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ARTICLE INFO ABSTRACT

Keywords: With the increasing prevalence of machine learning in critical fields like healthcare, ensuring the safety and
Uncertainty estimation reliability of these systems is crucial. Estimating uncertainty plays a vital role in enhancing reliability by
Deep learning identifying areas of high and low confidence and reducing the risk of errors. This study introduces U-PASS,

Automatic sleep staging

a specialized human-centered machine learning pipeline tailored for clinical applications, which effectively
Electroencephalography

communicates uncertainty to clinical experts and collaborates with them to improve predictions. U-PASS
incorporates uncertainty estimation at every stage of the process, including data acquisition, training, and
model deployment. Training is divided into a supervised pre-training step and a semi-supervised recording-wise
finetuning step. We apply U-PASS to the challenging task of sleep staging and demonstrate that it systematically
improves performance at every stage. By optimizing the training dataset, actively seeking feedback from
domain experts for informative samples, and deferring the most uncertain samples to experts, U-PASS achieves
an impressive expert-level accuracy of 85% on a challenging clinical dataset of elderly sleep apnea patients.
This represents a significant improvement over the starting point at 75% accuracy. The largest improvement
gain is due to the deferral of uncertain epochs to a sleep expert. U-PASS presents a promising Al approach to
incorporating uncertainty estimation in machine learning pipelines, improving their reliability and unlocking
their potential in clinical settings.

1. Introduction learning model. Feeding too much data in a machine learning model is
sub-optimal both financially and in terms of model performance [12,

Machine learning has ushered in a new era in healthcare, providing 13]. Medical data is often expensive to acquire, requiring special-
opportunities for remote monitoring and computer-aided diagnosis. ized equipment to measure each parameter, and expert knowledge
Although machine learning models are performing with human-expert- to interpret the data. Moreover, feeding uninformative data to the
level accuracy in controlled tasks [1-6], machine learning models have model can deteriorate the performance because it adds noise without

adding information [14]. The same principles apply to active learn-
ing [15,16], a human-in-the-loop training strategy in which the model
actively queries an expert to label extra data points which would be
most informative to improve the model. At deployment time, typical
deep learning models always make a prediction, no matter how un-
certain they are. Such systems are not usable in high-stakes medical
applications: if the machine learning model does not indicate when
a prediction is uncertain, a clinician cannot rely on it, as all outputs
are equally likely to be incorrect [17]. Consequently, we propose that

seen limited integration into clinical practice. The challenges to embed-
ding these models in healthcare have shifted to providing guarantees
of reliability, explainability and estimates of uncertainty [7,8]. These
factors are essential to build trust with clinicians and promote adoption
of machine learning in clinical settings [9-11].

Uncertainty estimates are needed at all stages of the machine learn-
ing workflow: in data acquisition, at training time, and at deployment
time. In data acquisition and in training, it is important to evaluate
the usefulness of the information that is utilized to train the machine
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uncertainty estimation provides a principled approach to solving the
aforementioned challenges in order to successfully integrate a machine
learning workflow in the clinic. We demonstrate how an uncertainty-
guided machine learning pipeline can help in the challenging task of
sleep staging, a clinical annotation task characterized by high levels of
uncertainty, and known for its relatively low inter-rater agreement [10,
18].

The gold standard for diagnosing sleep-wake disturbances is by
performing a polysomnography (PSG) study, which involves a fully
monitored overnight stay in the hospital. Various physiological sig-
nals are recorded, including electroencephalography (EEG), electro-
oculography (EOG) and electromyography (EMG) signals. These full-
night recordings are segmented into 30-second segments, which are
then labeled by trained clinicians. Each segment is labeled as one of
five sleep stages according to clinical standards [19,20]. This so-called
sleep staging process (see Fig. 1a) is labor-intensive and subject to
both intra- and inter-rater variability [21], so automated approaches
have been researched to help humans in this task. Numerous deep
learning methods for sleep staging have recently been developed [3-6].
These state-of-the-art sleep staging models achieve a similar perfor-
mance to human experts. However, state-of-the-art models are mostly
validated on healthy adults, and typically perform poorly on diseased
subjects [10,21]. Disease influences brain activity and, consequently,
PSG recordings, creating uncertainty in the data. Moreover, models
trained on data acquired with one measurement setup or device may
not generalize well to data obtained using a different measurement
protocol, resulting in the well-known distribution shift problem [22-
27]. Hence, measurement factors can also contribute to uncertainty.
Leveraging uncertainty estimation tools can help identify these uncer-
tainties, which are likely to cause poor-quality predictions. As such,
uncertainty estimates enhance model transparency and allow to ac-
tively query a sleep expert to label uncertain samples. Hence, by
integrating uncertainty estimation into sleep staging, our uncertainty-
guided deep learning pipeline for sleep staging (U-PASS) improves both
trust and performance of the model.

A variety of uncertainty estimation methods have been studied in
the context of machine learning and deep learning [28,29]. Hiillermeier
et al. [29] stressed the importance of distinguishing between two
types of uncertainty, aleatoric and epistemic, and discussed attempts
to quantify these in machine learning. These reviews [28,29], like most
work in uncertainty, focused on estimating uncertainty at deployment
time. A number of recent works have also investigated the concept
of uncertainty within sleep staging. Guillot et al. [30] investigated
machine learning algorithm performances in comparison to inter-rater
agreement among human experts, and found that machine learning
algorithms trained on multi-scored datasets can outperform clinical
experts. Stephansen et al. [31] introduced hypnodensity graphs to
report sleep stages along with their probabilities, as an alternative to
the widely used hypnograms. These hypnodensity graphs were shown
to correlate with the average scoring of expert panels [32,33], and sleep
staging models were shown to benefit from training on probabilistic,
‘smoothed’, labels based on these average scores [34]. Alternative
methods to measure uncertainty in sleep stage scoring were based on
the entropy of the output predictions [35,36], the margin between the
probability output of the most likely and second-most likely class [37],
and Monte-Carlo dropout [38]. These works addressed the important
issue of uncertainty quantification in sleep staging, but were largely
focused on post-hoc uncertainty quantification at deployment time,
and did not discriminate between different types of uncertainty. Go-
ing further than quantifying uncertainty, Kang et al. [36] explored
whether sleep experts could successfully correct the labels of uncertain
samples. A few studies also investigated uncertainty in the context
of active learning in sleep staging [39]. MacAs et al. [37,40] ex-
plored an uncertainty-based active learning approach for sleep staging,
and Grimova et al. [41] proposed weighing uncertainty with density
measures.
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In contrast to previous works mentioned here, we integrate different
types of uncertainties throughout the whole machine learning pipeline.
The goal of this work is to take a leap forward, leveraging the uncer-
tainty estimates to maximize performance and reliability of machine
learning models and to combine them with human capabilities. Our
framework aims to improve predictions at every stage of the machine
learning process. It should be model-agnostic, as it needs to be appli-
cable to various clinical machine learning models and problems. We
fulfill these goals by building an uncertainty-guided machine learning
pipeline. Our pipeline follows a data-centric approach, and integrates
uncertainty into data acquisition, training, active learning, and model
deployment. We show how this greatly improves machine learning
predictions and overall model reliability at different levels:

1. we improve the model through the quality of the training data,

2. we finetune the model to make better predictions on difficult
examples using feedback from the clinician, and

3. we reduce mistakes by deferring predictions on ambiguous data
to the clinician.

Combining the capabilities of Al and clinicians, our pipeline represents
a crucial step towards the integration of machine learning in clinical
settings.

2. Methods
2.1. Data and study cohorts

This study uses PSG recordings of 90 patients [23]. It was recorded
at the sleep laboratory of the University Hospitals Leuven (UZ Leuven)
from January 2021 to September 2022. We included all patients over
60 years of age with suspicion of sleep apnea. This is a common sleep
disorder in which breathing repeatedly stops during sleep. For each
patient, the PSG recording includes EOG, EMG and a total of 6 EEG
channels, all measured at 500 Hz. In this study, we only use the C4-
A1, F4-A1 and 02-Al EEG derivations, as well as the chin EMG and
the left-right EOG derivation, all resampled at 100 Hz. 45 recordings
are used as a train set, and 45 recordings are used as the test set and
for active learning. The dataset was manually annotated by a certified
expert sleep scorer according to the AASM standard [19]. The sleep
study was conducted in accordance with the Declaration of Helsinki,
and the protocol with registration number S64190,/B3222020000148
was approved by the Ethics Committee Ethische Commissie Onderzoek
UZ/KU Leuven.

2.2. Model and training

U-PASS can be applied to any machine learning model and prob-
lem, as we designed it to be model agnostic, with no requirements
or adaptations to the network architecture or training procedure. In
this paper, we use it in a sleep staging context with a state-of-the-art
sleep staging model, SeqSleepNet [3]. Taking into account the temporal
context to accurately classify segments, this deep neural network uses a
sequence-to-sequence classification scheme. It transforms a sequence of
adjacent raw data segments into a corresponding sequence of outputs,
in this case sleep stages. The inputs are presented as time-frequency
images, spectrograms of each 30-second segment. The sequence length
is a parameter, which is fixed to 10 in this study. SeqSleepNet is a
hierarchical architecture, composed of a block of layers that processes
individual segments, and a block that works at the sequence level.
The segment processing block comprises a number of frequency filters,
followed by a recurrent neural network (RNN) on the segment level.
The outputs from the segment processing block are then concatenated
into a sequence of inputs for the sequence processing block. A sequence-
level RNN transforms this input sequence into an output sequence,
which is mapped to a sequence of sleep stages by a softmax layer. The
optimization and training parameters in this study are identical to those
in the original paper [3]: L2 regularization is applied, and the Adam
optimizer is used with a learning rate of 1074,
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Fig. 1. (a) Illustration showing the classification problem of sleep staging. The recorded physiological signals are segmented in 30-second segments. Each segment is labeled as one
of five sleep stages by SeqSleepNet [3], a deep neural network architecture. (b) Full uncertainty-guided pipeline for sleep staging (U-PASS). The pipeline is more generally applicable
to machine learning for clinical applications. A. At training time, data uncertainty is tracked to (1) select which channels (or features) to use, and (2) remove uninformative data.
B. After training, active learning is used to finetune the model. Model uncertainty is tracked to (3) identify the most informative samples to query. C. At evaluation or deployment

time, the most uncertain samples are deferred to the clinician (4). Used symbols: p is the model output, p, is the model output for the true class y, D, is the training dataset

and x,,,, is a test sample.
2.3. Formulation of uncertainty

U-PASS utilizes insights from two recent methods that examine the
characterization of uncertainty in training data. These methods analyze
the training dynamics, which refers to the behavior of individual sam-
ples during the model training process. Data Maps [42] maps instances
by tracking predictive confidence and model uncertainty (epistemic
uncertainty) during training. Data-IQ [43] on the other hand maps
instances using predictive confidence and data uncertainty (aleatoric
uncertainty). Both methods use mappings to stratify the training dataset
into subgroups of easy, hard and ambiguous data. We further refer
to instances with high epistemic uncertainty as model-ambiguous sam-
ples. These are examples for which the prediction variability of the
model is highest during training. They are important to improve the
performance and generalizability of a model [42]. On the other hand,
instances with high aleatoric uncertainty are further referred to as data-
ambiguous samples. These are samples for which predictions are the
most uncertain on average, and on which the model systematically
underperforms [43].

Let us formally define the characterization of model-ambiguous
samples and data-ambiguous samples. Consider a typical supervised
learning setting for a classification problem, where inputs x € R?
need to be assigned to classes y € N. The goal is to learn a model
fo which maps inputs to outputs by assigning a probability to each
class given the input: fy(x) = P(Y|X = x,0 = 0). Let 6 designate a

certain instantiation of the model parameters. The model is iteratively
trained for ¢* training epochs, resulting in ¢* different instantiations
of the model parameters {6,,6,,...,0,«}. Let © ~ P,,({6,,0,,...,0,:})
be a random variable with an empirical distribution over the model
parameters throughout the training process. P(x,0) = [fy(x)], is the
model’s output probability for the true class label. Using the variance
as an uncertainty metric, we can decompose the uncertainty by the law
of total variance. The epistemic uncertainty of the prediction is v,, =
Ve[P(x,0)]. The variance is evaluated over the model outputs during
training, hence epistemic uncertainty captures the variability of model
outputs, representing model uncertainty. The aleatoric uncertainty is
Uy = Eg[P(x, ©)(1-P(x, ©))] [43]. In the aleatoric uncertainty, the vari-
ance is computed over the prediction. Hence, this represents the data
uncertainty. Using the empirical distribution of ©, the uncertainties are
approximated as follows [43]:

| < -
Vep = = ;(P(x, 6,) - P(x)*, ¢h)
b = = X, PO, 0(1 = P, 0,), @
e=1

with P(x) = 1/¢* Y, P(x,0,).

We define model-ambiguous data as data with a high v,,, and data-
ambiguous samples as data with high v,,. In making these two groups,
we use the definitions of ‘ambiguity’ proposed in Data Maps [42] and



E.R.M. Heremans et al.

Data-IQ [43], respectively. We can further stratify the training dataset
using the concept of predictive confidence, defined in both works as
the mean output probability for the ground-truth-class:

¢ =P(x), 3)

i.e. the confidence in the correct class. This allows us to define easy-to-
classify samples as instances with high confidence and low ambiguity
and hard-to-classify samples as instances with low confidence and low
ambiguity.

2.4. U-PASS pipeline

Based on the uncertainty quantification methods from Section 2.3,
we build a full uncertainty-guided pipeline, outlined in Fig. 1b. A. First,
we tailor and improve the training dataset. Even before collecting a full
dataset, we can start training a model using various measured signals
and monitor the data uncertainty (2) to pinpoint which signals are
effective in decreasing uncertainty. This information can aid in deciding
which modalities and channels should be recorded. If a particular
signal does not lower the data uncertainty, it should be excluded.
Furthermore, there is a trade-off to be made between the cost of data
acquisition and the amount of uncertainty that can be tolerated to
achieve a clinically useful result. After choosing a measurement setup,
a full dataset is collected. We can then train a model on this dataset,
and track the data uncertainty to identify the most data-ambiguous
samples. These samples are removed from the training dataset, as
they confuse the model instead of improving its performance. B. After
training, the second step in U-PASS is to finetune the model using
active learning. The model uncertainty can be used to identify for which
recordings finetuning is the most useful, i.e. which recordings have the
highest learning potential. Indeed, model uncertainty measures how
much predictions of the model vary during training. In this work, we
achieve finetuning with a semi-supervised transfer learning technique,
using the additional labels supplied through active learning. C. Lastly,
we can use uncertainty at evaluation or test time. A simple uncertainty
measure based on uncertainty of the neighboring training samples
can be used to identify uncertain test samples. Instead of making an
incorrect prediction on these samples, it is better to defer them to
a clinician. The three principled uncertainty-guided steps in U-PASS
result in a reliable and robust machine learning pipeline that is tailored
for clinical environments. This framework enables effective interaction
between clinicians and the model, thus enhancing clinical applicability.
We delve into each next.

2.4.1. Data collection and data selection

In the data collection experiments, we train the model on dif-
ferent numbers of channels to identify the best measurement setup,
i.e. the measurement setup with the lowest data uncertainty. In the
data selection experiments, we train on the best channels based on the
data collection experiment, removing different amounts of ambiguous
training data in each experiment. In both the data collection and data
selection experiments, the model is trained on the full training dataset
for 10 training epochs. Early stopping is applied using a validation
dataset consisting of 2 recordings, retaining the model with the best
performance on the validation set. As the training dataset consists of
45 recordings, each experiment is repeated |45/2] = 23 times, with
different recordings in the validation set for every repeat. Accuracies
are computed on the separate test set consisting of 45 recordings. The
test set accuracies and training set uncertainty measures reported in
Fig. 3a are computed as averages over these 23 repeats.

2.4.2. Active learning
The active learning experiments start from the model obtained with
the optimal setting based on the channel and data selection experi-
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ments. Using active learning to query informative labels, the model is
then finetuned to personalize it to individual patients with the semi-
supervised adversarial domain adaptation approach from [23]. The
training set of 45 patients is used as the source dataset, and each
selected individual recording of the test set as the target dataset for
adversarial domain adaptation. This experiment is performed 23 times,
with each of the trained models (see 2.4.1). The labels for the semi-
supervised training approach are acquired through the following active
learning scheme. Before every training epoch, 1% of samples (roughly
10) are queried. The labels of these samples are used during that
training epoch, along with the labels cumulatively acquired in previous
epochs. The basic unsupervised adversarial domain adaptation is thus
augmented by adding a supervised loss from the queried labels. The
final model obtained after 10 training epochs with querying is retained
for evaluation. As the same recordings are unavoidably used for train-
ing and testing in this active learning personalization step, evaluation
is only performed on the unlabeled portion of those recordings.

The model uncertainty is a measure for how much the model perfor-
mance varies while training on certain data, and can hence be seen as a
measure for learning potential. Therefore, we focus the labeling efforts
of the clinician on the recordings with the highest model uncertainty.
Section 2.3 describes how to estimate model uncertainty in (1) using
the variance of the prediction for the correct class as an uncertainty
metric. This is applicable specifically for training data that has ground
truth labels available. In our active learning scenario, labels are not
available. However, we can still analyze training dynamics to estimate
uncertainty, using entropy as an alternative, unsupervised uncertainty
metric [44,45]. The definitions of epistemic (model) and aleatoric
(data) uncertainty with this uncertainty metric are the following:
Vi = Eg[HP(ylx, 0)]] @

al

U, = H[Eg[P(ylx,0)]] - Eg[H[P(y|x, 0)]] 5)

with H the entropy metric, and P(y|x, ©) the output distribution. The
expectations are again approximated with averages over the model
parameters as in (1) and (2). We train the model on every recording
using unsupervised adversarial domain adaptation, estimate the model
uncertainty vg,™”(5) based on the training dynamics in this unsuper-
vised training step, and select the recordings with the highest ;" (5)
for active learning. The querying strategy to select the samples that
are most informative is based on the same uncertainty estimate, but
any other querying strategy could also fit in the U-PASS pipeline. We
shall further refer to this approximation of model uncertainty (5) as the
unsupervised model uncertainty, to make a distinction with the model
uncertainty defined in (1).

2.4.3. Deferring ambiguous test samples

In the evaluation experiments, we use different models. For the
selected recordings with the highest model uncertainty, we use the
personalized models obtained in the active learning experiments. Eval-
uation is performed on the unlabeled portion of those recordings. For
the other recordings, we use the optimal non-retrained models obtained
from step A in Fig. 1. As uncertainty metrics based on training dynamics
cannot be used at deployment time, the evaluation experiments rely on
post-hoc uncertainty metrics. Several post-hoc uncertainty metrics are
compared, including two that are based on the output of the model: the
entropy of the output distribution and the maximum output probability
(i.e. the output probability of the predicted class). Two other metrics
are distance-based. One metric measures the distance of the test sample
to its n closest train samples, while the other uses the distance of the
test sample to the n closest training samples for each separate class, and
is calculated as the proportion of the smallest distance to the second-
smallest distance. The remaining three metrics calculate uncertainty
by averaging metrics of the n closest training samples, weighted by
their distance to those training samples. One metric uses the average
confidence (3) of the closest training samples, the second uses the
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Fig. 2. (a) The average training dynamics for the 1% most data-ambiguous, model-ambiguous, easy-to-classify and hard-to-classify samples. (b) UMAP visualization of the feature
distribution resulting from training a sleep staging network. The left plot shows the sleep stages in this distribution. In the middle plot, the tint indicates the model uncertainty,
and the 1% most model-ambiguous are shown in black. In the right plot, the tint indicates the data uncertainty, and the 1% most data-ambiguous are shown in black.

average data uncertainty (2), and the third uses the average model
uncertainty (1).

Every uncertainty metric for evaluating uncertainty on the test set
has its own scale, and it is up to the domain experts to define what level
of uncertainty and how many mistakes can be tolerated. Therefore,
this experiment ranks test set samples from most to least uncertain,
and plots the accuracy corresponding with the z% most uncertain test
samples. The uncertainty measures are then compared by averaging
these accuracies over the 23 repeats.

3. Results
3.1. Insights from uncertainty

First, we illustrate how the two types of uncertainty are manifested
in our data in Fig. 2. Fig. 2a shows the training dynamics for the
1% most model-ambiguous and data-ambiguous samples, as well as
for the 1% most easy-to-classify and hard-to-classify samples. Model-
ambiguous samples show the greatest learning curve during training,
while data-ambiguous samples are characterized by a flat learning
curve. The distributions of the two types of ambiguity are visualized
in Fig. 2b. The figure shows two-dimensional UMAP embeddings of the
training data, with the different colors indicating the five sleep stages in
the left figure, and heatmaps showing the model and data uncertainty
in the middle and right figure, respectively. In both heatmaps, the
1% most ambiguous samples are highlighted in black. The 1% most
model-ambiguous samples are found mostly at the borders and outside
the main training data distribution, as well as on class boundaries.
Indeed, atypical and out-of-distribution samples are more challenging
for the model at first, but the model can learn these samples through
more training. The most data-ambiguous samples are centered in sleep
stage N1, which is the least well defined and hardest to classify. Data
uncertainty is also higher on the class boundaries, where some samples
contain characteristics of multiple sleep stages.

3.2. Data collection

U-PASS starts with evaluating the data uncertainty during data
collection to assess which signals should be acquired and used. Fig. 3a
shows the confidence and data uncertainty in the PSG training datasets,
mapped by using Data-IQ [43]. Each 30-second sample is one dot, and
the density of samples is represented by the brightness of colors. The
figure demonstrates that most samples are in the upper left corner,
characterized by high confidence and low data uncertainty (easy-to-
classify). Some samples have high data uncertainty (data-ambiguous),
and a minority of samples is characterized by low data uncertainty
and low confidence (hard-to-classify). The concentration of samples
in the data-ambiguous region decreases when going from one chan-
nel to three channels, and decreases again from three channels to

five channels. This is also evident from the average data uncertainty
over the whole training dataset, which is shown under the plots. The
average confidence increases accordingly, as samples go from being
data-ambiguous to easy-to-classify. As a result, the accuracy on the
test set also improves, which is the final proof that reducing the data
uncertainty is helping the outcome.

We conclude that tracking the data uncertainty allows to compare
the quality of different measurement setups for sleep monitoring. In-
deed, a decrease in data uncertainty with the addition of a channel
indicates that this channel adds valuable information. It can advise
users in selecting the optimal setup that will result in the best accuracy
at deployment time.

3.3. Data selection

We can curate our training dataset, by discarding from it the most
data-ambiguous training samples. Fig. 3a shows how removing these
ambiguous data affects the model’s test performance on an independent
test set. There is a trade-off to be made between removing samples
that confuse the model and removing too many samples so that useful
information is discarded from the training dataset. In this case, the
optimal point is reached when discarding 1% of training samples.

Data uncertainty in sleep staging can arise from biological sources
(e.g. age, pathology) and sources related to the measurement technique
(e.g. segmentation, interference) [18], as well as from ambiguity in
sleep scoring rules. Fig. 4a shows that data uncertainty per segment is
significantly higher for segments on sleep stage transitions than for seg-
ments that are not on sleep stage transitions. This source of uncertainty
is hence related to the discretization caused by segmentation and the
continuous nature of sleep, with features from multiple sleep stages in a
single segment. Fig. 4b shows that wake segments have the lowest data
uncertainty, and N1 segments have the highest data uncertainty. The
fact that different stages of sleep are characterized by different levels
of uncertainty is related to how clearly sleep stages are recognized and
defined, which is influenced by sleep scoring rules and the biology of
sleep. We find evidence for this in the fact that the inter-rater variability
between human scorers shows the same trends as data uncertainty [46].
This is further discussed in Section 4 and shown more formally with an
experiment on a multi-scored dataset in Appendix C.

3.4. Active learning

Once the model is trained on the improved training set, U-PASS
evaluates unsupervised model uncertainty to assess on which record-
ings the model should be finetuned through active learning. We use
active learning to personalize sleep staging models to those individ-
ual recordings. Fig. 3b shows the average improvement from active
learning to individual PSG recordings. The improvement is shown
for the selected 40% recordings with the highest unsupervised model



E.R.M. Heremans et al.

a Training

1. Data collection

1 PSG channel:
C3-Al

Confidence
o
o

3 PSG channels:
C3-Al, EOG, EMG

Computers in Biology and Medicine 171 (2024) 108205

5 PSG channels:
C4-Al, EOG, EMG,
F4-A1, O2-A1

0.0 : : 0.0 ; . 0.0 ; .
0.1 0.2 0.1 0.2 0.1 0.2
Aleatoric uncertainty Aleatoric uncertainty Aleatoric uncertainty
AIeatpric uncertainty 0.129 0.113 Lowest uncertainty 0.106
Confidence 0.686 0.734 0.755
Accuracy 75.0% acc 77.1% Highest accuracy [77.5% acd]
b Active learning ¢ Testing
2. Data selection 3. Query labels 4. Deferral
—— High epistemic uncertainty 1.0
0.04- — Rest
!
S 85% acc
>0.77 b} 0.02 > 18% deferred
o Y= Q
© = @ 0.9
° 5 e
3 > 3
1%} = O
< 77.7% acc © 0.00 <
5 o
1% removed g 79.3% acc
< 4% labeled
0.76
~0.02 0.8
0 0.1 1 10 20 0 10 100 80 60 40 20 0

Proportidn train samples removed (%)

5
Epoch

% most certain test data

Fig. 3. U-PASS applied to hospital-based polysomnography (PSG) data. The resulting accuracy after every consecutive step is indicated with a red box. (a) During training, the
training dataset is tailored using data collection and data selection based on data uncertainty. In the data collection step, samples move to the upper-left corner with high confidence
and low data uncertainty when more channels are used. We thus proceed with all five channels. In the data selection step, the optimal test result is achieved when removing the
one percent (roughly 440) most data-ambiguous training samples. (b) Active learning is used to adapt the model to individual recordings. 1% of samples is queried in each of the
10 training epochs. We only perform active learning on recordings characterized by high model uncertainty. On the rest of the recordings, it does not show a large improvement.
(c) At deployment time, uncertainty-based deferral increases the test accuracy to the desired level of 85%. Samples with uncertainty values below the threshold are referred to a

clinician for manual labeling.

uncertainty and for the rest of the recordings. Unsupervised model
uncertainty clearly points to the recordings that benefit the most from
the active learning adaptation. Fig. 5 shows two examples of how
active learning improves the predictions in both labeled and unlabeled
samples.

3.5. Deferring uncertain test samples

Lastly, the models are deployed on unseen data. For the 40% se-
lected recordings with highest unsupervised model uncertainty, we use
the personalized models. The other recordings are evaluated with the
optimal non-retrained models from the data collection and data selec-
tion step. U-PASS then uses uncertainty measures to defer test samples
to an expert when predictions are uncertain. Fig. 3c shows the accuracy
on the 100% to 1% most certain test samples. This is equivalent to the
accuracy when removing 0% to 99% of the most uncertain test samples.
The higher this accuracy, the better the uncertainty estimation, as the

uncertainty metric should retain the most accurate predictions and
defer the least accurate ones. Different post-hoc uncertainty metrics
are tested. Fig. 3c only shows the best-performing one: the weighted
average confidence of the n closest training samples. The performances
of all the uncertainty metrics are shown in Appendix A.

The results in Fig. A.1 show that different uncertainty metrics per-
form best depending on the threshold set on the tolerated uncertainty.
If we require 85% accuracy, the confidence of neighboring training
samples achieves the best performance, with 18% of samples deferred.
For reference, 85% accuracy is a great performance, as the inter-rater
agreement in sleep staging is estimated to be 82.6% [46,47]. When
we exclude samples that lie on sleep stage transitions, the accuracy
improves from 85% to 89%.

As clear from Fig. A.1, the difference between the entropy metric
and metrics based on the uncertainty in the training set is mostly quite
small, and depends on the uncertainty threshold we set. However, the
metrics based on uncertainty in the training set have an important
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Fig. 4. Parameters causing data uncertainty in the PSG training dataset. (a) The data uncertainty per segment is higher for segments on sleep stage transitions than for segments
that are not on sleep stage transitions. (b) The data uncertainty per segment, aggregated per sleep stage, shows that wake segments have low data uncertainty and N1 segments
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Fig. 5. Hypnograms (sleep stages over time) for snippets of two different recordings, demonstrating how personalization through active learning (AL) improves the performance.
Queried samples are shown in gray, labeling errors of the sleep staging model are shown in red. (a) Before AL, the sleep staging model incorrectly labels a lot of segments as N1
sleep around hour 7, and the jumps between REM-sleep and Wake around hour 8 are missed. After AL, most of these labeling errors are corrected. Although the queried samples
are centered around hour 8, the mistakes in N1-sleep around hour 7 are partly corrected too. (b) Both the episode of REM-sleep between hour 6.5 and 7, and the episodes of
N3-sleep between hour 7 and 8.5 are more accurately predicted after AL. Overall, we see that both the queried samples and the unlabeled parts of the recording are labeled more

accurately after AL in both examples.

advantage compared to the decision entropy, as they provide a reason
for deferral. Indeed, the distance-weighted confidence of neighboring
training samples is a product of the distance from the training samples
and the uncertainty of close training samples. Fig. 6 visualizes both
factors. The Spearman correlation coefficient shows that accuracy is
negatively correlated with distance from the closest training samples
(r(43) = —.40, p = .0067) and positively correlated with the confidence
of the closest training samples (r(43) = .51, p = .00032). The two
factors detect, respectively, out-of-distribution samples, and samples
lying close to uncertain regions, e.g. decision boundaries.

The effect of applying U-PASS for sleep staging is summarized in
the red boxes of Fig. 3, which show the resulting accuracy after each
step in the pipeline. This clearly demonstrates how U-PASS leverages
uncertainty in training, active learning and deployment to improve the
accuracy at every stage. Appendix B includes an additional experiment
on the Dreem Open Datasets [30], showing that our pipeline also
generalizes to other datasets.

4. Discussion

We have developed and validated U-PASS, an uncertainty-guided
pipeline for automated sleep staging. Although we applied U-PASS
to sleep staging, the pipeline is generally applicable to any machine
learning problem. It is particularly useful for machine learning in
healthcare, which has strong requirements for reliability, trust, and
benefits from user interaction. By utilizing data uncertainty and model
uncertainty at different stages in the data processing pipeline (training,
active learning and deployment) and interacting with a clinician, we
have shown how U-PASS improves predictions step by step. It can
easily be tailored to the accuracy needs of any particular application, by
adapting the amount of data queried and deferred in the active learning
and deployment phase, respectively.

We have validated our pipeline in PSG data of a real patient popula-
tion of elderly subjects with suspicion of sleep apnea. Many performant
deep learning models have been developed for sleep staging on PSG,
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but they are developed as static, stand-alone input—-output machines.
This limits their performance and utility in the clinic. Our contribution
consists of building a pipeline in which such deep learning models can
be integrated, boosting their performance and allowing for the clini-
cian to choose the desired performance level. To showcase the broad
applicability of our approach and its resilience in scenarios involving
domain shifts, we conducted additional validation of our pipeline on a
multi-scored, openly accessible sleep dataset (Appendices B and C).

The performance gains achieved by applying U-PASS to a state-of-
the-art sleep staging model learning are shown in Fig. 3. The first two
parts of the pipeline, data collection and data selection, are focused on
tailoring the training dataset to achieve optimal results. Both steps de-
crease the data uncertainty in different ways. In the data collection step,
data uncertainty is estimated to find out which features (or channels in
the case of sleep staging) need to be collected. Once the data acquisition
protocol is fixed and the training set is acquired, the data selection
step filters out the data with the highest data uncertainty, as these can
deteriorate model performance. In our experiments, the data collection
step shows the largest improvement by going from one EEG channel
to five channels. The data selection attains its maximum improvement
when 1% of the training data are discarded. This step only increases
the accuracy by a modest relative 0.3%. Despite the minor magnitude
of the improvement, we systematically observe improvements with data
pruning in other datasets. Appendix B shows the result on a public
dataset. The current data selection approach is still rather rudimentary
and may benefit from further refinement. First, it does not account
for class imbalance. In the case of sleep staging, this particularly
concerns class N1, the smallest class with samples often found on class
boundaries. Caution is advised to avoid compromising N1 sensitivity
and future work could explore balancing the removed samples across
classes. Second, in the context of sleep staging, the current data se-
lection approach does not consider temporal dependencies between
consecutive epochs. It remains an open question how to optimize data
selection for time series with temporal dependencies. Future research
could investigate how to take these into account. Future investigations
could explore the impact of various factors, such as data type, quality,
and volume, as well as the model architecture, on the effectiveness of
data selection.

The third part of the U-PASS pipeline includes finetuning a sleep
staging model with an active learning approach. Active learning or
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any other form of additional training can resolve model uncertainty,
which is caused by distribution shifts (related to patient populations or
measurement equipment) or out-of-distribution data. Another and per-
haps even more important source of model uncertainty is the difference
in interpretations of scoring rules between different experts or sleep
centers [48]. We have developed a recording-wise personalization step
to handle out-of-distribution data, or ‘difficult-to-score’ recordings and
samples. Adaptation to a new scorer is not the focus of this study, as
our experiments are performed on a dataset labeled by a single scorer,
but this could also be resolved through additional learning. Variability
due to hardware and different patient populations is addressed in
Appendix B, which shows that the pipeline also handles domain shifts
between the training and test set.

The last step of U-PASS, deferring ambiguous samples, allows us
to choose a tolerated level of uncertainty or a desired accuracy for a
specific task. This comes at a labeling cost, similar to the active learning
step of the U-PASS pipeline. The difference between the two steps is
the type of uncertainty they tackle. Active learning can only resolve
model uncertainty, coming from a lack of knowledge of the model. Pure
data uncertainty, on the other hand, is inherent to the data and can
hence not be resolved through learning. The only possible mechanism
to cope with high data uncertainty at deployment time is deferral to an
expert. In theory, doctors do not know more than a machine learning
model in cases of pure data uncertainty. However, they can take the
right course of action, whether that be ignoring the data, performing
a new measurement, or fixing a broken electrode. We conclude that
both active learning and deferring help to increase the accuracy to the
desired level at a certain labeling cost. Since they tackle different types
of uncertainty, they should be combined for optimal performance and
utility.

Along with performance gains, the uncertainty estimation methods
in the U-PASS pipeline also provide some interesting clinical insights
into the sleep data. Fig. 2b and Fig. 4 shows that the data uncertainty
in segments on sleep stage transitions is higher than for others, and
that sleep stage N1 is characterized by more uncertainty than other
sleep stages. This data uncertainty is by definition inherent to the
data and cannot be resolved by more training. Hence, human expert
annotations should exhibit the same data uncertainty, and indeed, our
results are consistent with the sources of uncertainty identified in inter-
rater variability studies [46]. In line with our results, previous studies
on automated sleep staging found that hypnodensity plots, showing the
model’s output probabilities for all sleep stages, also correlated well
with the average scoring of expert panels [31-33].

Sleep scoring rules are notoriously ambiguous, leading to high
variability between scorers and sleep centers [21,48]. As such, the
objectivity of uncertainty metrics can guide clinical practitioners and
experts developing sleep scoring guidelines [19] to define better rules.
For example, changing the 30-second segmentation to a more fine-
grained segmentation should benefit the data uncertainty. Furthermore,
the less ambiguous the sleep staging rules are, the less data uncertainty
there is. An additional insight we have gained from plotting the sleep
features (Fig. 2b) is that sleep stages do not seem to be discretely
separated, but rather lie on a continuous spectrum. Recent works have
advocated modeling sleep as a continuous process [49-51], which may
be a more biologically accurate representation. Hence, uncertainty es-
timation methods can inform the medical field on how to best describe
and define sleep.

In conclusion, U-PASS is a machine learning pipeline that integrates
uncertainty-informed curation of the training set, uncertainty-based
active learning to incorporate a clinician’s feedback and deferral of un-
certain decisions to a clinician. As such, all the facets of uncertainty and
benefits of uncertainty estimation are harmonized in a single frame-
work and combined with the clinician’s capabilities. This optimizes the
machine learning pipeline and unlocks its potential in a clinical setting
by adding safety guardrails to the process. Not only does U-PASS give
agency to clinicians, but it also has the potential to provide them with
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Fig. A.1. Extended results showing the performance of the different measures of uncertainty for deferring uncertain test samples. (a) The accuracy for the x% most uncertain
samples. The better the uncertainty estimate, the lower this figure. (b) The accuracy for the x% most certain samples. The better the uncertainty estimate, the higher this figure.

Depending on the threshold and scenario, different uncertainty measures perform best.

valuable insights into their data, offering a deeper understanding of
sleep biology and potentially other clinical applications. Overall, U-
PASS represents a promising approach to enhancing the reliability and
safety of machine learning systems in critical fields such as healthcare.
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Appendix A. Extended deferral results
See Fig. A.1.
Appendix B. U-PASS in Dreem Open Datasets

The U-PASS pipeline is applied to the Dreem Open Datasets (DOD)
[30] to demonstrate its generalizability in different datasets. The cho-
sen model architecture for sleep staging is still SeqSleepNet, and the
consensus scores of this multi-scored dataset are used to train the
model. It should be noted that a potential improvement here could be
to train the model on smoothed labels, using probabilities obtained by
averaging the scores over the expert panel [34]. The results for this
experiment are shown in Fig. B.1. For the data collection and data
selection experiments (Fig. B.1a), the network architecture is trained
on 28 randomly selected patients from DOD-O, the OSA cohort of the

DOD. For the active learning personalization experiments (Fig. B.1b)
and evaluation experiments (Fig. B.1c), we use the remaining 28 OSA
patients from DOD-O and the 25 healthy participants from DOD-H. The
DOD-H is a dataset with a different patient population, acquired with
different equipment, at a different institution compared to the DOD-O
dataset. This dataset is included for testing to verify that the framework
still works in case there is a domain shift between the training set and
test set.

The results on the DOD are in line with the results on the dataset
from Leuven (Fig. 3), with a few interesting differences. In the data
collection experiment (Fig. B.la, left), we only test a maximum of
three channels, because these are the only ones that are present in
both DOD-O and DOD-H. In the active learning experiments (Fig. B.1b),
the recording-wise personalization improves the accuracy more for the
DOD-H patients than for the DOD-O patients. This is in line with
our expectations, as active learning and other forms of training re-
solve model uncertainty, which is expected to be higher in DOD-H.
Differences in measurement equipment and in patient characteristics
typically lead to domain shift, and, consequently, model uncertainty
and lower accuracies. The average unsupervised model uncertainty
proves that epistemic uncertainty is indeed larger in the DOD-H dataset.
At test time (Fig. B.1c), we decide not to defer any samples from the
DOD-O dataset, because the accuracy is near-perfect (greater than 85%)
after the active learning step. For the DOD-H dataset, we defer 7% of
samples to get to 85% accuracy. We also test what would happen if we
choose an uncertainty threshold on the DOD-O data and apply it to the
DOD-H data. When selecting an uncertainty threshold that results in
90% accuracy (with a deferral of 13% of samples) for the DOD-O test
data, this threshold results in a deferral of 15% of samples for the DOD-
H dataset, with a resulting accuracy of 87.5% on the remaining data.
Although the uncertainty threshold set in one dataset cannot guarantee
the same accuracy in another dataset in case of domain shift, it still
achieves a very decent result, with a final accuracy close to the one
obtained in the original dataset. This shows that our pipeline is indeed
robust to domain shift.

Appendix C. Inter-rater variability

In general, inter-rater disagreement results from a mix of aleatoric
(data) and epistemic (model) uncertainty. A study by Van Gorp et al.
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Fig. B.1. U-PASS applied to the Dreem Open Datasets (DOD). The resulting accuracy after every consecutive step is indicated with a box. (a) During training, the training dataset
is tailored using data collection and data selection based on data uncertainty. In the data collection step, samples move to the upper-left corner with high confidence and low data
uncertainty when more channels are used. We thus proceed with three channels. In the data selection step, the optimal test result is achieved when removing the one percent
most data-ambiguous training samples. (b) Active learning is used to adapt the model to individual recordings. 1% of samples is queried in each of the 10 training epochs. Active
learning shows a larger improvement on DOD-H than on DOD-O, which is as expected because of the domain mismatch. In both datasets, we only perform active learning on the
40% recordings characterized by high model uncertainty. (c) At deployment time, uncertainty-based deferral increases the test accuracy in DOD-H to the desired level of 85%.
Samples with uncertainty values below the threshold are referred to a clinician for manual labeling. In the DOD-O dataset, this accuracy is already achieved without deferral, so

we do not defer any samples.

[18] showed that both machine learning models and humans suffer
from both aleatoric and epistemic uncertainty. However, assuming
that all the raters are well-trained, certified scorers, the contribution
of aleatoric uncertainty is higher than the contribution of epistemic
uncertainty. When there is an ensemble of predictions, we can take
the expectation (average) over the different predictions to estimate
aleatoric uncertainty, and the variance over the predictions to estimate
epistemic uncertainty. This could in theory be done with a panel of
scorers as the ‘ensemble’, but unfortunately, human scorers do not give
probabilities but one-hot predictions, which do not allow to calculate
these estimates. Therefore, we can only get a measure of total uncer-
tainty (aleatoric and epistemic) by taking the entropy or variance of
the average prediction.

10

The Dreem Open Datasets were scored by 5 different scorers, allow-
ing to quantify the total human uncertainty. Our training procedure for
this dataset is explained in Appendix B. For the 28 training recordings,
we compared our estimates of uncertainty with the inter-rater variabil-
ity. The inter-rater variability was calculated as v,,, = P*x(1—P*) where
P* is average rating of the majority voted sleep stage. We obtained per-
recording averages of inter-rater variability and uncertainty estimates,
and calculated Pearson’s correlation coefficient between these values.
The best match was found between inter-rater variability and the data
uncertainty (2) estimated on our training data, with a correlation
coefficient of r=0.64 (see Fig. C.1). The correlation coefficient obtained
with model uncertainty (1) was r = 0.56. Model uncertainty is model-
dependent, and so, it is not necessarily the same in machine learning
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models and humans. In conclusion, although this experiment does not
exclude the presence of epistemic uncertainty in the human scorers,
it does confirm that data uncertainty is model-independent and thus
correlates very well between human scorers and machine learning
models.
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