3 None None 64 10 0.6337 0.6516 0.6784 0.5793 0.6219

Original Yes 0.65 7,500 No Both All 24,604 AlexNet Smaller 0.5 None None 64 10 0.6385 0.6472 0.6662 0.6013 0.6287

Original Yes 0.65 7,500 No Both All 24,604 AlexNet Smaller 0.6 None None 64 10 0.6499 0.6303 0.6735 0.5108 0.5761

Baseline Detrended Yes 0.65 7,500 No Both All 24,340 AlexNet Smaller 0.5 None None 64 10 0.6244 0.6679 0.6520 0.6596 0.6528

Detrended Yes 0.65 7,500 No Both All 24,340 AlexNet Smaller 0.5 Z-score None 64 10 0.6075 0.6757 0.6741 0.6336 0.6504

Detrended Yes 0.65 7,500 No Both All 24,340 AlexNet Smaller 0.5 Min-Max None 64 10 0.6927 0.5187 0.0000 0.0000 0.0000

Detrended Yes 0.65 7,500 No Both All 24,340 AlexNet Smaller 0.5 None Z-score 64 10 0.5932 0.6891 0.7130 0.5952 0.6460

Detrended Yes 0.65 7,500 No Both All 24,340 AlexNet Smaller 0.5 None Min-Max 64 10 0.6250 0.6582 0.6612 0.5925 0.6216

Detrended Yes 0.75 7,500 No Both All 23,086 AlexNet Smaller 0.5 None Z-score 64 10 0.5747 0.6975 0.7116 0.5607 0.6224

Detrended Yes 0.75 7,500 No Both All 23,086 AlexNet Smaller 0.5 Z-score None 64 10 0.6053 0.6808 0.6486 0.6587 0.6483

Detrended Yes 0.85 7,500 No Both All 20,560 AlexNet Smaller 0.6 None Z-score 64 10 0.6327 0.6603 0.6978 0.5353 0.5953

Detrended Yes 0.85 7,500 No Both All 20,560 AlexNet Smaller 0.5 None Z-score 64 10 0.6329 0.6641 0.6871 0.5696 0.6127

Detrended Yes 0.85 7,500 No Both All 20,560 AlexNet Smaller 0.5 Z-score None 64 10 0.6352 0.6484 0.6442 0.6084 0.6197

Detrended Yes 0.9 7,500 No Both All 17,550 AlexNet Smaller 0.5 None Z-score 64 10 0.6229 0.6730 0.6459 0.6520 0.6440

Detrended Yes 0.9 7,500 No Both All 17,550 AlexNet Smaller 0.5 Z-score None 64 10 0.6332 0.6748 0.6593 0.6185 0.6342

Detrended Yes 0.95 7,500 No Both All 11,595 AlexNet Smaller 0.5 None Z-score 64 10 0.5924 0.6969 0.6857 0.6294 0.6497

Detrended Yes 0.95 7,500 No Both All 11,595 AlexNet Smaller 0.5 Z-score None 64 10 0.6382 0.6444 0.6045 0.6148 0.6039

Detrended Yes 0.65 7,500 Yes Both All 28,848 AlexNet Smaller 0.8 None Z-score 512 24 0.5936 0.6924 0.7023 0.6721 0.6867

Detrended Yes 0.75 7,500 Yes Both All 27,263 AlexNet Smaller 0.75 None Z-score 64 16 0.5825 0.6972 0.6568 0.6671 0.6584

Detrended Yes 0.85 7,500 Yes Both All 24,134 AlexNet Smaller 0.75 None Z-score 64 16 0.6219 0.6607 0.7011 0.6282 0.6600

Detrended Yes 0.9 7,500 Yes Both All 20,394 AlexNet Smaller 0.65 None Z-score 128 16 0.5839 0.7121 0.6903 0.6760 0.6816

Detrended Yes 0.95 7,500 Yes Both All 13,259 AlexNet Smaller 0.75 None Z-score 256 24 0.5784 0.6966 0.7107 0.6983 0.7038

Detrended Yes 0.65 3,250 Yes Both All 64,401 AlexNet Smaller 0.6 None Z-score 128 16 0.5858 0.7019 0.7157 0.7135 0.7130

Detrended Yes 0.65 3,250 Yes Both All 64,401 AlexNet Smaller 0.5 Z-score None 64 16 0.5891 0.7027 0.7338 0.6767 0.7012

Detrended Yes 0.75 3,250 Yes Both All 60,994 AlexNet Smaller 0.5 None Z-score 64 16 0.5594 0.7081 0.6865 0.7443 0.7108

Detrended Yes 0.75 3,250 Yes Both All 60,994 AlexNet Smaller 0.5 Z-score None 64 16 0.5676 0.7131 0.7140 0.6903 0.6994

Detrended Yes 0.85 3,250 Yes Both All 54,098 AlexNet Smaller 0.75 None Z-score 512 24 0.6071 0.6776 0.6799 0.6907 0.6842

Detrended Yes 0.85 3,250 Yes Both All 54,098 AlexNet Smaller 0.65 Z-score None 128 24 0.6241 0.6647 0.6784 0.6367 0.6549

Detrended Yes 0.9 3,250 Yes Both All 45,645 AlexNet Smaller 0.75 None Z-score 1024 32 0.5639 0.7184 0.7137 0.6905 0.7017

Detrended Yes 0.9 3,250 Yes Both All 45,645 AlexNet Smaller 0.6 Z-score None 512 32 0.5847 0.7056 0.6935 0.6938 0.6934

Detrended Yes 0.95 3,250 Yes Both All 29,464 AlexNet Smaller 0.75 None Z-score 256 24 0.6012 0.6822 0.6813 0.7099 0.6948

Detrended Yes 0.95 3,250 Yes Both All 29,464 AlexNet Smaller 0.75 Z-score None 32 24 0.6114 0.6770 0.6766 0.7077 0.6863

Detrended Yes 0.65 3,250 Yes Oscillom. All 37,545 AlexNet Smaller 0.6 None Z-score 128 16 0.5758 0.6965 0.6907 0.6812 0.6846

Detrended Yes 0.65 3,250 Yes Auscult. All 26,856 AlexNet Smaller 0.6 None Z-score 128 16 0.5603 0.7215 0.7182 0.6811 0.6980

Type Detrended Yes 0.75 3,250 Yes Both Seated 14,665 AlexNet Smaller 0.75 None Z-score 128 24 0.5886 0.7010 0.6653 0.6980 0.6796

Detrended Yes 0.65 3250 Yes Both All 64,401 AlexNet Larger 0.75 None Z-score 64 16 0.5757 0.7069 0.7204 0.7203 0.7173

Detrended Yes 0.75 3250 Yes Both All 60,994 AlexNet Larger 0.5 None Z-score 64 16 0.5556 0.7128 0.6987 0.7281 0.7096

Detrended Yes 0.9 3250 Yes Both All 45,645 AlexNet Larger 0.8 None Z-score 1024 32 0.5623 0.7210 0.7262 0.6730 0.6983

Detrended Yes 0.65 3,250 Yes Both All 64,401 XResNet - 0.25 None Z-score 128 32 0.5787 0.7040 0.7368 0.6742 0.7024

Detrended Yes 0.65 3,250 Yes Both All 64,401 ViT - 0.2-0.5 None Z-score 128 16 0.6167 0.6705 0.7014 0.6442 0.6707
Other 

models

Optical 
quality 

threshold

Multiple
L=7,500

Multiple
L=3,250

Cohort

Model Size

Performance: validation (12.5%)

Filtering

Dropout 
rate

Normalis-
ation

Goal

Dataset hyperparameters Model hyperparameters Training hyperparameters
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Figure 6: The average effect of dataset size on the validation loss (BCE ) and F1 score .

Given the breadth of hyperparameters, the final configuration reflects empirical judgement, which was also
informed by additional experiments beyond those shown here. For instance, Table 19 presents only a subset
of the XResNet and ViT runs actually performed. In nearly all trials, however, AlexNet consistently outper-
formed these models. Consequently, the experiments underpinning the final hyperparameter conclusions are
not fully captured in the table.

Hyperparameter effects are not absolute. Here, we focused on average behaviours. For example, in specific
configurations, subject to other hyperparameters, a higher optical quality threshold (e.g., 0.90) may outper-
form 0.65. Nevertheless, we adopted 0.65 because, on average, it yielded better validation performance.

To further demonstrate this, Figure 6 illustrates the relationship between dataset size and validation loss
(BCE ) and F1 score. Although the points are scattered due to variation in other hyperparameters, perfor-
mance, on average, improves clearly as more data are introduced.

For some factors such as dropout rate and batch size, no single value proved uniformly optimal. Accordingly, we
varied such parameters per experiment and selected values from a range that performed best on a case-by-case
basis.

3.2.5 Uncertainty evaluation

Once the optimal modelling approach and hyperparameters were identified, we introduced uncertainty quan-
tification into the model using the Monte Carlo Dropout (MCD) approach [30]. The procedures for training
the uncertainty-aware classifier and quantifying the uncertainties are explained in Section 6 (A1.3.5), where
uncertainties are disentangled. In summary, we:

• Included two output logits per class, representing a mean (µ) and a variance (σ2), i.e., four outputs in
total. In our binary problem, a sigmoid activation function is more straightforward as its mean and
variance directly correspond to probabilities of the “true” class. However, we adopt a softmax head
and two logits per class for generalisability to cases with more than two classes.
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• Replaced BCE loss with Gaussian Negative Log-likliehood (GNLL), considering both mean and variance
of probability.

• During training, sampled from the Gaussian logit distribution for each instance and converted those to
class probabilities using the softmax function, allowing for calculation of the loss.

• During inference, activated Monte Carlo layers, and performed multiple stochastic forward passes per
instance to approximate the posterior predictive distribution. Logit samples were then converted to
class probabilities. Finally, entropies were calculated across MCD passes, leading to total vs. aleatoric
uncertainties.

For a classification problem with n classes and predictive probabilities p1, . . . , pn, the predictive entropy is

H(p) = −
n∑

i=1

pi log2 pi

Entropy provides a principled measure of predictive uncertainty by quantifying the dispersion of the class
probabilities. High predictive entropy indicates that probability is spread, signalling low model confidence,
whereas low entropy corresponds to more certain and narrow predictions. As such, entropy provides a
useful summary value for comparing uncertainty across samples, detecting out-of-distribution inputs, and
supporting risk-aware decision-making in deep-learning classifiers.

As mentioned, uncertainty quantification results are presented in Section 6 (A1.3.5), where total (entropy of
average probabilities across MCD runs) and aleatoric (average of entropies across MCD runs) uncertainties
are evaluated.

In the following subsection, the details of the final model along with its testing performance are presented.

3.2.6 Final uncertainty-aware model’s performance

Based on hyperparameter tuning results (Table 19), the final deep-learning classifier used the following:

• Dataset:

– Detrended dataset (filtered signals).

– Data with optical quality ≥ 0.65.

– Data from all measurement types in both auscultatory and oscillometric cohorts.

– PPG signal length of 3,250, allowing for multiple instances to be extracted from each signal.

– Dataset size: 64, 401 (75% training, 12.5% validation, and 12.5% testing). It should be noted that
dataset size is not treated as a hyperparameter in this work. It is only reported in Table 19 (Num
waves column) because it may change depending on the choice of other hyperparameters, such as
the optical quality threshold.

• Model:

– AlexNet (the larger version). Note that XResNet also performed well and may have the ability to
outperform AlexNet with a more comprehensive hyperparameter tuning.

– A dropout rate of 0.75.

• Training:

– Normalising signals individually by z-score.

– Batch size of 64.

– Epochs of 32, saving the best-performing model.
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Table 20: Classification performance metrics of the optimal AlexNet for training, validation, and testing
sets.

Dataset Loss Accuracy Precision Recall (sensitivity) F1 score Specificity AUC

Training 0.6007 0.7123 0.7094 0.6836 0.6916 0.7380 0.7838

Validation 0.6167 0.7044 0.7214 0.7054 0.7108 0.7019 0.7635

Testing 0.5787 0.7101 0.7290 0.7349 0.7287 0.6817 0.7714

Figure 7: Confusion matrix of predictions for the testing set.

– Initial learning rate of 10−4 decayed to a minimum value of 10−8 by cosine annealing. The optimal
learning rate schedule was selected based on a few less formal hyperparameter tuning attempts
not shown in Table 19 for brevity.

Table 20 reports performance metrics for the trained classifier. For each instance, class probabilities were esti-
mated by taking 50 samples from the predicted Gaussian logit distributions, applying softmax, and averaging
over 50 Monte Carlo Dropout (MCD) passes. Final labels refer to classes that had the highest probability
per instance. Taken together, the metrics indicate that the model attains approximately 72% accuracy on
the test set, with little to no evidence of overfitting. The proportion of the true and false male and female
predictions are presented as a confusion matrix in Figure 7. The model is accurate in recognising females
and males 73.6.2% and 68.2% of the times, respectively.

3.2.7 Discussion

Our results show that deep learning models can classify PPG signals by biological sex with accuracy exceeding
70%, despite the noisy nature of the Aurora-BP dataset. This suggests that PPG signals embed features
associated with biological sex and, consequently, sex must be handled carefully when training models for
downstream tasks.

In related studies, it is advisable to examine: (1) how sex imbalance in datasets affects performance; (2)
whether models trained on pooled data generalise equally across sexes; and (3) whether disparities are more
pronounced in subpopulations with specific conditions or characteristics.

Any ability to classify by sex may reflect a combination of physiological differences and measurement artefacts.
For example, colder peripheral circulation, which is more common in women, can degrade PPG quality.
Regardless of origin, such differences must be accounted for to prevent bias in diagnostic accuracy and care
pathways.
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Complementary studies may consider:

• Assessing sex-classification accuracy in data subsets, e.g., across age groups or measurement types.

• Applying more aggressive filtering (e.g., excluding participants with pre-existing medical conditions)
and optimising preprocessing to improve training data quality.

• Investigating the effect of biological sex on relevant downstream tasks.

• Conducting more comprehensive hyperparameter tuning to leverage the higher capacity of XResNet.

• Employing larger datasets to better exploit transformer-based models, which can potentially outperform
CNNs.

3.3 Classification of SPAR images derived from PPG signals by biological sex

This task evaluates whether a simple deep learning model is sensitive to features related to biological sex in
Symmetric Projection Attractor Reconstruction (SPAR) images generated from PPG signals. The work in
this section follows what has been presented in Section 3.2.

3.3.1 Dataset and data processing

The dataset of choice for this task was the Aurora-BP dataset. An in-depth explanation has already been
given in Section 3.2.1, together with the introduction of the quality threshold criteria applied to data selection.
Data pre-processing was carried out in the same way as described in Section 3.2.2, with the exception that the
full length of each signal was considered and analysed as a whole, without considering multiple segments from
a single recording. This decision was due to the nature of the Symmetric Projection Attractor Reconstruction
(SPAR) method, which will be explained more in depth in Section 3.3.2.

3.3.2 The SPAR method

The Symmetric Projection Attractor Reconstruction (SPAR) method [31] is a non-fiducial points-based
method that combines mathematics and cardiovascular physiology to quantify pulse waveform morphology
and variability. Given a raw pulse wave signal, the average cycle length is first estimated for the selected time
window. Next, a three-dimensional (3D) attractor is generated using three delay coordinates, each separated
by one-third of the average cycle length. The 3D attractor is then projected onto a two-dimensional (2D)
plane normal to the unit vector and converted into a density plot (Figure 8a). This plot is the final attractor
image used to train and validate CNNs in this work.

3.3.3 Deep learning model

The CNN used in this study was based on a simplified TinyVGG architecture originally presented by Wang
et al. [32]. It comprises two convolutional blocks followed by a final classification layer, as shown in Figure
8b.

3.3.4 Model training

AuroraBP data from both protocols was considered for analysis, and the data was stratified according to the
“optical quality” value. Thresholds of 0.65, 0.75, 0.85 and 0.95 were considered separately for four different
training scenarios, which were then combined with a varying number of training epochs (namely 25, 50, 75
and 100 epochs of training). The aim of these different settings was to assess model performance in relation
to data quality and training time. Results for the different scenarios are presented in Figures 9 and 10
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Figure 8: Symmetric-Projection-Attractor-Reconstruction (SPAR) and Convolutional Neural Network
(CNN) pipelines. (a) The SPAR pipeline processes a raw signal into a SPAR attractor image (density plot).
(b) Schematic of the CNN architecture used for classifying SPAR attractor images as hypertensive or non
elevated.

3.3.5 Discussion

This study employed predefined training and test splits of the AuroraBP dataset, which were stratified by sex,
to evaluate sex classification from photoplethysmography (PPG) signals using the SPAR method. Although
our results indicate reasonable classification performance of around 70%, these findings should be interpreted
with caution. The dataset splits were not controlled or disaggregated with respect to several key confounding
variables, including age, disease status (hypertensive, controlled hypertensive, or non-hypertensive), active
medication use, time of day and body posture during acquisition, and sampling environment (laboratory
versus community settings).

As a result, it is not possible to determine whether one or more of these factors were unevenly distributed
across the training and test sets, potentially contributing to the observed classification performance.

Furthermore, visual inspection of the resulting SPAR attractor images did not reveal clear or systematic dif-
ferences between sexes, leaving the specific signal characteristics driving classification performance uncertain.
Consequently, the present analysis cannot establish whether the model is detecting sex-specific physiological
differences or exploiting correlated confounding factors. Future work should explicitly control for, or stratify
by, these variables to isolate the contribution of sex to PPG-derived features. Only through such rigorously
controlled analyses can robust conclusions regarding sex-specific differences in PPG signals be drawn.
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Figure 9: Model performance for different quality thresholds, increasing training time. Top to bottom, left
to right: 25 epochs, 50 epochs, 75 epochs and 100 epochs.

Figure 10: Model performance for different training times, increasing quality thresholds. Top to bottom,
left to right: optical quality over 0.65, optical quality over 0.75, optical quality over 0.85 and optical quality
over 0.95.
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4 A1.3.3 – Out-of-distribution evaluation

KTU, with support from NPL, UCAM and KCL will identify datasets from A2.1.4 that are suitable for
out-of-distribution evaluation. KTU will develop parametric noise models for PPG data that can be used to
artificially increase the noise level of the original datasets. For both kinds of out-of-distribution data, NPL
and Uni-Oldenburg will carry out the following analyses:
First, NPL will repeat the analyses from A1.3.1 for evaluation on out-of-distribution data to study the
robustness of both accuracy as well as uncertainty with the metrics of A1.1.6 and A1.2.6, respectively, for at
least two selected models from A1.1.2-A1.1.5. Second, Uni-Oldenburg will implement a common evaluation
framework to assess the quality of uncertainty estimates based on the ability to distinguish in-distribution
from out-of-distribution data.

While there are several scalable uncertainty quantification approaches that can be implemented on BP re-
gression models [2, 33, 34], the practical utility of uncertainty estimates depend on their reliability (i.e. how
well their magnitude correlates with the underlying doubt in a given prediction). For the model-based and
post-hoc approaches considered, uncertainty reliability may be optimised using predictions from a hold-out
dataset. E.g., model-based UQ techniques like Monte Carlo Dropout depend on model parameterisation,
which can be optimised using a grid search against uncertainty reliability while post-hoc methods fit the pre-
dictions from a hold-out calibration set to optimise uncertainty reliability. With this approach, the reliability
of the uncertainty estimates are optimised according to the model’s behaviour on this hold-out dataset. There
is no guarantee that the uncertainty reliability optimised for this dataset will generalise to other unseen data.
Therefore, the evaluation of the generalisability of uncertainty reliability is an essential aspect of assessing
the reliability of model performance.

Here, we investigate how the generalisability of uncertainty reliability may vary depending on the sources
of uncertainty considered by the model (e.g. epistemic uncertainty alone, or both aleatoric uncertainty and
epistemic uncertainty), as well as the type of UQ technique implemented (model-based approaches like Monte
Carlo Dropout, or post-hoc approaches like temperature scaling). We also assess how post-hoc methods may
influence generalisability by applying them to the uncertainties estimated with model-based approaches.
These are assessed with splits of the datasets used for training (independent and identically distributed (IID)
evaluation), as well as assessments on external out-of-distribution (OOD) datasets. We implement a large
range of metrics (provided by the uncertainty evaluation framework) to provide a comprehensive assessment
of uncertainty reliability.

We compare our results with other generalisbility studies performed on more generic tasks. E.g., [35] that
reported how post-hoc methods exhibited poorer generalisability than model-based approaches on image
classification tasks.

4.1 Atrial fibrillation detection using out-of-distribution data

4.1.1 Out-of-distribution data generation and parametric noise modelling

This task investigated the robustness of the atrial fibrillation detection performance and associated uncer-
tainty estimates under OOD conditions in simulated PPG signals [36]. The OOD data were generated by
augmenting the simulated artifact-free PPG signals with parametrised models of realistic PPG artifacts [37],
including device displacement, forearm motion, hand motion and poor contact of different durations (4 s, 8
s, 12 s) as shown in Figure 11. This allowed a systematic assessment of how different types and durations
of artifacts affect both the accuracy and uncertainty of the classification. Figure 12 shows the input signals,
main processing stages, and classification outputs of the two AF detection models.

Each artifact type is generated by filtering white noise with a high-order FIR filter whose frequency response
is controlled by a spectral slope sampled from a Gaussian distribution and scaling the amplitude using a
Gamma-distributed normalised RMS [37]. Table 21 summarises the parameters used for artifact generation.
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Figure 11: Different types of simulated artifacts in the investigation dataset and their representation in the
PPG signal. An inserted 8 s artifact is shown in red.

Table 21: Parameters of spectral slope and normalised RMS for artifact types.

Artifact type µ̂i σ̂i α̂i β̂i α̂i/β̂i

Device displacement -32.34 6.03 0.88 0.04 22.0

Forearm motion -29.39 5.71 1.44 0.31 4.65

Hand motion -25.45 4.13 1.40 0.45 3.11

Poor contact -18.12 4.10 2.01 1.24 1.62

4.1.2 Atrial fibrillation detection models

Two AF detection models were evaluated. The first model was a convolutional neural network (CNN)
operating directly on fixed-length PPG waveform segments (Dr). The second model was a feed-forward
neural network classifier operating on AF-related rhythm irregularity features together with a signal quality
index reflecting the proportion of usable signal (Df ) [38]. The generalised pipelines of both detectors are
shown in Figure 12.

4.1.3 Datasets and preprocessing

The AF training cohort included 15 patients (age 72.9±8.9 years; BMI 28.3±5.9 kgm−2; observation period
21.3 ± 3.8 h), while the non-AF cohort included 19 patients (age 67.5 ± 10 years; BMI 28.0 ± 5.0 kgm−2;
observation period 21.6 ± 3.1 h) [38]. After balancing by record (not by patient), the training set contained
37,102 AF and 37,102 non-AF 25 s segments, and the validation set contained 8,430 AF and 8,430 non-AF
segments. Separate patients were used for the training and validation datasets. No signals were excluded
based on signal quality.
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Figure 12: Block diagrams of the AF detectors under investigation: Detector Dr that uses the PPG signal
as input, and detector Df that uses AF-related rhythm irregularity features with a signal quality index.

A test set of 20,000 artifact-free simulated PPG signals was generated (10,000 AF and 10,000 non-AF), each
25 s long. For each artifact type, artifacts of 4 s, 8 s, and 12 s were added to all baseline signals, resulting in
a total of 20,000 + 20,000× 4× 3 = 260,000 simulated PPG signals.

PPG signals were preprocessed using a zero-phase Butterworth bandpass filter [39] with a passband of 0.5–
5Hz. For the waveform-based CNN detector, each 25 s PPG segment was resampled to 32Hz and represented
by 800 samples, which were normalised using z-score standardisation prior to inference.

4.1.4 Uncertainty evaluation methods

Uncertainty was quantified using three complementary approaches: threshold-based error rate analysis at
multiple decision thresholds, conformal prediction to identify confident, ambiguous, or rejected predictions,
and Monte Carlo Dropout, which estimates predictive entropy by generating multiple stochastic forward
passes.

4.1.5 Out-of-distribution effects on prediction distributions

Figure 13 shows how the OOD artifacts affect the distribution of the model output. Although both detectors
exhibit bimodal distributions for artifact-free signals, increasing artifact duration leads to flattened and shifted
distributions, particularly for the feature-based detector. Device displacement causes the largest deviation
from the in-distribution prediction patterns.

4.1.6 Out-of-distribution effects on detection performance

Figure 14 shows the effect of artifacts on sensitivity and specificity. Sensitivity decreases markedly with the
duration of the artifact, especially with device displacement, while specificity trends differ between detectors.
In general, Df performs better under short artifacts, while Dr is less sensitive to artifact duration. Figure 15
presents threshold-based error rates, demonstrating how increasing decision thresholds amplifies performance
differences under OOD conditions.
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Figure 13: Effect of artifacts on prediction frequency of detectors Dr and Df for PPG signals with AF and
non-AF. Black represents the distribution for signals without added artifacts, and progressively darker
colour shades indicate distributions for longer artifact durations, ranging from 4 s to 12 s in 4 s increments.

0

0.2

0.4

0.6

0.8

1

S
en

si
ti

v
it

y

Device

displacement

Forearm

motion

Hand

motion

Poor

contact

0

0.2

0.4

0.6

0.8

1

S
p

ec
if

ic
it

y

Figure 14: Effect of artifacts on sensitivity and specificity of Dr and Df . Sensitivity is defined as the
proportion of correctly detected AF cases, while specificity is the proportion of correctly detected non-AF
cases. Shades ranging from lighter to darker indicate increasing artifact durations, starting from no artifact
and progressing up to 12 s in 4 s increments.

42



0 4 8 12

Artifact duration, s

0

0.1

0.2

0.3

0.4

0.5
Device displacement

0 4 8 12

Artifact duration, s

0

0.1

0.2

0.3

0.4

0.5
Forearm motion

0 4 8 12

Artifact duration, s

0

0.1

0.2

0.3

0.4

0.5
Hand motion

0 4 8 12

Artifact duration, s

0

0.1

0.2

0.3

0.4

0.5
Poor contact

 = 0.5  = 0.7  = 0.9

Figure 15: Threshold-based error rate E of Dr and Df under different artifact types and durations.

4.1.7 Out-of-distribution effects on uncertainty

Figure 16 shows the proportion of uncertain predictions obtained using conformal prediction at different
coverage levels. For Dr, uncertainty remains relatively stable throughout the duration of the artifact, whereas
for Df uncertainty increases with the severity of the artifact. Table 22 summarises the composition of
conformal prediction sets for artifact-free data at different coverage levels. Monte Carlo Dropout results in
Figure 17 show that predictive entropy increases with dropout rate and artifact severity, with Dr consistently
exhibiting higher entropy than Df .

4.1.8 Reduction of false positives

Uncertainty estimates can be used to suppress unreliable decisions under OOD conditions. Figure 18 demon-
strates that discarding uncertain predictions using conformal prediction substantially reduces false positives,

Table 22: Composition of the conformal prediction sets and proportion of uncertain decisions U .

Detector γ AF non-AF Both Neither U

Dr 0.99 2226 0 7774 0 0.78

0.95 4517 2818 2665 0 0.27

0.90 5131 4602 267 0 0.03

Df 0.99 1605 4089 4306 0 0.43

0.95 4924 4908 168 0 0.02

0.90 4584 4725 0 691 0.07
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particularly for severe artifacts.

4.1.9 Discussion

The OOD evaluation demonstrates that AF detection performance and uncertainty are strongly influenced
by both the type and duration of PPG artifacts. While both detection models experience performance degra-
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dation under OOD conditions, their behaviour differs substantially, highlighting complementary strengths
and limitations.

Across all experiments, device displacement emerged as the most detrimental artifact type, leading to the
largest reduction in sensitivity and the most pronounced changes in prediction distributions. This is consistent
with the large amplitude and broadband nature of this artifact, which distorts the pulsatile component of
the PPG signal. In contrast, forearm motion, hand motion, and poor contact generally caused more gradual
degradation, with effects that depended on artifact duration and model type.

The waveform-based CNN detector (Dr) exhibited an abrupt drop in performance when artifacts were in-
troduced but showed relatively limited sensitivity to increasing artifact duration. This suggests that once
the waveform structure deviates sufficiently from the training distribution, the model performance degrades
rapidly, after which additional corruption has a smaller marginal effect. The feature-based detector (Df ), on
the other hand, demonstrated better robustness to short-duration artifacts but became increasingly unreli-
able as artifact duration increased, reflecting its dependence on accurate pulse detection and rhythm feature
extraction.

Importantly, the results show that classification accuracy alone does not fully capture model reliability under
OOD conditions. Changes in uncertainty estimates did not always mirror changes in sensitivity or specificity,
particularly for longer artifacts. Conformal prediction proved effective in explicitly identifying signals for
which reliable classification was not possible, enabling a clear separation between confident predictions and
those affected by distributional shift. This behaviour is especially valuable in practical screening scenarios,
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where suppressing unreliable outputs is preferable to producing potentially misleading classifications.

Monte Carlo Dropout further highlighted differences in internal model behavior. The consistently higher
predictive entropy observed for the waveform-based model indicates greater model uncertainty under cor-
rupted signal conditions, whereas the feature-based model produced lower entropy values, reflecting its lower-
dimensional and more constrained representation. These findings underline that different uncertainty estima-
tion methods capture complementary aspects of model reliability and should not be interpreted in isolation.

From an application perspective, the reduction in false positives achieved by discarding uncertain predictions
demonstrates the practical benefit of uncertainty-aware decision-making. Under severe artifact conditions,
particularly device displacement, uncertainty-based filtering substantially reduced false alarms without re-
quiring changes to the underlying classifiers. This supports the integration of uncertainty estimation into
wearable AF screening pipelines as a mechanism for improving reliability under real-world conditions.

Overall, the OOD evaluation shows that uncertainty-aware analysis provides essential information beyond
conventional performance metrics. The complementary behaviour of waveform-based and feature-based de-
tectors suggests that hybrid or adaptive strategies—selecting or weighting model outputs based on signal
quality and uncertainty—could further improve robustness. These findings directly support the objectives of
robust AF detection under realistic, artifact-prone conditions and provide a foundation for uncertainty-guided
decision strategies in downstream tasks.

4.2 Blood pressure prediction using out of distribution data

4.2.1 Methods

We return to the problem of predicting blood pressure from PPG signals. Models predict both systolic blood
pressure (SBP) and diastolic blood pressure (DBP) (see [1] for more details).

Table 23 summarises the datasets used in this study. Following [1], models are trained on PulseDB [40]
(in-distribution (ID) datatset) and evaluated on external out-of-distribution datasets (OOD) [41]. Based on
prior evidence that AAMI-Vital of PulseDB, improves OOD generalisation [42], we decided to use it as the
in-distribution training set. The OOD datasets include Sensors, UCI, BCG, and PPGBP datasets. Further
details are provided in [41].

Table 23: Summary of the datasets utilised in this study.

ID dataset OOD dataset

Metric AAMI-VitalDB Sensors UCI BCG PPGBP

Subjects 1,409 1,195 10,793 40 218

Total Duration (h) ∼1489 ∼15 ∼570 ∼4 <1

Segments (count , length) 536,358 , 10s 11,102 , 5s 410,596 , 5s 3,063 , 5s 619 , 2.1s

Age (years, mean ± SD) 58.75 ± 14.91 57.1 ± 14.2 unknown 34.2 ± 14.5 56.9 ± 15.8

Gender (% female) 41.98 40.2 unknown 55.5 53.1

SBP (mmHg, mean ± SD) 115.65 ± 18.95 134.36 ± 21.78 131.57 ± 11.16 120.99 ± 15.29 128.02 ± 20.50

DBP (mmHg, mean ± SD) 63.05 ± 12.07 65.37 ± 10.51 66.79 ± 10.48 67.23 ± 9.30 71.91 ± 11.20

4.2.2 Results

Table 24 shows that total uncertainty is larger for OOD inputs. Modelling aleatoric uncertainty with a Gaus-
sian negative log likelihood (GNLL) loss function provides better calibrated uncertainties (i.e. lower expected
normalised calibration error (ENCE) scores) and mostly superior predictive performance than implementing
Monte Carlo Dropout (MCD) with a mean squared error (MSE) loss, where the majority of the uncertainty
for GNLL-optimised models is aleatoric.
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Table 24: Comparison of prediction accuracy and uncertainty for GNLL and MSE losses using a dropout
rate of 4%. All models are trained on the AAMI-Vital dataset.

Test Dataset MAE (mmHg) ↓ Uncertainty SBP/DBP (mmHg) ↓ ENCE ↓
Epistemic Aleatoric Total

SBP DBP SBP DBP SBP DBP SBP DBP SBP DBP

GNLL (Dropout = 4%)

AAMI-Vital (ID) 18.26 12.53 0.83 0.00 9.80 7.22 9.83 7.22 1.28 1.10

BCG (OOD) 12.54 9.60 1.51 0.90 12.17 9.22 12.26 9.27 0.29 0.31

Sensors (OOD) 17.76 14.73 1.81 1.05 14.39 10.73 14.51 10.78 0.57 0.58

UCI (OOD) 18.91 13.81 1.99 1.14 15.01 11.15 15.14 11.21 0.62 0.46

PPGBP (OOD) 16.72 12.95 2.28 1.31 15.18 11.49 15.35 11.57 0.40 0.38

MSE (Dropout = 4%)

AAMI-Vital (ID) 18.92 12.43 1.73 0.71 – – 1.73 0.71 23.61 24.97

BCG (OOD) 16.74 9.20 1.21 0.71 – – 1.21 0.71 17.26 17.10

Sensors (OOD) 17.90 13.10 1.81 0.69 – – 1.81 0.69 18.95 22.43

UCI (OOD) 19.39 11.65 1.21 0.71 – – 1.21 0.71 19.89 20.10

PPGBP (OOD) 20.94 10.26 1.53 0.94 – – 1.53 0.94 15.79 12.83

Uncertainty reliability as assessed with the ENCE is better for OOD datasets for both modelling approaches.
Predictive performance (as measured by the mean absolute error (MAE)) is also better for some OOD
datasets than the ID data. The larger scale and duration of the ID test data likely provides a more diverse
range of outputs compared to other datasets that may result in poor generalisability, where there appears to
be a negative correlation between predictive performance and the number of segments considered across the
datasets. Similarly, the ENCE for SBP has a positive correlation with the number of segments, which may
suggest that variability across a larger number of samples results in poorer uncertainty reliability. However,
this is not consistent with the trend observed for DBP.

There is a positive correlation between SBP mean, and SBP ENCE, and a negative correlation for DBP
mean and DBP ENCE; this suggests that shifts in label distribution do not affect uncertainty reliability in
a consistent manner.

While there are few consistent trends, it is apparent that uncertainty reliability does not generalise here
for either modelling approach, and that there is considerable variability across the datasets. These results
suggest that the composition/properties of previously unseen data should be carefully considered when using
uncertainty quantification. It is not clear as to whether epistemic or aleatoric contributions alone are better
indicators of OOD nature of the data.

4.3 Sleep apnea detection using out-of-distribution data

4.3.1 Introduction to apnea-related definitions

Apnea episode - a lack of an airflow for at least 10 s with an associated SpO2 decrease of at least 3–4 %
and/or arousals.

Hypopnea episode - a 50 % or greater reduction in airflow for at least 10 s with an associated SpO2 decrease
of at least 3–4 % and/or arousals.

Sleep apnea segment - 1 min signal segment containing at least 1 apnea/hypopnea episode.

Sleep apnea burden - a proportion of sleep apnea segments per subject signal.
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4.3.2 Data: In-distribution subsets

The Multi-Ethnic Study of Atherosclerosis (MESA) dataset [43] comprises data from 2055 patients (53.63 %
female), aged between 54 and 95 years. It contains a total of 16,300 hours of fully annotated overnight
polysomnography (PSG) recordings collected during a sleep study (2010-2012), funded by the National Heart,
Lung, and Blood Institute. The average age of subjects is 69.37±9.12 years. Participants included in the
study had not used treatments for sleep apnea, such as continuous positive airway pressure or oxygen devices,
for more than a month prior to the study, or only used it less than once a week. The dataset represents
a cohort, featuring participants from a variety of racial/ethnic groups, including White, African American,
Hispanic, and Chinese American individuals.

PSG recordings were obtained by the patients at home using the Compumedics Somte monitoring system
(Compumedics Ltd., Abbotsville, Australia). The dataset includes signals such as PPG, ECG, electroocu-
lography (EOG), electroencephalography (EEG), electromyography (EMG), SpO2, nasal airflow, snoring,
abdominal and thoracic movements. The sampling rate of PPG and ECG signals is 256 Hz. PPG signals
were recorded from the finger using the Nonin 8000 sensor. In addition, time labels and durations of apnea
and hypopnea episodes in the respiratory flow signal are annotated. However, this database is not open-access
and is only available on request. The MESA dataset has already been used in the following state-of-the-art
studies [44, 45].

4.3.3 Data: Out-of-distribution subsets

The open-access Obstructive Sleep Apnea Stroke Unit Dataset (OSASUD) polysomnography dataset [6]
involves 30 patients (36.67 % female) admitted to the stroke unit at the Clinical Neurology Unit of Udine
University Hospital between 2019-2020 due to suspected cerebrovascular events, such as ischemic and hem-
orrhagic stroke, or transient ischemic attack. The dataset provides information of subject age (68.97 ± 11.22
years), the body mass index (29.17 ± 5.74 kg/m2), the apnea-hypopnea index (25.43 ± 21.31 counts/h), and
signal duration (8.91 ± 1.47 h). Patients of age <18 years, those unable to comply with standard require-
ments for PSG monitoring, individuals with severe aphasia impacting understanding or consent, and those
at high risk of alcohol or drug withdrawal syndrome were excluded from the study. Notably, conditions such
as obesity, diabetes mellitus, atrial fibrillation and other cardiac diseases did not serve as exclusion criteria.

The dataset includes PSG signals such as finger photoplethysmography (PPG), electrocardiography (ECG),
oxygen saturation (SpO2), respiratory rate, perfusion index, heart rate, nasal airflow, snoring, 3-axis ac-
celerometer, abdominal and thoracic movements. The sampling rate of PPG and ECG signals is 80 Hz, while
respiratory rate and SpO2 time series are sampled at 1 Hz. In addition, SpO2 values < 50 % or > 100 % were
identified as artifacts and marked as null. This method was similarly applied to heart rate measurements
< 20 bpm or > 200 bpm, as well as respiratory rate values < 5 bpm or > 40 bpm.

Recorded PSG data underwent thorough analysis using the Embla RemLogic software, version 3.4.1.2371
(Natus Medical Inc., Pleasanton, CA, USA), which facilitates signal processing, detailed examination, and
annotation procedure. The OSASUD data were annotated by a trained sleep medicine physician based on the
sleep scoring guidelines established by the American Academy of Sleep Medicine, identifying occurrences of
central, obstructive, mixed apnea, and hypopnea events (1 s granularity). The OSASUD dataset has already
been used in the following state-of-the-art studies [46, 47, 48, 49]. A comparison of the two datasets used is
provided in Table 25.

In our experiments, the MESA dataset was used for training, validation, and for in-distribution (ID) test-
ing. As already mentioned, this dataset consists of 2055 subjects, but we only used those with the highest
polysomnography study quality grade and the apnea-hypopnea index AHI > 25 (due to class imbalance issues
between true positives and true negatives). For the out-of-distribution (OOD) case, the OSASUD dataset
was used. Moreover, PPG features were standardised for each subject individually in order to handle OOD
data. Apnea burden distributions in ID and OOD datasets are provided in Figure 19.
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Table 25: Dataset differences between MESA and OSASUD.

Dataset differences #1 MESA #2 OSASUD

Population shift Diverse population: White, African
American, Hispanic, and Chinese
American participants

Racial/ethnic groups not considered

Population shift General population After-stroke patients

Environmental conditions
Home: full overnight unattended
polysomnography, 6 hospitals

Hospital: the Clinical Neurology
Unit, Udine, Italy

Device drift Compumedics Somte monitoring
system (Compumedics Ltd., Aus-
tralia)

Embla RemLogic (Natus Medical
Inc., Pleasanton, USA)

PPG sensor drift Nonin 8000 sensor (finger PPG,
sampling rate – 256 Hz)

Embletta polysomnograph + Min-
dray monitoring system (finger
PPG, sampling rate – 80 Hz)

4.3.4 Methods: PPG feature estimation and labelling

As model inputs, five PPG pulse wave features were used (see Figure 20), namely pulse wave interval, Tp;
peak-to-peak amplitude, App; maximum slope of PPG, Smax; systolic time, ST ; diastolic time, DT . In
addition, oxygen saturation SpO2 time series were used separately as a model input, and also together with
PPG pulse wave features. An illustration of signal segment labelling is showed in Figure 21.
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Figure 19: Apnea burden distributions in ID and OOD datasets. Training, validation and ID testing
datasets show a symmetric distribution of data according to apnea burden, while the OOD testing dataset
shows an asymmetric distribution.
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Figure 20: PPG features estimated from PPG pulse waveforms.

Figure 21: An illustration of signal segment labelling: A sleep apnea segment is defined as a 1 min signal
segment containing at least 1 apnea/hypopnea episode (the pink colour shows apnea/hypopnea episodes);
true positives (apnea segments) – 1, true negatives – 0.
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4.3.5 Methods: Model architectures and performance metrics

In our experiments, we used two artificial neural network architectures - CNN-GRU (see Figure 22) and
Inception1d (see Figure 23).

In order to evaluate model performance, we used the metrics sensitivity, specificity, balanced accuracy, and
F1-score. Additionally, the mean absolute error (MAE) of the estimated apnea burden and the proportion
of absolute differences (less than 10%) between the true and estimated apnea burden values were calculated.

4.3.6 Results: ID and OOD testing

The combination of PPG features and SpO2 demonstrated the highest sensitivity, accuracy and F1-score
in the ID testing case (see Tables 26 and 28). However, in the OOD testing case (see Tables 27 and 29),
SpO2 input demonstrated the highest specificity metric and a significantly lower MAE of the estimated apnea
burden in most cases. During OOD testing, no significant differences were observed in accuracy and F1-score,
i.e. the difference is less than 2%, when comparing PPG features + SpO2 vs. only SpO2. The lowest MAE
of the apnea burden was obtained when only SpO2 was used as the model input.

When comparing OOD and ID testing, as expected, the ID case (see Tables 26 and 28) showed higher perfor-
mance metrics. When comparing models, the CNN-GRU model (see Tables 26 and 27) performed significantly
better than the Inception1d model, especially on OOD data, thus suggesting better generalisation.

Additional experiments were performed by resampling PPG signals with different sampling rates (see Figure
24). The results showed that reducing the PPG sampling frequency did not significantly affect the performance
metrics when using PPG feature time series for classification. However, we can see that changing the PPG
sampling rate had a more significant impact (albeit small) on OOD generalisation.

4.3.7 Discussion

The results highlight a clear distinction between model behaviour in ID and OOD settings. When evaluated
on ID data, both architectures — CNN-GRU and Inception1d — benefit from combining PPG features with
SpO2, with the CNN-GRU model performing particularly well in sensitivity, accuracy, and F1-score metrics.
This suggests that PPG and SpO2 together provide complementary information, helping the models detect
apnea events more reliably when the test data match the training distribution. However, the trend changes
substantially in the OOD testing. SpO2 alone consistently delivers better or more stable performance than the
combined feature set, especially for the CNN-GRU model, which outperforms Inception1d in nearly all OOD
metrics. The degradation observed when PPG features are included suggests that these features may encode
domain-specific patterns that do not generalise well to new patient populations or recording conditions. This
leads to a form of overfitting where the model becomes sensitive to subtle PPG characteristics that are not
preserved across datasets. The OOD robustness of SpO2-only models, although initially counterintuitive,
indicates that SpO2 carries more invariant and transferable information across domains. In general, the
findings emphasise that while multimodal features improve ID performance, generalisation requires careful
feature selection, and future work should investigate how to make PPG features less domain-dependent.
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Figure 22: The model architecture structure of CNN-GRU.

Figure 23: The model architecture structure of Inception1d.
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Table 26: Performance metrics obtained using the CNN-GRU model. A difference of > 2 % is shown in
bold (PPG features + SpO2 vs. SpO2). PPG sampling rate = 32 Hz, ID testing (batch size = 1024,
learning rate = 0.001).

fs = 32 Hz PPG 5 features SpO2 PPG 5 features + SpO2

Sensitivity 49.56 68.16 76.61

Specificity 78.64 73.12 72.08

Balanced accuracy 64.10 70.64 74.34

F1-score 55.55 66.65 71.47

MAE (apnea burden) 16.59 7.81 9.77

Proportion (MAE < 10) 36.67 70.00 43.33

Table 27: Performance metrics obtained using the CNN-GRU model. A difference of > 2 % is shown in
bold (PPG features + SpO2 vs. SpO2). PPG sampling rate = 32 Hz, OOD testing (batch size = 1024,
learning rate = 0.001).

fs = 32 Hz PPG 5 features SpO2 PPG 5 features + SpO2

Sensitivity 61.63 72.10 73.31

Specificity 56.75 65.92 61.18

Balanced accuracy 59.19 69.01 67.25

F1-score 48.91 59.27 57.63

MAE (apnea burden) 27.81 17.25 19.61

Proportion (MAE < 10) 10.00 33.33 33.33

Table 28: Performance metrics obtained using the Inception1d model. A difference of > 2 % is shown in
bold (PPG features + SpO2 vs. SpO2). PPG sampling rate = 32 Hz, ID testing (batch size = 1024,
learning rate = 0.001).

fs = 32 Hz PPG 5 features SpO2 PPG 5 features + SpO2

Sensitivity 59.24 62.26 72.21

Specificity 70.45 79.41 75.53

Balanced accuracy 64.84 70.84 73.87

F1-score 59.47 65.50 70.37

MAE (apnea burden) 13.72 6.50 8.00

Proportion (MAE < 10) 36.67 70.00 66.67

Table 29: Performance metrics obtained using the Inception1d model. A difference of > 2 % is shown in
bold (PPG features + SpO2 vs. SpO2). PPG sampling rate = 32 Hz, OOD testing (batch size = 1024,
learning rate = 0.001).

fs = 32 Hz PPG 5 features SpO2 PPG 5 features + SpO2

Sensitivity 59.77 63.55 67.14

Specificity 55.42 70.39 64.26

Balanced accuracy 57.60 66.97 65.70

F1-score 47.27 56.39 55.54

MAE (apnea burden) 25.90 16.05 19.38

Proportion (MAE < 10) 20.00 26.67 26.67
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Figure 24: Balanced accuracy and MAE dependence on PPG sampling rate.
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5 A1.3.4 – Dependence of results on different factors

PTB, FVB, KTU and THM will investigate the dependence of the results from A1.3.1 and A1.3.2 on the
number of samples, sampling rate, pre-processing (smoothing, filtering, coherent averaging, periodification,
additional transformations, etc.) and further PPG-specific dataset characteristics such as baseline wander,
signal to noise ratio (modifiable for synthetic datasets or through adding additional parametric noise as in
A1.3.3), length of signals, label noise, real vs. synthetic data.

We study how predictive performance and uncertainty calibration of machine learning models depend on
several dataset characteristics. In particular, we examine the effects of additive Gaussian noise, high-pass
and low-pass Butterworth filtering, and the sizes of the training and validation sets on two state-of-the-art
1D convolutional architectures, PP-Net [50] and XResNet1d50 [51].

Our experiments cover one classification dataset, Deepbeat [52], where the task is to detect atrial fibrillation,
and one regression dataset, VitalDB [53], where the task is to predict a patient’s blood pressure. We use the
same preprocessed versions of the datasets as described in [1]. The VitalDB dataset is further subdivided
into two datasets, calib and calibfree. In calib, the same subjects appear in the training, validation and test
splits, so that the models can calibrate to the individual subjects. In calibfree, the dataset splits were created
with samples coming from different subjects, meaning that the subjects in the test and validation splits did
not appear in the training split.

We observe that, although these dataset transformations substantially affect model accuracy, the uncertainty
calibration — as measured by ACE (adaptive calibration error) for classification and ENCE (expected nor-
malised calibration error) for regression — remains comparatively stable, with notable deviations only in a
few specific cases.

5.1 Number of samples

To investigate the relevance of the dataset size, we train the models only on a fraction of the training and
validation set and then evaluate it on the full test set. To generate the smaller sets, we draw the samples
randomly from the original dataset. The original datasets have the following sizes: calib has 419k samples
for the training and 41k for the validation dataset, calibfree 417k for training and 32k for validation, and
Deepbeat 106k for training and 15k for validation.

As shown in Figure 26 for the calib dataset, the MAE decreases approximately linearly when plotted against
the logarithm of the number of samples for both models. For the calibfree dataset (Figure 25 centre), the
MAE decreases initially, but then plateaus when around 6% of the samples are included in the training and
validation set, thus with around 25k samples the models seem to have learned all they can learn from this
dataset.

The fact that the models plateau at some MAE value and cannot learn further can be explained with
blood pressure measurement noise. Measurement devices used in the VitalDB dataset [53] include the Solar
8000M Patient Monitor [54] that has an indicated clinical standard deviation of blood pressure readings of
8 mmHg. Then, an evaluation of various blood pressure measurement studies [55] showed that finger-based
pressure measurements have a standard deviation of 11.7 mmHg for systolic and 7.7 mmHg for diastolic
blood pressure compared to a reference device. Combining the error sources, from the reference measurement
device σdevice, and finger based versus reference measurement variability σreference, and assuming that they
are independent, we can calculate the standard deviation of finger-based pressure measurement as σfinger =√
σ2
device + σ2

reference. The mean absolute error, making the simplifying assumption that the blood pressure
errors are normally distributed, can then be calculated as MAE ≈ 0.8σ. This leads to MAE(SBP) ≈
0.8

√
11.72 + 82 mmHg ≈ 11.3 mmHg and MAE(DBP) ≈ 0.8

√
7.72 + 82 mmHg ≈ 8.9 mmHg. Since PPG

curves are measured by finger-tip devices, they presumably contain information about finger blood pressure,
and the theoretical lower bound on the MAE for models trained on such a dataset should be around these
values. Indeed, the models achieve a minimal MAE of 12.5 mmHg for systolic and 7.8 mmHg for diastolic
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Figure 25: Influence of the number of samples in the training/validation set on prediction performance as
measured by MAE and AUC. Data fraction is the fraction of the training dataset used for training.

Figure 26: Influence of the number of samples in the training/validation set on prediction uncertainty
calibration as measured by ENCE and ACE. Data fraction is the fraction of the training dataset used for
training.

blood pressure, which is close to the expected MAE for such a measurement.

In contrast, the reason that in the calib case the MAE can be further decreased by increasing the number
of samples is that there is more information that the models can learn to improve the predictions for unseen
samples. In calib, subjects are present in both training and test sets, so the models can exploit subject-
specific PPG features; in calibfree, train and test subjects are disjoint, and such subject-specific fitting harms
generalisation. To learn the subject-specific features the networks need more samples.

For Deepbeat (Figure 25 right), both models exhibit substantial AUC gains with increasing dataset size,
plateauing around 0.85. ResNet starts from a lower AUC and improves more smoothly with sample size,
whereas PP-Net begins higher but shows a delayed, sharper increase once around 1−2 % of the data is used.
With a larger dataset the models would still be able to further increase the accuracy.

The calibration metrics do not show a consistent trend across datasets. For the calib case (Figure 26 left),
fewer samples seem to lead to a slightly smaller ENCE, while for the calibfree case (Figure 26 center) fewer
samples lead to a higher ENCE with a higher variability. For Deepbeat (Figure 26 right), the ACE of the
PP-Net model remains in the range of 4 − 12 %, whereas the ResNet model has a high calibration error of
around 40 % when using only 0.1 % of the samples, and decreases when using more samples.
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Figure 27: Influence of Gaussian noise perturbations parametrised by the signal to noise ratio (SNR) on
prediction performance as measured by MAE and AUC.

Figure 28: Influence of Gaussian noise perturbations parametrised by the signal to noise ratio (SNR) on
prediction uncertainty calibration as measured by ENCE and ACE.

5.2 Additive Gaussian noise

We perturb the signals by adding white Gaussian noise at a specified signal-to-noise ratio (SNR). For each
signal, we first generate a noise time series of equal length by sampling from a standard normal distribution.
We then rescale this noise so that the ratio between the signal energy and the noise energy—where energy is
defined as the variance of the time series—matches a target SNR expressed in decibels. The rescaled noise is
finally added to the original signal.

As expected, higher SNRs yield better performance. For the calib dataset (Figure 27 left), the MAE decreases
approximately linearly with SNR. At an SNR of 30 dB, the MAE nearly reaches the level of the clean signals,
at about 9.0 mmHg for systolic and 5.7 mmHg for diastolic blood pressure (cf. Section 5.1). The fact that even
very small noise (SNR=30 dB) affects the MAE shows that the model is learning very fine-grained-subject
related features.

For the calibfree dataset (Figure 27 center), performance improves only up to an SNR of 20 dB; beyond
this point, increasing the SNR does not lead to further gains. Similar to the discussion in Section 5.1, the
models achieve MAE values that are due to blood pressure measurement variability and the noise in the
signal becomes smaller than the noise in the finger-based blood pressure measurement.

For Deepbeat (Figure 27 right), the models increase in AUC linearly with an increase of SNR up to a SNR
of around 10 dB and then approach more slowly the noiseless AUC value of almost 0.85.

The calibration metrics for Deepbeat and calib show a clear reduction of the calibration error when the SNR
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Figure 29: Influence of filtering through a 4th order Butterworth high-pass filter with given cutoff frequency
on prediction performance as measured by MAE and AUC.

Figure 30: Influence of filtering through a 4th order Butterworth high-pass filter with given cutoff frequency
on prediction uncertainty calibration as measured by ENCE and ACE.

is low (Figure 28 left and right), which is to be expected. When the noise dominates, the signal contain no
information about the blood pressure, and the models can only learn global statistics of the dataset, such as
the mean and standard deviation for blood pressure regression and mean class probability for classification. A
forecaster that predicts exactly these global statistics is, in principle, perfectly calibrated under the assumed
data-generating distribution. This explicitly illustrates that calibration is not related to accuracy and can
be “good” even when predictions are uninformative. Interestingly, this does not happen in the calibfree case
(Figure 28 center), where the calibration error stays in the same range for all SNR values.

5.3 High pass filter

We used a 4th order Butterworth high-pass filter [39] to filter out low frequencies under a given cutoff.
Filtering out low frequencies results in removing artefacts unrelated to blood pressure such as baseline wander.

For the calib case (Figure 29 left), removing frequencies up to around 0.8 Hz had no significant impact on
the MAE, and setting a higher cutoff then lead to an increase of the MAE. The calibfree case was similar
(Figure 29 center), except that the increase in the MAE started at a higher cutoff and was less steep.

Models trained on the Deepbeat dataset also showed similar results (Figure 29 right); up to a cutoff value of
0.8 Hz there was no significant decrease in AUC. At a cutoff of 6.4 Hz, the AUC of ResNet decreased only
slightly, whereas PP-Net dropped sharply to 0.54, close to the AUC value of a random forecaster 0.5. This
shows that the ResNet can still learn, while too much information has been filtered out for PP-Net.
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Figure 31: Influence of filtering through a 4th order Butterworth low-pass filter with given cutoff frequency
on prediction performance as measured by MAE and AUC.

Figure 32: Influence of filtering through a 4th order Butterworth low-pass filter with given cutoff frequency
on prediction uncertainty calibration as measured by ENCE and ACE.

The calibration metrics do not show any clear relationship with the high-pass filter frequency cutoff (Figure
30).

5.4 Low pass filter

We used a 4th order Butterworth low-pass filter [39] to filter out high frequencies over a given cutoff. The
models did not show any significant increase or decrease of the MAE for the calib and calibfree dataset down
to a cutoff frequency of 4Hz, as shown in Figure 31 (left and center). A cutoff under that frequency lead to
less precise predictions and to a higher MAE for both models and both systolic and diastolic blood pressure
predictions. This implies that signals with a sampling rate of around 16 Hz (double frequency is needed due
to aliasing) appear to contain all the relevant information of the PPG curve for a model to predict the blood
pressure.

For the Deepbeat dataset (Figure 31 right), the cutoffs 4 Hz and 8 Hz produced slightly better AUC values
than higher cutoff or lower cutoff frequencies. However, there were few data points, so this may have been
due to random variation, and more experiments are needed to confirm it.

The calibration metrics did not exhibit any clear dependence on the cutoff frequency. The uncertainties
obtained by PP-Net are better calibrated, as shown in Figure 32 (right).
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5.5 Discussion

Across all experiments, dataset transformations had a pronounced effect on predictive accuracy, whereas
uncertainty calibration, as quantified by ACE and ENCE, was comparatively stable. For blood pressure re-
gression, the observed performance plateau is consistent with known variability of finger-based blood pressure
measurements, indicating a practical lower bound on MAE inherent to the acquisition modality rather than
the models. The relevant information of the PPG curves for blood pressure regression is contained mostly
in the frequencies up to 8 Hz, meaning that low sampling rates of 16 Hz are a sufficient data quality. The
two architectures performed comparatively well, where PP-Net obtained more accurate results in some cases
and ResNet in others. These findings suggest that, within realistic PPG acquisition conditions, moderate
variations in pre-processing and sampling primarily affect accuracy, while calibration remains relatively ro-
bust. Further work should extend this analysis to additional artefacts, sampling schemes, and calibration
approaches.

61



6 A1.3.5 – Disentangling aleatoric and epistemic uncertainty

NPL, LNE, IPQ and PTB will investigate aleatoric vs. epistemic for those uncertainty quantification methods
where the two can be disentangled (A1.2.1, A1.2.2, A1.2.5), while also varying the data quality and model
size. A1.3.1 and A1.3.2 will be partly reconsidered in this context using selected ML/DL models from A1.1.2-
A1.1.5 on suitable datasets of A2.1.4, but also the relative scales of epistemic vs. aleatoric uncertainty will be
investigated. LNE will investigate the relation between aleatoric uncertainty and accuracy for at least one of
the benchmark problems of A2.1.4. In addition, PTB and NPL will consider whether epistemic uncertainty
is the most appropriate for detecting out-of-distribution samples for at least one of the benchmark problems
from A2.1.4, which were assessed in A1.3.2.

It is possible to model several sources of uncertainty [33], where estimates of a given source may assist
with model prototyping or dataset curation. Therefore, it is of interest to evaluate how the composition
of uncertainties may change with respect to variations in dataset and architecture. Epistemic (reducible
model uncertainty), and aleatoric uncertainty (irreducible data uncertainty) are the most significant sources
of uncertainty in most practical measurement scenarios. The former can be reduced with a more effective
choice of model architecture, or more comprehensive dataset, while the latter is irreducible, and intrinsic
to the task or data (e.g. noise or ill-posedness). Most UQ techniques capable of modelling these sources of
uncertainty output a total uncertainty, where the contribution from either source must be disentangled from
the model’s estimate. Here, following the protocol described in [33] we model aleatoric uncertainty using
a Gaussian Negative Log-Likelihood for regression, and by learning logit variances for classification. The
Law of Total Variances is used for disentangling uncertainties output from regression models [56], while we
implement a custom approach for disentangling aleatoric from total uncertainty for classification (Algorithm
2). Epistemic uncertainty is modelled using Monte Carlo Dropout.

We aim to observe whether changes in the composition of predicted uncertainties may align with expectations
concerning choice of dataset or architecture. We trained to perform two tasks: the BP regression task as
described in [2, 1] and the sex classification task as described in Section 3.2. For the former, we consider a 1D
variant of AlexNet, and an XResNet, with dropout applied throughout each architecture. We considered two
custom splits of the VitalDB datset for BP regression: calibfree (no patient overlap in the splits) and calib
datasets (some patient overlap in the splits) as described in [2, 1]. For sex classification, we considered two
custom versions of the AuroraBP dataset and used them to train the same AlexNet architecture: model s1
was trained with high-quality signals (optical quality ≥ 0.65) and other details as described in Section 3.2.6,
while model s2 was trained on a dataset that retains signals of all qualities (no quality thresholding) and
that extracted only one instance from the raw PPG signals. The latter model, therefore, was trained on a
lower-quality and smaller dataset. Commentary on whether epistemic uncertainty is the most appropriate
for OOD detection is given in Section 4.2.2.

For classification, the model predicted means µi,c,t and variances σ2
i,c,t, which parametrise a Gaussian dis-

tribution over the logits zi,c,t for each class c, input i, and stochastic forward pass t. These parameters
were computed independently across T iterations. For each iteration t, we drew K = 100 samples from the
distribution

zi,c,t,k ∼ N (µi,c,t, σ
2
i,c,t)

for all classes, then applied a softmax to each sampled logits vector zi,t,k to obtain class probabilities pi,t,k

(see Algorithm 1). Aleatoric and total uncertainty were disentangled using a custom averaging procedure
inspired by Kendall et al. [33] (see Algorithm 2). The aggregated results reflected uncertainty as entropy over
the distributions derived from the sampling procedure, where prediction variance broadens the distribution.

For regression, the model fθθθ,ω(xi) output the mean and variance of a Gaussian distribution for each predicted
quantity. Using MAP estimation, it predicted

µSBP,i,t, µDBP,i,t, and variances σ2
SBP,i,t, σ

2
DBP,i,t

for input xi (e.g., a raw PPG time series), parametrising independent Gaussian distributions across T stochas-
tic forward passes. We then estimated the mean and both aleatoric and epistemic uncertainties using the
Law of Total Variance [56], as detailed in Algorithm 3.
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Algorithm 1 Monte Carlo Dropout Classification Training Loop

for each batch do
Compute predicted mean µi,c and variance σ2

i,c for each class c for each input i in the batch
for k = 1 to K do
for each class c do
Sample ϵi,c,k ∼ N (0, 1)
Compute sampled logit zi,c,k = µi,c + σi,cϵi,c,k

end for
Compute pi,k = softmax(zi,k)

end for
Compute average p̄i =

1
K

∑K
k=1 pi,k

Evaluate NLL on P where P is the batch of p̄i values.
end for

Algorithm 2 Monte Carlo Dropout Classification Evaluation Loop

for each input do
for t = 1 to T do
Acquire the predicted mean µc,t and variance σ2

c,t for each class c
for k = 1 to K do
for each class c do
Sample ϵc,t,k ∼ N (0, 1)
Compute sampled logit zc,t,k = µc,t + σc,tϵc,t,k

end for
Compute pt,k = softmax(xt,k)

end for
Compute average p̄t =

1
K

∑K
k=1 pt,k

end for
Hale =

1
T

∑T
t=1 H(p̄t)

Htotal = H( 1
T

∑T
t=1 p̄t)

Where Hale is the aleatoric uncertainty expressed as an entropy.
end for

6.1 Results

6.1.1 Blood pressure estimation

Figures 33, 34, 35 and 36 show the disentangled uncertainty estimates for each BP model/dataset, while
Table 30 shows the mean ratio of aleatoric and total uncertainty (variances). We found that the ratio is
consistent for SBP and DBP for a given model and task, where the models trained on the calibfree data
have total uncertainties composed of a larger proportion of aleatoric uncertainty compared to models trained
on the calib dataset. For calib, the uncertainty estimates from the larger XResNet model produced total
uncertainties with smaller proportions of aleatoric uncertainty compared to AlexNet, while little difference
was observed for the models trained on calibfree. A more significant proportion of aleatoric uncertainty for
the calibfree is in line with prior expectations given the lack of patient overlap and potential ill-posedness of
the prediction task [1]. The lower proportion of aleatoric uncertainty for the calib case for the larger XResNet
model compared to the AlexNet model contrasts with expectations that more capacity should lower epistemic
uncertainty. It is possible that some of this could be attributed to differences in how well-optimised each
model may be, but could also indicate the poor effectiveness of the disentanglement strategy.

Here, aleatoric uncertainty appears to broadly correlate with model performance (MAE) for the calib task;
i.e. a larger proportion of aleatoric uncertainty corresponds to lower predictive performance. Similar predic-
tive performance across the two models for calibfree is reflected in the comparable proportions of aleatoric
uncertainty for each model. This suggests that aleatoric uncertainty as disentangled here may be an effective
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Algorithm 3 Monte Carlo Dropout Regression Evaluation Loop

for each input i do
for t = 1 to T do
µt, σ

2
t = f(θθθ)

end for
µi =

1
T

∑T
t=1 µi,t

σ2
epi,i =

1
T

∑T
t=1(µi,t − 1

T

∑T
t=1 µi,t)

2

σ2
ale,i =

1
T

∑T
t=1 σ

2
i,k

end for

proxy metric for model performance.

Table 30: Aleatoric ratio and MAE by task and dataset, and for both models.

Task Ale ratio SBP (%) Ale ratio DBP (%) SBP MAE DBP MAE

calib AlexNet 97 97 10.24 6.64

calib XResNet 93 93 8.38 5.31

calibfree AlexNet 100 100 12.42 7.98

calibfree XResNet 100 100 12.53 7.89

6.1.2 Sex classification

Table 31 reports the testing performance of two AlexNet sex classifiers: s1 (optimal) and s2 (sub-optimal:
trained on a smaller, lower-quality dataset). Because s1 uses a dataset configuration that extracts multiple
instances from each raw PPG signal, it is trained on substantially more examples despite quality thresh-
olding. As expected, s1 achieved higher testing performance. Nevertheless, the two models remain broadly
comparable for the purposes of this analysis.

Aleatoric and total uncertainty estimates for s1 and s2 are illustrated in Figures 37 and 38, respectively.
The average aleatoric and total uncertainties and their ratio are also given in Table 32. As explained at
the beginning of this section, classification uncertainty is expressed as entropies. The following patterns are
observed:

• The sub-optimal model s2 estimated higher aleatoric and total uncertainties, leading to larger average
values. The higher aleatoric uncertainty in s2 may be attributed to the absence of quality thresholding
in the training data, which increases data-related uncertainty.

• The plot of total versus aleatoric uncertainty qualitatively shows that some samples have higher pro-
portions of epistemic uncertainty for s2, consistent with expectations for models trained on smaller,
lower-quality datasets. The small drop in the ratio of aleatoric to total uncertainty (see Table 32) also
suggests that the relative increase in epistemic uncertainty magnitude is more significant than seen for
the aleatoric uncertainty in s2. This is because for this ratio to decrease, epistemic uncertainty must
go higher by a larger percentage than the aleatoric uncertainty, given their smaller values. That said,

Table 31: Sex classification performance metrics of the s1 and s2 AlexNets for the testing set.

Model Data count Loss Accuracy Precision Recall (sensitivity) F1 score Specificity AUC

s1 64,401 0.5787 0.7101 0.7290 0.7349 0.7287 0.6817 0.7714

s2 35,606 0.6264 0.6483 0.6343 0.6280 0.6271 0.6684 0.7060
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Figure 33: Disentangled uncertainty estimates for the BP regression task on the calib dataset with the
AlexNet architecture.
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Figure 34: Disentangled uncertainty estimates for the BP regression task on the calib dataset with the
XResNet architecture.
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Figure 35: Disentangled uncertainty estimates for the BP regression task on the calibfree dataset with the
AlexNet architecture.
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Figure 36: Disentangled uncertainty estimates for the BP regression task on the calibfree dataset with the
XResNet architecture.
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Table 32: Average sex-classification uncertainty results (entropies).

Model Mean ale. Mean total Mean ale./total

s1 0.8794 0.8897 0.9883

s2 0.9214 0.9345 0.9859

Figure 37: Disentangled uncertainty estimates for the optimal sex classifier (model s1 ).

the ratios are still quite similar, which indicates that in both cases the bulk of the total uncertainty
comes from the aleatoric uncertainty.

The relative magnitudes of aleatoric uncertainty are in line with expectations with respect to changes in
data quality. This may provide some evidence suggesting there could be some practical utility in using
diesntangled estimates to acquire information about datset/curation/modelling choices. However, several
other factors (e.g. differences in the extent to which each model is optimised), may also affect uncertainty
estimates which makes it challenging to assess the quality of disentangled estimates.
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Figure 38: Disentangled uncertainty estimates for the sub-optimal sex classifier (model s2 ).
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7 A1.3.6 – Classification of skin tone

THM and NPL supported by FC and IMBiH will consider classification of PPG signals by skin tone, using the
six classes of skin tone of the Fitzpatrick scale as labels, using at least one of the models developed in A1.1.2-
A1.1.4., evaluating both performance and uncertainty, in order to determine whether or not machine learning
can accurately distinguish between signals from different skin tones. The performance metrics from A1.1.6
will be analysed with respect to sex to check for any differences. In addition, an unsupervised clustering
analysis will be performed by THM and NPL to see whether there are any natural clusters in this data.

Photoplethysmography (PPG) signals are collected by many wearable devices including smart watches and
pulse oximeters. A light is shone onto the skin and the light either reflected or transmitted is measured to
generate the signal. It is a reasonable hypothesis that skin tone will have an effect on these signals. This was
confirmed during the covid-19 pandemic where it was found that blood oxygenation readings for patients with
darker skin tones were inaccurate, potentially resulting in sub-optimal treatment for some ethnic groups [57].
An independent report was commissioned in the UK entitled Equity in Medical Devices: Independent Review
[58] which found “extensive evidence of poorer performance of pulse oximeters for patients with darker skin
tones”. Additionally, real world studies have recently been published that suggest “worse patient outcomes
among patients with darker skin pigmentation” [59].

PPG signals are of much current interest as they can be collected non-invasively from unobtrusive wearable
devices and, as such, are ideal for long term health monitoring. Some health-related quantities can be derived
directly from the signal, such as heart rate, but for others, it is not obvious how they can be extracted from
the PPG signals. Machine learning is therefore widely used to infer other quantities of interest. Examples
include monitoring of blood pressure [60] and detection of atrial fibrillation [61].

The aim of this work is to consider machine learning prediction of skin tone itself, using the six-point
Fitzpatrick skin tone scale [62] for a six-class classification. Machine learning is useful for discerning the
mapping from signal to classification. Thus, if machine learning accuracy is high for this task, then it
indicates that there is a distinguishable difference between PPG signals associated with different skin tones.
On the contrary, if the accuracy is low, it implies that machine learning is struggling to distinguish between
signals from different skin tones, which would imply that skin tone has little effect on the signals. In addition,
we also consider binary classifications of light (classes 1, 2, 3) vs. dark (classes 4, 5, 6) skin tones.

One problem associated with this task is the inherent inaccuracy in the labelling of records according to skin
tone. Currently, the assessment of skin tone is subjective. A person looks at the skin and compares it to
the representative shades for each of the six skin tone classes and then decides which class the skin belongs
to. There are no clearly defined boundaries for each of the skin tone classes, so the “correct” class could
easily be one different from the chosen class. We take this inaccuracy in labelling of skin tone into account
by adopting a “fuzzy accuracy” which is a modified version of the standard accuracy. Instead of requiring
an exact match between predicted and true labels, fuzzy accuracy considers a prediction to be correct if it is
within a certain tolerance range of the recorded label. In this case, the tolerance range is ±1.

The effect of skin tone on machine learning predictions has recently been considered in [63] where classification
of high blood pressure using PPG signals was considered. If a machine learning model was trained on only
Fitzpatrick skin tone class 1 records (the lightest skin tone) and subsequently evaluated on data from the
other skin tone classes, classification accuracy generally declined markedly for those classes in comparison
with models which had been trained on data which included all skin tone classes. Many PPG datasets do not
record skin tone, and for those that do, there is often a strong bias towards the lighter skin tones with only
a few records from darker skin tones. This applies for example to the Aurora-BP dataset that is used in this
study [64]. As a result, models trained primarily on data from lighter-skinned subjects may not generalise
well to individuals with darker skin tones, raising concerns about potential performance disparities.
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7.1 Fitzpatrick skin type

The Fitzpatrick skin type scale consists of six classes, ranging from light (class 1) to dark (class 6). It was
originally developed to classify people with white skin in order to select the correct UV dose for treating
skin disease, not for characterising skin tone [62]. However, its use as a scale for skin tone is now “nearly
ubiquitous” [65] and there are a few datasets that record the Fitzpatrick skin tone for subjects, along with
other metadata.

Alternative skin tone scales have been proposed, including the 10-point Monk skin tone scale which was
specifically designed for skin tone classification in a diverse population and has been adopted by Google [65].
However, we are not aware of any datasets of physiological signals to date that include the Monk skin tone
class.

A severe limitation of the Fitzpatrick skin tone assessment (together with assessments using other skin tone
scales) is that it is purely subjective. Ideally, the skin tone at the site of data collection (i.e. the wrist if
using a smartwatch) should be carefully measured using for example a spectrophotometer. However, this is
not current practice. Consequently, there is often uncertainty about which class a particular subject should
be in, since there are no defined boundaries between classes. This is a potential problem when using the
Fitzpatrick skin tone class as a label for use with machine learning, as the designated class could easily
be one class different from the predicted class. Indeed, in an assessment of manual grading, there were
many one class differences between the classes designated by the graders for a particular facial image, and
differences of two or more classes also occurred [66]. Such subjective assessment can result in a large number
of misclassifications which correspond to inaccurate labels for our problem of skin tone classification. We deal
with this problem by adapting the accuracy metric to a fuzzy accuracy, that we consider in Section 7.7.1.

7.2 Data

For this study, we used the AuroraBP dataset [64] which includes PPG waveforms and Fitzpatrick skin tone
labels for 823 subjects (51.6 % female). (Note that there are 824 subjects with Fitzpatrick skin tone labels,
but the PPG waveforms are missing in one case.) The PPG waveforms were collected at 250 Hz using a wrist-
worn optical sensing device and the signals were subsequently resampled to 500 Hz. Two distinct protocols
were used, namely auscultatory and oscillometric, and we combined both of these into a single dataset giving
a combined total of 19,017 records. The signals were of varying length but were generally around 15 s in
length.

The distribution of subjects by skin tone class is shown in Figure 39 (left) which shows that the dataset
is highly imbalanced with the majority of subjects having lighter skin tones (90.3% in classes 1, 2 and 3).
Overall, the gender balance is quite good, apart from skin tone class 6 which has only male subjects. It is a
similar story for the distribution of records by skin tone class, as shown in Figure 39 (right) (88.2% in classes
1, 2 and 3).

7.3 Data analysis

In this section, we consider two aspects of the PPG signals that show a distinctive trend for different skin
tone classes, namely noise and amplitude.

In Figure 39, we show the number of records for each skin tone class that have optical quality ≥ 0.65 (Dataset
1). Of more interest is the percentage of records in each skin tone class that satisfy this quality criterion, which
is shown in Figure 40 for males and females separately. This shows that there is a steady and rapid decline in
the percentage of records meeting this quality threshold as the skin tone class increases. Consequently, there
are very few records in the darker skin classes, with only 35 (all male) in class 6. Moreover, where there is a
reasonable amount of data, namely the first 5 classes for males and the first 4 classes for females, the rate of
decline is remarkably consistent. Also, for the first 4 classes, there is little difference in this percentage for
males and females. This observation suggests that PPG signals are increasingly noisy for darker skin tones
which is not dependent on sex.
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Figure 39: The number of subjects (left) and records (right) in each skin tone class.

Figure 40: The percentage of records in each skin tone class that have optical quality ≥ 0.65 for males (left)
and females (right).

The optical quality measure provided with the AuroraBP dataset penalises windows of data that have “sub-
stantial artifacts, poor signal-to-noise ratio, and lack of consistency between the pulses within a window”
[64]. We investigated just the signal to noise ratio to see how this varies with skin tone. The median signal to
noise ratio for all signals and signals with optical quality ≥ 0.65 for each skin tone class are shown in Figure
41 and the more informative box plots of signal to noise ratio for these two datasets are shown in Figure 42.
We note that there is a steady decline in the median signal to noise ratio for all signals, indicating noisier
signals for higher skin tone classes, but that decline does not start until class 4 for the better quality signals.
As expected, the summary statistics shown in the box plots move in the positive direction for the better
quality signals, although there are still some of these signals with a negative signal to noise ratio. This is
likely to be due to baseline wander on some signals.

Next we consider the amplitude of the PPG signals by skin tone class. We find the amplitude for a signal
by first filtering using a fourth order band pass Chebyshev II filter [67] with pass frequencies of 0.5–15 Hz
[68] which filters out the baseline wander in particular. Some signals contain noise over a small part of the
signal. We therefore split each signal in half and assessed the quality of each half by finding the height of
the first peak of the autocorrelation function. For the half that had the higher peak (and thus was of higher
quality), we found the amplitude as the difference between the 99th and 1st percentiles of the signal.

We found the amplitudes for all the signals, and for signals with optical quality ≥ 0.65. The median amplitude
for each skin tone class is shown in Figure 43 for both datasets, with the median for all the signals having
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Figure 41: The median signal to noise ratio for all signals and for signals with optical quality ≥ 0.65.

Figure 42: A box plot of the signal to noise ratio for all signals (left) and for signals with optical quality
≥ 0.65 (right).

the higher value for all classes. Again, we note that there is a steady and consistent decline in the median
amplitude for increasing skin tone class. Of course the median only provides limited information, so we also
show the box plots for both datasets in Figure 44 where some outliers (up to 459,971 in class 2 for all signals
and 4,207 in class 1 for signals with optical quality ≥ 0.65) have been excluded from the plots. These plots
show that there is a wide range of amplitudes for each skin tone class with overlapping ranges. However, the
trend towards lower amplitudes for higher skin tone classes is clear. This is not altogether surprising, since
darker skin will generally absorb more light and thus reflect less back, resulting in smaller amplitudes.

7.4 Clustering analysis

We performed a clustering analysis to see whether there were any clearly defined clusters in the data and, if
so, whether they were aligned with the skin tone in any way. For this analysis, we used Symmetric Projection
Attractor Reconstruction (SPAR) features. The SPAR method converts an approximately periodic signal
into a compact image which encapsulates the morphology and variability of the signal [31].

To generate the SPAR images, we first filtered the signals using a fourth order high pass Chebyshev II filter
with cutoff frequency of 0.5 Hz [68]. This removed any baseline wander from the signals which can affect the
SPAR attractors. The size of the attractor is determined by the amplitude of the signals [31] and we have
seen in Figure 44 that there is a huge range in the amplitudes in this dataset. Thus, we scaled the signals in
the vertical direction by the amplitude, which was found as described in Section 7.3, so that all signals had

72



Figure 43: The median amplitude for all signals and for signals with optical quality ≥ 0.65.

Figure 44: A box plot of amplitudes for all signals (left) and for signals with optical quality ≥ 0.65 (right).
Some outliers in both cases have been excluded from the plot.

amplitude 1 resulting in consistently sized attractors. Note that this implies that the variation in amplitude
for the different skin tone classes (see Figure 44) has been discarded. We then generated SPAR attractor
images for each signal using a 64×64 grid and three delay coordinates, resulting in an approximate threefold
rotational symmetry in the attractors.

To generate feature vectors from the SPAR attractor images, each point in the image was expressed in polar
coordinates (r, θ) and then a density was generated for the r values and for the θ values. The r density
vectors and θ density vectors were used as input for k-means clustering, with k = 6 to match the number of
Fitzpatrick skin tone classes.

The results from the clustering analysis are shown in Figure 45 in a projection using the first two vectors
from Principle Component Analysis (PCA), which reveals six clusters in both cases. In this projection, the
clusters are quite distinct when using the θ density features, but there is some overlap when using the r
density features. However, the underlying rationale for these groupings remains unclear.

To gain deeper insight into the clustering structure, we conducted a further clustering analysis by plotting
the distribution of skin tone classes within each cluster. If the data was separated based on skin tone class,
we would expect each cluster to have a dominant skin tone.

From Figure 46 we observe that some clusters have a bias towards either lighter skin tones (e.g. r density
features, cluster 1) or darker skin tones (e.g. r density features, clusters 3 and 6) but many have a fairly
uniform pattern across the skin tone classes. This implies that the clustering is based partly on skin tone
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(a) k-means clustering results
with r density features.

(b) k-means clustering results
with θ density features.

Figure 45: Results from k-means clustering when applied to (a) r density SPAR attractor features and (b)
θ density SPAR attractor features.

(a) Clustering analysis for clusters
based on r density features.

(b) Clustering analysis for clusters
based on θ density features.

(c) Legend

Figure 46: Results from the cluster analysis on clusters found using (a) r density SPAR attractor features
and (b) θ density SPAR attractor features.

74



Figure 47: The number of male and female records in each skin tone class for Dataset 1 (optical quality
≥ 0.65) (left) and Dataset 2 (autocorrelation quality ≥ 0.6) (right).

but involves other, unknown factors as well.

7.5 Datasets

For classification of PPG signals by skin tone, we used four different datasets. The first two were used for six
class classification and other two were used for a binary classification of “light” vs. “dark” skin. The binary
classification also helps to address the dataset imbalance which can strongly influence model performance as
we chose an approximately equal number of records in each of the two classes.

• Dataset 1

The signals are of varying quality and a measure of “optical quality” is included in the dataset. This
measure takes into account artifacts, signal to noise ratio and consistency between pulses [64]. Records
with optical quality ≥ 0.65 were used in [64] so we used the same threshold. There are a total of 14,667
records satisfying this condition and the number of records in each class satisfying this condition are
shown in Figure 47. Note that there are only 35 records for Fitzpatrick skin tone class 6.

• Dataset 2

We constructed a second dataset using a different quality measure. The first step of the Symmetric
Projection Attractor Reconstruction method [31] (which we later use) is to find the average cycle length
of the signal. This is done by filtering the signal to remove any baseline wander and then constructing
the graph of the autocorrelation function which finds the correlation between the signal and a time
shifted copy of the signal. This function has the value 1 when the time shift is zero, since the signal
perfectly correlates with itself. If the signal is exactly periodic with period T0, then the autocorrelation
function also has the value 1 whenever the time shift is any multiple of T0. When the function is
approximately periodic with average cycle length T , the autocorrelation function has peaks around the
multiples of T . The average cycle length is then defined to be the shift corresponding to the first peak
in the autocorrelation function (see Figure 48). However, the height of the peak can also be used as a
measure of quality (or periodicity) of the signal since it achieves its maximum possible value of 1 when
the signal is exactly periodic. Decreasing values of the peak indicate signals where the signal and its
shift by the average cycle length correlate more poorly, as shown in Figure 48.

This quality measure is very different from the measure of optical quality provided with the dataset,
Indeed, a signal for one subject (o364) has the lowest possible value of optical quality, namely 0, but
a high value of autocorrelation quality of 0.9422. The likely reason for this is that there is a lot of
baseline wander on the signal, which results in a poor optical quality. However, the signals are filtered
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Figure 48: The top signal gives rise to an autocorrelation curve with the height of the first peak being
0.9533. The bottom signal gives rise to an autocorrelation curve with the height of the first peak being
0.6469, and is clearly of lower quality than the top signal.

to remove baseline wander before the construction of the autocorrelation function and once the baseline
wander has been removed, it is quite a good quality signal.

For the second dataset, also summarised in Figure 47, we took all signals with autocorrelation quality
≥ 0.6. This gave a total of 16,898 records, which is larger than Dataset 1. Moreover, the number of
Fitzpatrick skin tone class 6 records is 128 which is significantly larger (although still small) than the
35 in Dataset 1.

• Dataset 3 We created a subset of the data with two classes, namely light (Fitzpatrick skin tone classes
1, 2, 3) and dark (Fitzpatrick skin tone classes 4, 5, 6). We selected records from Dataset 2 as the
number of available records in class 6 is significantly higher than for Dataset 1. We first grouped classes
4, 5 and 6 representing dark skin tones. We then accounted for the number of unique patient IDs and
records in this class and used this as a threshold to sample an equal (or as close to equal as possible)
number of records from classes 1, 2 and 3 that make up the lighter skin tone class. Patient IDs were
taken into account when sampling records to ensure a consistent amount of variability for both the
classes. This process resulted in a balanced dataset with 1,718 records in each of the two classes.

• Dataset 4 Due to the subjective nature of the Fitzpatrick labels, there will inevitably be some records
labelled as class 3 that should actually be class 4 and vice versa, and so we refer to classes 3 and 4 as
boundary classes. In Dataset 3, these records would be in the wrong binary subset. We thus eliminated
this possibility by using only classes 1 and 2 for light skin, and classes 5 and 6 for dark skin. In this
case, again using Dataset 2, the dark skin tone class was first created by grouping classes 5 and 6 and
then we sampled records from classes 1 and 2 to match the number of records and patient IDs in the
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dark skin tone class. This gave an approximately balanced dataset with 735 light records and 628 dark
records.

7.6 Machine learning classification of skin tone

We consider several machine learning methods for this task, employing different inputs, namely machine
learning using interpretable PPG features, deep learning or random forest using raw or filtered PPG signals,
and deep learning using Symmetric Projection Attractor Reconstruction (SPAR) images [31].

7.6.1 Interpretable PPG features

We used the PulseAnalyse code [69] to extract PPG features from the raw signals.Further details about these
PPG features are provided in [70]. This function is designed to analyse arterial pulse waves, including blood
pressure and PPG signals.

A fourth-order Chebyshev Type II band-pass filter (0.5–15 Hz) was applied to remove low-frequency drift
and high-frequency noise before passing the signals to the PulseAnalyse function. In total, 66 features were
extracted, including 39 fiducial point–based features, 15 amplitude-based features, and 12 cardiovascular
indices, and organised into a feature table of dimension 14,667 × 66. All missing values were replaced with
zeros. Approximately 0.3 % (41 signals) could not be processed using PulseAnalyse, and additional effort
will be devoted to investigating this issue.

Three supervised machine learning methods were applied to these features: a Neural Network, Classification
Trees, and a Support Vector Machine. The Neural Network included two fully connected layers. The first
layer had 20 nodes and was followed by a ReLU activation function.

For dataset 3 in the binary skin tone classification task, the same preprocessing and feature extraction
procedure was used. A dataset with dimension 2,905 × 66 was created, and missing values were replaced
with zeros. The same three supervised machine learning methods were applied. The Neural Network again
had two fully connected layers. The first layer contained 50 nodes and was followed by a ReLU activation
function.

For dataset 4, the same preprocessing, feature extraction, and modelling steps were performed. A feature
table with dimension 1,176 × 66 was created, and missing values were replaced with zeros. The same three
supervised machine learning methods were applied. The Neural Network again had two fully connected
layers. The first layer contained 50 nodes and was followed by a ReLU activation function.

7.6.2 Raw or filtered signals

Multiclass classification problem

The signals in the various datasets have different lengths with minimum length 5,877 samples and so we
considered the first 5,877 samples of each signal to ensure that every signal had uniform length.

In the next step, the signals are processed further in two different ways:

i) Machine learning and deep learning methods were applied directly to these raw signals.

ii) The signals were filtered with a Chebyshev type II bandpass filter of order 4 with 0.5 Hz and 15 Hz
as cutoff frequencies and stopband attenuation of 20 dB. Machine learning and deep learning methods
were then applied to these filtered signals.

The following machine learning and deep learning classifiers were evaluated:

• Random forest classifier from the scikit-learn package [71]
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• Gradient boosted decision tree classifier from the yggdrasil decision forests package (ydf) [72]

• LeNet1d [1]

• ResNet1d50 [1]

• ResNet1d101 [1]

• VGG16 [1]

A stratified 5-fold cross-validation by subject was employed in all cases to ensure that no signals from a subject
were in both the training and test datasets. For Gradient boosted decision trees, multiple loss functions were
tested, including the multinomial log-likelihood, a cross entropy loss function and two self-defined variants
of multinomial log-likelihood and cross entropy respectively reflecting fuzzy accuracy. This was done using
label smoothing and an indicator matrix which treats adjacent-class predictions as correct.

Moreover, in the case of the tree-based models, accuracy and fuzzy accuracy were calculated also for the
case that the classification problem was restricted to either signals from male or female subjects while using
dataset 1.

Binary skin tone classification problems

For both binary datasets 3 and 4 that were described in 7.5, the raw signals were processed in the same
way as in case of the multiclass classification problem and the same classifiers were evaluated. In case of
the Gradient boosted decision trees, the multiclass specific loss functions were replaced by a binomial log
likelihood loss function and a binary focal loss function. Again, as in the multiclass scenario, a stratified
5-fold cross-validation by subject was employed in all cases to ensure that no signals from a subject were in
both the training and test datasets.

7.6.3 Deep learning with SPAR attractor images

SPAR attractor images were generated from each signal as described in Section 7.4, using only the first 15 s
for any longer signals. We then treated the classification of skin tone as purely an image classification exercise
using the ResNet50, ResNet152, and VGG16 models. All of the models were executed using PyTorch and
were pretrained on IMAGENET weights. We used 5-fold cross validation by subject. Before training models,
we performed augmentations on the dataset consisting of random horizontal and vertical flips, rotations and
resized crop. This improves the diversity of the image dataset allowing the model to generalise better. Aug-
mentations also help reduce overfitting and improve robustness of the model by expanding the amount of data
available for model training [73, 74, 75, 76]. To account for the inaccuracies associated with the Fitzpatrick
labels, we adopted the fuzzy accuracy for multi-class tasks, coupled with the Earth Mover’s Distance (EMD)
loss [77]. EMD loss accounts for the distance between probability bins allowing for misclassifications between
closer labels to be penalised less, making it better suited to use with fuzzy accuracy when addressing label
inaccuracy. Each of the models was trained using two loss metrics: a standard cross entropy loss when using
strict accuracies and an EMD loss when using fuzzy accuracies.

7.7 Results

For all the results, we used 5-fold cross validation by subject.

7.7.1 Metrics

In this work, we consider the usual accuracy metric, which is the sum of the diagonal entries in the confusion
matrix divided by the total number of records. However, we discussed the problem with subjective labelling
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Table 33: Accuracy and fuzzy accuracy values for different classifiers and loss functions applied to the PPG
features (dataset 1). The best results are shown in bold.

Fuzzy

Classifier Loss Function Accuracy Accuracy

Trees Classification error 0.3473 0.8100

Neural Network Cross entropy 0.4219 0.8705

Support Vector Machine Classification error 0.4024 0.8638

Table 34: Accuracy values for different classifiers and loss functions applied to the PPG features from the
binary dataset 3 (123 vs. 456). The best result is shown in bold.

Classifier Loss Function Accuracy

Trees Classification error 0.5852

Neural Network Cross entropy 0.6723

Support Vector Machine Classification error 0.6282

Table 35: Accuracy values for different classifiers and loss functions applied to the PPG features from the
binary dataset 4 (12 vs. 56). The best result is shown in bold.

Classifier Loss Function Accuracy

Trees Classification error 0.6845

Neural Network Cross entropy 0.7253

Support Vector Machine Classification error 0.7049

of skin tone in Section 7.1 such that it is quite likely that some (and possibly many) skin tone labels are
incorrect by one class. Thus, we also consider a new metric that we call fuzzy accuracy which counts a
predicted skin tone class as correct if it differs from the skin tone class label by at most one class. So for
example a record predicted to be in class 3 would be counted as correct if the skin tone label was class 2, 3 or
4. In terms of the confusion matrix, this equates to considering the diagonal together with one superdiagonal
and one subdiagonal as being correct classifications, so clearly, by definition the fuzzy accuracy will be greater
than or equal to the accuracy.

7.7.2 Interpretable PPG features

The results obtained for the accuracy and fuzzy accuracy for dataset 1 and for the different classifiers using
PPG features are shown in Table 33.

Figure 49 shows an additional confusion matrix combined across all folds for the Neural Network model
trained with the cross-entropy loss function. The evaluation was performed using 5-fold cross-validation
by subject on raw signals from dataset 1. The numbers represent classification results per record, not per
subject.

The results obtained for different classifiers using PPG features applied to the two binary classifications using
datasets 3 and 4 are shown in Tables 34 and 35. The corresponding confusion matrices are shown in Figure
50. In all cases, the Neural Network model gave the best results.
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Figure 49: Confusion matrix over 5-fold cross validation for the Neural Network model using PPG features
with cross entropy loss function trained on raw signals from dataset 1.

(a) Neural network model trained on dataset 3. (b) Neural network model trained on dataset 4.

Figure 50: Confusion matrices depicting model predictions when using the Neural Network model using
PPG features trained on binary datasets 3 and 4 when predicting light (class I) and dark (class II) skin
tones.
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Table 36: Accuracy and fuzzy accuracy values for different classifiers and loss functions applied to the raw
signals (dataset 1). The best results are shown in bold. GBT = gradient boosted decision tree, RF =
random forest classifier.

Fuzzy

Classifier Loss Function Accuracy Accuracy

GBT Cross entropy 0.5502 0.9561

GBT Fuzzy cross entropy 0.5336 0.9594

GBT Multinomial log likelihood 0.5503 0.9561

GBT Fuzzy multinomial log likelihood 0.4585 0.9339

RF Standard 0.5332 0.9531

LeNet1d Cross Entropy 0.3748 0.8433

ResNet1d50 Cross entropy 0.3499 0.8454

ResNet1d101 Cross entropy 0.2990 0.7204

VGG16 Cross entropy 0.3954 0.9278

Table 37: Accuracy and fuzzy accuracy values for different classifiers and loss functions applied to the
filtered signals (dataset 1). The best results are shown in bold. GBT = gradient boosted decision tree, RF
= random forest classifier.

Fuzzy

Classifier Loss Function Accuracy Accuracy

GBT Cross entropy 0.5427 0.9563

GBT Fuzzy cross entropy 0.5369 0.9554

GBT Multinomial log likelihood 0.5427 0.9563

GBT Fuzzy multinomial log likelihood 0.4440 0.9264

RF Standard 0.5431 0.9564

LeNet1d Cross entropy 0.3837 0.8413

ResNet1d50 Cross entropy 0.2677 0.6300

ResNet1d101 Cross entropy 0.2609 0.6611

VGG16 Cross entropy 0.3815 0.8904

7.7.3 Raw or filtered signals

Multiclass skin tone classification

The results obtained for the accuracy and fuzzy accuracy for dataset 1 and for the different classifiers and
loss functions are shown in Table 36. Table 37 shows similar results for the filtered signals in dataset 1.

An exemplary confusion matrix combined over all folds for the case of Gradient boosted decision trees with
fuzzy cross entropy loss function with 5-fold cross validation by subject on raw signals from dataset 1 is
shown in Figure 51. (Note that the numbers indicate classification by record not by subject.)

The results obtained for the accuracy and fuzzy accuracy for the slightly larger dataset 2 and for the different
classifiers and loss functions are shown in Table 39 while the results using the filtered signals are shown in
Table 40.

Clearly, the results are very similar when using either the raw or the filtered signals from dataset 1 and also
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Figure 51: Confusion matrix over 5-fold cross validation for the Gradient boosted decision tree model with
fuzzy cross entropy loss function trained on raw signals from dataset 1.

Table 38: Accuracy and fuzzy accuracy values for different classifiers and loss functions applied to the raw
signals (dataset 1) in different scenarios. The best results are shown in bold. GBT = gradient boosted
decision tree, RF = random forest classifier.

Accuracy Fuzzy accuracy

Classifier Loss Function male only female only all male only female only all

GBT Fuzzy cross entropy 0.5202 0.5458 0.5336 0.9553 0.9639 0.9594

GBT Multinomial log likelihood 0.5284 0.5663 0.5503 0.9488 0.9643 0.9561

RF Standard 0.5149 0.5495 0.5332 0.9360 0.9651 0.9531

very similar when using either the raw or the filtered signals from dataset 2. Overall, the results for dataset
1 are slightly better. For dataset 1, the best fuzzy accuracy for the raw signals was obtained by the Gradient
boosted tree classifier with the fuzzy cross entropy loss function, while for the filtered signals, the Random
forest classifier gave the best results. For dataset 2, however, the best fuzzy accuracy was obtained by the
Gradient boosted tree classifier.

Finally, we note that in all scenarios, tree-based methods gave better results than deep learning methods.
The evaluation of tree-based models (i.e. Random forest and Gradient boosted decision trees) on female or
male only subsets of dataset 1 delivered similar values for accuracy and fuzzy accuracy with a difference that
was always less than 0.04 as shown in Table 38.

Binary skin tone classification

The results for the binary classification of light vs. dark skin tone including boundary classes (dataset 3) are
shown in Table 41. Those for the binary classification of light vs. dark skin tone without boundary classes
(dataset 4) are shown in Table 42.

For dataset 3, i.e. with boundary classes, high accuracy values of up to nearly 90 % were obtained for tree-
based models. Furthermore, if we omit these boundary classes in dataset 4, an accuracy of more than 99 %
accuracy was achieved, and so the records were classified nearly perfectly.
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Table 39: Accuracy and fuzzy accuracy values for different classifiers and loss functions applied to the raw
signals (dataset 2). The best results are shown in bold. GBT = gradient boosted decision tree, RF =
random forest classifier.

Fuzzy

Classifier Loss Function Accuracy Accuracy

GBT Cross entropy 0.5303 0.9464

GBT Fuzzy cross entropy 0.5156 0.9464

GBT Multinomial log likelihood 0.5303 0.9464

GBT Fuzzy multinomial log likelihood 0.4438 0.9143

RF Standard 0.5140 0.9403

LeNet1d Cross Entropy 0.3534 0.8142

ResNet1d50 Cross entropy 0.2850 0.6898

ResNet1d101 Cross entropy 0.2895 0.7027

VGG16 Cross entropy 0.3277 0.7673

Table 40: Accuracy and fuzzy accuracy values for different classifiers and loss functions applied to the
filtered signals (dataset 2). The best results are shown in bold. GBT = gradient boosted decision tree, RF
= random forest classifier.

Fuzzy

Classifier Loss Function Accuracy Accuracy

GBT Cross entropy 0.5302 0.9427

GBT Fuzzy cross entropy 0.5202 0.9466

GBT Multinomial log likelihood 0.5302 0.9427

GBT Fuzzy multinomial log likelihood 0.4311 0.9094

RF Standard 0.5246 0.9447

LeNet1d Cross Entropy 0.3807 0.8209

ResNet1d50 Cross entropy 0.3084 0.7658

ResNet1d101 Cross entropy 0.2011 0.5047

VGG16 Cross entropy 0.3497 0.8068

7.7.4 Deep learning with SPAR images

In this section we outline the results from using deep learning models for multiclass and binary classification
of skin tones using SPAR images.

Multiclass skin tone classification

We assessed ResNet50, ResNet152 and VGG16 models using accuracy and fuzzy accuracy, implemented with
5 fold cross validation by subject and the results are shown in Table 43. These results indicate that VGG16
was the best model, achieving a fuzzy accuracy of 0.8588 and strict accuracy of 0.4603. Table 44 lists classwise
performance of each of the models.

Model predictions were illustrated using confusion matrices depicted in Figure 52. We observe that the
models are able to classify lighter skin tones to some extent but fail when it comes to darker skin tones.
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(a) ResNet50 (b) ResNet152

(c) VGG16

Figure 52: Confusion matrices for ResNet50, ResNet152, and VGG16 trained on SPAR images with 5 fold
cross validation.

84



Table 41: Accuracy values for different classifiers and loss functions applied to the raw signals from the
binary dataset 3 (123 vs. 456). The best result is shown in bold. GBT = gradient boosted decision tree, RF
= random forest classifier.

Classifier Loss Function Accuracy

GBT Binomial log likelihood 0.8373

GBT Binary focal loss 0.8414

RF Standard 0.8225

LeNet1d Cross Entropy 0.6714

ResNet1d 50 Cross Entropy 0.5445

ResNet1d 101 Cross Entropy 0.5489

VGG16 Cross Entropy 0.4837

Table 42: Accuracy values for different classifiers and loss functions applied to the raw signals from the
binary dataset 4 (12 vs. 56). The best result is shown in bold. GBT = gradient boosted decision tree, RF =
random forest classifier.

Classifier Loss Function Accuracy

GBT Binomial log likelihood 0.9596

GBT Binary focal loss 0.9611

RF Standard 0.9567

LeNet 1d Standard 0.6875

ResNet1d50 Cross entropy 0.5767

ResNet1d101 Cross entropy 0.5745

VGG16 Cross entropy 0.5363

Binary skin tone classification

The performance comparison of ResNet50, Resnet152 and VGG16 for the two binary classification problems
using datasets 3 and 4 is shown in Tables 45 and 46. The corresponding confusion matrices are shown in
Figure 53.

We noticed a massive improvement in standard accuracy after adopting a binary classification approach with
ResNet50 achieving an accuracy of 0.8097 when trained on dataset 4 without the boundary classes. When
trained on dataset 3 with boundary classes, VGG16 achieved the best accuracy of 0.7125.

7.8 Uncertainty quantification

The underlying doubt in a given prediction was further analysed using the deep ensembles technique and
was measured via the Uncertainty Calibration Error (UCE) [2, 78]. This UCE metric visualises the “mean
predicted uncertainty (expressed as entropy) vs. mean observed error in each uncertainty bin.” In particular,
it is “the weighted average of the squared difference between the average entropy of the predicted distribution
and the corresponding mean inaccuracy of predictions binned by magnitude of the entropies.” [2, Table4].
An implementation of the UCE can be found in [79]. We implement deep ensembles with the best performing
models. With respect to the SPAR image dataset, this was Resnet50 (marginally) with dataset 4. The model
reported a UCE value of 0.4749 and an ECE value of 0.0250.

With respect to raw signals from dataset 3, this was GBT with binomial log-likelihood loss function. The
model reported a UCE value of 0.6097. With respect to raw signals from dataset 4, Random forest and both
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(a) VGG16 trained on dataset 3. (b) ResNet50 trained on dataset 3.

(c) ResNet152 trained on dataset 3. (d) VGG16 trained on dataset 4.

(e) ResNet50 trained on dataset 4. (f) ResNet152 trained on dataset 4.

Figure 53: Confusion matrices depicting model predictions when using VGG16, ResNet50 and ResNet152
models trained on binary datasets 3 and 4 when predicting light (class I) and dark (class II) skin tones.86



Table 43: Performance metrics for ResNet50, ResNet152, and VGG16 trained on multi class SPAR images
using cross entropy loss with strict accuracy and EMD loss with fuzzy accuracy. The best results are shown
in bold.

Loss Fuzzy

Classifier Loss function Score Accuracy Accuracy

ResNet50 Cross entropy 1.2138 0.4096 0.8454

ResNet152 Cross entropy 1.2071 0.4439 0.8450

VGG16 Cross entropy 1.2111 0.4018 0.8295

ResNet50 Earth Mover Distance 0.0761 0.4097 0.8514

ResNet152 Earth Mover Distance 0.0783 0.4339 0.8504

VGG16 Earth Mover Distance 0.076 0.4047 0.8600

Gradient boosted decision tree variants gave similar values for accuracy, but different UCE values. Table 47
show very good UCE results for Random Forest and much worse for both Gradient boosted decision tree
variants.

Figure 54 illustrates a reliability diagram to visualise model calibration. The diagram plots model confidence
(maximum probability) against empirical accuracy. We observe that in higher confidence bins, the model
achieves near perfect calibration. The rapid increase in empirical accuracy near mid range bins shows the
model is moderately confident. The model rarely outputs predictions of low confidence. In confidence
0.5 - 0.7 we observe some degree of overconfidence which quickly decreases as confidence increases. These
characteristics highlight that the model is well calibrated and produces reliable predictions with moderate to
high confidence.

Figure 55 depicts model predictions and their associated variance across model ensembles against the maxi-
mum predicted probability. We observe that misclassifications are often associated with higher variance and
mid range predicted probabilities, while correct classifications are associated with high predicted probabilities
with mostly lower variance. We observe some prediction outliers associated with mid range predicted proba-
bility and very high variance. We observe relatively clear separation of correct predictions in high confidence
regions. We once again have no predictions of low predictive probability, indicating the model only outputs
when confidence is reasonably high and variance is low.

7.9 Conclusions

If skin tone had no influence on the PPG signals, then machine learning would not be able to classify signals
according to Fitzpatrick skin tone class with any accuracy. In this scenario, the labels would essentially be
allocated randomly and so we would expect approximately 1 in 6 (16.67 %) to be correct. The accuracies
we obtained were up to around 55 % which is clearly much higher, but still poor in classification terms.
However, when we take into account the subjective nature of the Fitzpatrick skin tone labels, and define
a corresponding fuzzy accuracy which counts a prediction as correct if the prediction and the label differ
by at most one class, then we obtain much higher accuracies of around 95 %, thus demonstrating a clear
dependence of the PPG signals on skin tone.

The best results for this classification problem when considering fuzzy accuracy were obtained by deep
learning models using raw signals as input. In particular, the best fuzzy accuracy was obtained using a
Gradient boosted decision tree model with a fuzzy cross entropy loss when working with the raw signals,
or a Random forest model when working with filtered raw signals. There was very little difference between
the results using raw and filtered signals and predictions of the underrepresented darker skin tones was
reasonable. The SPAR and PPG features methods gave fuzzy accuracies approximately 10 % lower, and with
poor prediction of the darker skin tones, with the dominant lighter skin tone classes being favoured. However,
we note that the SPAR method also normalised the amplitudes of the signals in order to give comparably
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Table 44: Classwise performance metrics for ResNet50, ResNet152 and VGG16 implemented with 5 fold
cross validation when using strict and fuzzy accuracies for predicting skin tone labels from SPAR images.

Model Accuracy Type Class Precision Recall F1-score

ResNet152 Strict

Class 1 0.4352 0.5394 0.4818

Class 2 0.4153 0.4831 0.4467

Class 3 0.3065 0.2503 0.2755

Class 4 0.2000 0.0059 0.0114

Class 5 0.0641 0.0104 0.0180

Class 6 0.0000 0.0000 0.0000

ResNet50 Strict

Class 1 0.4468 0.5229 0.4818

Class 2 0.4013 0.5625 0.4684

Class 3 0.3358 0.1749 0.2300

Class 4 0.4545 0.0059 0.0116

Class 5 0.0000 0.0000 0.0000

Class 6 0.0000 0.0000 0.0000

VGG16 Strict

Class 1 0.4297 0.6330 0.5119

Class 2 0.3900 0.4221 0.4054

Class 3 0.3116 0.1816 0.2295

Class 4 0.2133 0.0188 0.0346

Class 5 0.0753 0.0146 0.0245

Class 6 0.0000 0.0000 0.0000

ResNet152 Fuzzy

Class 1 0.7823 0.9270 0.8485

Class 2 0.9057 0.9950 0.9482

Class 3 0.7593 0.6864 0.7210

Class 4 0.9586 0.3812 0.5455

Class 5 0.1000 0.0125 0.0223

Class 6 0.9000 0.1154 0.2045

ResNet50 Fuzzy

Class 1 0.8083 0.9747 0.8837

Class 2 0.8709 0.9988 0.9305

Class 3 0.8558 0.7163 0.7798

Class 4 0.9959 0.2824 0.4400

Class 5 0.0000 0.0000 0.0000

Class 6 1.0000 0.1026 0.1860

VGG16 Fuzzy

Class 1 0.7710 0.9690 0.8582

Class 2 0.8947 0.9916 0.9406

Class 3 0.8290 0.6434 0.7245

Class 4 0.9048 0.3353 0.4893

Class 5 0.1667 0.0271 0.0467

Class 6 0.2381 0.0641 0.1010
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Figure 54: Reliability diagram representing empirical accuracy vs. model confidence when using the best
performing model - VGG16 with dataset 4 and SPAR images.

Figure 55: Visualising model prediction variance when using the best performing model - VGG16 with
dataset 4 and SPAR images.
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Table 45: Accuracies for ResNet50, ResNet152 and VGG16 trained on SPAR images for the two binary
classifications. The best results are shown in bold.

Model Dataset Accuracy

ResNet50 3 0.7026

ResNet 152 3 0.6967

VGG16 3 0.7125

ResNet50 4 0.8097

ResNet152 4 0.7874

VGG16 4 0.8065

Table 46: Classwise performance metrics for ResNet50, ResNet152 and VGG16 implemented with 5 fold
cross validation when predicting light (class I) and dark (class II) skin tones from SPAR images.

Model Dataset Class Precision Recall F1-score

ResNet152 3
Class I 0.6553 0.8300 0.7324

Class II 0.7683 0.5634 0.6501

ResNet50 3
Class I 0.6575 0.84587 0.7398

Class II 0.7838 0.5594 0.6529

VGG16 3
Class I 0.6753 0.8184 0.7400

Class II 0.7696 0.6065 0.6784

ResNet152 4
Class I 0.7359 0.8965 0.8083

Class II 0.8676 0.6783 0.7641

ResNet50 4
Class I 0.7597 0.9061 0.8264

Class II 0.8836 0.7134 0.7894

VGG16 4
Class I 0.7670 0.8806 0.8199

Class II 0.8598 0.7325 0.7911

Table 47: Accuracy and UCE values for different classifiers and loss functions applied to the raw signals
from the binary dataset 4 (12 vs. 56). GBT = gradient boosted decision tree, RF = random forest classifier.

Classifier Loss Function Accuracy UCE

GBT Binomial log likelihood 0.9596 0.8966

GBT Binary focal loss 0.9611 0.6689

RF Standard 0.9567 0.0039

sized attractors and so the variation in amplitude with skin tone is lost in this case. We showed in Section 7.3
that the amplitude of the signals is skin tone dependent and so clearly this useful information is not available
for the SPAR method, resulting in lower classification accuracies.

Similarly, for the binary classification of light vs. dark skin tones, we obtained an accuracy of around 70 %
using the PPG features and for the SPAR method or around 90 % using the raw signals with the boundary
skin tone classes 3 and 4 included. Clearly, given the subjective nature of the labels, some subjects who were
classified as class 3 should have been class 4 and vice versa, and these subjects were therefore mislabelled
for the binary classification. Removing these boundary classes gives a more accurately labelled (but smaller)
dataset on which we achieved a classification accuracy of around 80 % using SPAR or an impressive 96 %
using the raw signals, indicating near perfect classification. Thus, we conclude that there is a very distinct
and discernable difference between PPG signals for light and dark skin.
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When the data was separated out into male and female subsets, the accuracy and fuzzy accuracy were both a
little higher for females than for males. We conjecture that one possible reason for this is the fact that there
are no female records in class 6, which is also the smallest class and so is more likely to be misclassified.

The uncertainty quantification results for the binary case and raw signals illustrate that the accuracy values
might be quite similar, but the UCE metrics could be quite different. While the UCE for Gradient boosted
decision trees is relatively high, the results for Random forest are very low and hence very good.

We note that the best performing models show near perfect calibration at higher confidence bins and do not
report any predictions in lower confidence bins. Models report some under confidence at mid range bins,
indicating they are more right with predictions than expected. Models report lower misclassification with
a reduction in variance in predicted class probabilities. Results from the uncertainty quantification metrics
indicate models with balanced records and suitable separation between skin tones are able to provide reliable
and trustworthy predictions that strongly differentiate between the light and dark skin tones.

We acknowledge a limitation of this study in that we used a dataset which is highly imbalanced with regard
to skin tone for the six class classification. In future, it would be interesting to repeat this exercise using a
more skin tone balanced dataset.

A consequence of this work is that skin tone should be taken into consideration in the calibration and use
of wearable devices and pulse oximeters. Failure to do so could result in biased results and, potentially,
consequent harm to the wearer.
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