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Abstract

This thesis investigates how artificial intelligence (AI) and
machine learning (ML) can be integrated into the regulated work-
flow of polysomnography-based sleep architecture analysis while
ensuring outcomes are understandable and defensible. Rather
than focusing solely on sleep-stage classification accuracy, the
thesis argues that different parts of the workflow require differ-
ent combinations of machine learning, explicit rules, uncertainty
representation, and human oversight.

Across six papers, the thesis develops AI methods for sleep
analysis and, through simulation and empirical studies, examines
how their outputs behave within the clinical workflow. These
include an LLM-guided neural architecture search framework for
autonomously developing multimodal sleep staging models; a rule-
based automatic sleep staging system derived from clinical scoring
rules, capable of producing auditable justifications in clinical lan-
guage; simulation and empirical studies of how sleep staging error
propagates to downstream sleep metrics (such as total sleep time
and time spent in deep sleep); and methods for estimating sleep
metrics without performing sleep stage classification.

The results show that strong epoch-level agreement does not
translate uniformly into reliable downstream sleep metrics and
that some sleep metrics vary substantially across expert scorers.
They further show that preserving probabilistic uncertainty can
improve sleep metric estimation, that direct sleep metric estimation
can be competitive with conventional hypnogram-based pipelines,
and that parts of the formal scoring workflow can be translated
into executable and auditable procedures. Interviews with sleep
professionals also show that effective AI decision support requires
interactivity, familiar clinical language, and system designs that
preserve the human expert’s accountability.

These findings are synthesized in the MARBLE framework
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(Multiple Abstraction-Level Rule-Based Learning Engine), which
treats AI decision support in sleep medicine as the coordinated
use of rule-based and pattern-based methods across multiple ab-
straction levels, from raw physiological signals and micro-events
to sleep stages, sleep metrics, and higher-level interpretation. The
thesis concludes that AI integration in clinical sleep analysis should
not be framed as the automation of one prediction task, but as
the careful design of decision support across a rule-governed work-
flow. Although developed in sleep medicine, this may also have
implications for AI decision support in other regulated domains.
Keywords: Regulated AI, explainable AI, decision sup-
port systems, sleep staging, polysomnography, neural
architecture search.
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Chapter 1

Introduction

Artificial intelligence (AI) is being deployed across professional
practice faster than institutions can develop policies, norms, and
procedures for its use [1], [2]. The gap is widest in regulated
domains, such as medicine, finance, and law, where decisions are
not only judged by whether they are correct, but also by whether
they can be reviewed, audited, and justified according to accepted
rules. In such settings, an AI system may be technically successful
in the narrow sense of producing accurate predictions while being
practically useless, because its outputs are not connected to the
procedures by which decisions are normally made. The questions
of where AI should enter a workflow, what kinds of outputs it
should produce, and how its conclusions can remain accountable
to the rules already in place, are therefore pressing [3].

This thesis studies these questions in the setting of clinical
sleep architecture analysis. Sleep disorders affect cardiovascular
health, cognition, mental health, and daytime safety, and are highly
prevalent in the general population [4]–[6]. Polysomnography
(PSG), the overnight recording of physiological signals during
sleep, is the principal technique used to diagnose sleep disorders
and investigate sleep architecture [7]. PSG interpretation is rule-
governed: trained experts apply standardized scoring rules [8] to
derive sleep stages, sleep metrics, and a clinical report.

Sleep architecture analysis is small enough in scope to study
end-to-end, yet institutionally complex enough to expose the in-
tegration challenges that arise when AI is introduced into a reg-
ulated clinical workflow. The dominant framing in the AI sleep

1
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architecture analysis literature treats the problem as supervised
classification of sleep stages. That is, given physiological signals,
the task is to predict the sleep stage labels a human expert would
assign, and measure progress by agreement with those labels [9].
This framing, while useful for benchmarking, is misaligned with
how sleep analysis functions in clinical practice. Sleep stage labels
are intermediate outputs. They are inputs to sleep metrics and
diagnosis. It is the downstream artifacts, not the sleep stage labels
themselves, that carry clinical weight.

1.1 Thesis aims and contribution
The primary objective of this thesis is to investigate how AI and
ML can be integrated into the complex, regulated workflow of
sleep architecture analysis without sacrificing the justifiability of
outcomes. We operationalize justifiability as follows: an outcome
is justifiable in terms of existing rules if an independent domain
expert can (1) trace the outcome to explicit rule applications and
the underlying evidence used to satisfy the rules, and (2) reproduce
the decision path from the recorded inputs.

The research examines technical and clinical limitations of
current automatic sleep staging methods and proposes alternatives.
The work has four aims:

Aim 1: Characterize the clinical and technical limitations
of conventional ML sleep staging.

Aim 2: Identify alternative prediction targets for ML sleep
architecture analysis.

Aim 3: Determine to what extent clinical sleep scoring rules
can be formalized and where ML can support them.

Aim 4: Define the requirements for human-AI collaboration
in clinical sleep architecture analysis.

This thesis examines the problem of integrating AI into the
workflow of sleep architecture analysis through specific thesis
questions: in PSG sleep architecture analysis, what decisions
should be automated with ML, and how should those decisions
be justified? Although the work presented is spread across six
papers that address distinct technical topics, they are unified by
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those questions. The papers discuss topics in sleep staging, such
as how far statistical pattern recognition can be pushed, how
much of the scoring rules can be operationalized into computer
code, and whether conventional prediction targets and explanation
paradigms are appropriate for use in clinical practice. Together,
they build toward a view of ML automation in which predictive
performance, clinical relevance, and justifiability are solved jointly
in a decision support system. The four aims of the thesis can be
formulated as the following research questions:

RQ 1: Under what conditions do conventional ML sleep
staging models and evaluation metrics (accuracy, Cohen’s
kappa) fail to be clinically useful?

RQ 2: Are there targets and evaluation metrics that are
more robust and clinically relevant than epoch-by-epoch
sleep stage classification if the clinical task is interpreting
sleep architecture?

RQ 3: To what extent can clinical sleep scoring rules be
translated into an executable procedure, and where do ML
models provide support within that procedure?

RQ 4: What must a clinical sleep architecture analysis deci-
sion support system provide for human experts to collaborate
with AI models?

Across six papers and a prototype decision support system, the
thesis contributes both technical artifacts and design knowledge
about how to use ML models inside a rule-governed clinical work-
flow without sacrificing justifiability. The relationship between
the overarching thesis problem, the application domain of sleep
architecture analysis, the thesis questions, and the four research
questions is shown in Figure 1.1. The contributions of the thesis
and their relation to the papers and research questions are also
summarized across the six papers in Table 1.1.

The remainder of the thesis is structured as follows:

• Chapter 2 provides background on sleep architecture and
automatic sleep staging, as well as AI in regulated domains.

• Chapter 3 describes the research approach, datasets, and the
role of the researcher.



4 CHAPTER 1. INTRODUCTION

• Chapter 4 presents Paper I, which develops an LLM-guided
neural architecture search framework for multimodal sleep
staging.

• Chapter 5 presents Paper II, which translates parts of the
AASM sleep scoring procedure into an executable rule-based
sleep staging method.

• Chapter 6 presents Paper III, which studies how sleep staging
errors propagate into downstream sleep metrics.

• Chapter 7 presents Paper IV, which examines inter-scorer
reliability in derived sleep architecture metrics.

• Chapter 8 presents Paper V, which evaluates alternatives to
hypnogram-based sleep metric estimation.

• Chapter 9 presents Paper VI, which studies human-AI col-
laboration and explainability in clinical sleep analysis.

• Chapter 10 synthesizes the papers into the MARBLE frame-
work and presents the SleepScorer prototype.

• Chapters 11 and 12 discuss the overall findings, implications,
future work, and conclusions.

The thesis has no single, unified methods chapter. Instead,
the methods are described within each paper chapter (Chapters
4–9). This is due to the methodological diversity of the work:
the papers use distinct approaches, including neural architecture
search, rule-based system design, simulation studies, statistical
reliability analysis, model evaluation, and qualitative interview
analysis.
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Figure 1.1: Hierarchical framing of the thesis problem, application
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Table 1.1: Mapping from thesis contributions to research questions
(RQ1–RQ4) and their role in the thesis-level goal of supporting inte-
gration of machine learning into a rule-governed clinical workflow.

Contribution RQs Link to thesis

Ch. 4 A multimodal sleep staging
model discovered via a
novel NAS framework.

RQ1 Establishes a high-performing
ML sleep staging model based
purely on statistical pattern
recognition.

Ch. 5 An automatic sleep staging
algorithm based on AASM
scoring rules that provides
justifications using clinical
terminology.

RQ3 Demonstrates the feasibility
of translating parts of the
clinical scoring procedure into
executable, auditable code.

Ch. 6 A simulation framework
for propagating staging
error into errors in derived
sleep metrics.

RQ1,
RQ2

Shows that conventional
staging metrics can fail to
reflect downstream clinical
relevance.

Ch. 7 An empirical analysis of
inter-scorer reliability in
derived sleep architecture
metrics.

RQ1,
RQ2

Shows that sleep metric
targets are themselves
uncertain and that the
construction of the reference
value matters.

Ch.
8.3

Methods for estimating
sleep metrics without
relying on the hypnogram,
including soft aggregation
and direct estimation.

RQ2,
RQ3

Provides alternatives to
epoch-by-epoch staging that
better match the clinical task
of interpreting sleep
architecture and help
reposition where ML is most
useful in the workflow.

Ch. 9 A study of requirements
for sleep architecture
analysis decision support
and a framing of
human-AI collaboration.

RQ4 Specifies what experts need to
remain accountable
humans-in-the-loop:
interactive, rule-aligned
decision support.

Ch.
10

The MARBLE framework,
which synthesizes the
thesis findings into a
multi-level framework for
rule-governed AI decision
support in sleep analysis.

RQ1–
RQ4

Integrates the findings of the
six papers and presents a
framework for AI decision
support across multiple
abstraction levels.
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1.2 A few words on vocabulary
Several terms used throughout this thesis are unavoidably polyse-
mous. In particular, there are some words that carry established,
but very different meanings in sleep medicine and ML literature.
This is unfortunate because the overlap is frequent and occurs
in both clinical and technical parts of the text. There are a few
especially problematic and commonly occurring terms:

Epoch. In sleep medicine, an epoch refers almost exclusively
to a 30-second time segment of a PSG recording. In ML, an
epoch usually refers to a single full pass of a neural network
through a training set. Throughout this thesis, epoch refers
to a 30-second segment of a sleep recording, whereas a neural
network pass through a training set is referred to as a training
epoch.

Parameters. In ML, model parameters are numerical values
learned during training. In sleep medicine, sleep parameters
are quantitative descriptors derived from the PSG, such as
total sleep time. To avoid confusion, we refer to these as
sleep architecture metrics, or simply sleep metrics.

Architecture. In sleep medicine, sleep architecture refers
to the structure of sleep across the night. In ML, network
architecture describes the structure, parameters, and hyper-
parameters of an ML model. Throughout this thesis, the
term architecture is used with an explicit prefix, i.e. sleep-
or network architecture, unless the intended meaning is clear
from the context.

This thesis is largely about finding a neural network architecture
with different model parameters and hyperparameters (e.g., the
number of training epochs), to predict epochs and other sleep
architecture parameters using neural signals. Such is life.





Chapter 2

Background and related
work

This chapter establishes the background of the thesis in two sec-
tions. It first introduces sleep medicine as the application domain,
and in particular, the hierarchical structure of sleep architecture
analysis and the current state of automatic sleep staging. It then
turns to the broader literature on AI in regulated domains, includ-
ing the engineering tradition of encoding clinical rules as executable
code, machine learning, explainable AI, the relevance problem in
hierarchical decision systems, and hybrid approaches that combine
rule-based and pattern-based reasoning.

2.1 Sleep medicine as the application do-
main

2.1.1 Sleep architecture
In clinical sleep medicine and sleep research, sleep stage scoring
serves as an important diagnostic tool. It is the process by which
the different stages of sleep are identified and categorized, most
commonly following clinical guidelines established by the American
Academy of Sleep Medicine (AASM) [8]. These stages are wake,
rapid eye movement sleep (REM), and non-rapid eye movement
sleep stages 1, 2, and 3 (N1, N2, and N3). The classification of the
sleep stages is based on physiological signals captured during sleep,

9
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Figure 2.1: An example of a hypnogram. REM sleep is traditionally
shown in red.

such as electroencephalography (EEG), electrooculography (EOG),
and chin electromyography (EMG). Whereas EEG measures the
brain’s electrical activity, EOG records eye movements, and chin
EMG measures muscle activity in the chin [7], [8].

These measurements are typically conducted during a PSG
sleep study, a comprehensive test used to measure sleep and diag-
nose sleep disorders. During a PSG, these physiological signals and
others are recorded to provide a detailed overview of an individual’s
sleep patterns.

For the purpose of analysis, a night of sleep is divided into 30-
second segments, known as epochs.1 Each epoch is then classified
into one of the five sleep stages. This classification, which is
called sleep stage scoring, is performed manually by trained sleep
technologists during a process that typically takes between one
and three hours [11], [12].

From the results of the epoch-by-epoch sleep stage scoring,
a range of sleep metrics can be calculated. These include, for
example, the total sleep time (TST), which measures the total
duration of sleep; sleep efficiency (SE), the percentage of time
in bed spent sleeping; and the sleep onset latency (SOL), the
time it takes to fall asleep. Additionally, the analysis yields a
hypnogram, a graphical representation of the transitions between
sleep stages over the course of the night. Figure 2.1 shows an
example of a hypnogram. This visual summary provides insight
into the architecture and quality of sleep [8], [13].

Rechtschaffen and Kales (R&K) published the first standard-
ized sleep scoring manual in 1968 [14]. The scoring rules have since
been updated, and the AASM scoring manual now serves as the
standard for scoring sleep studies, including how to assign sleep
stages [8]. According to the AASM scoring manual, for example,
stage N1 is identified by the attenuation of wake-related alpha

1The reason for this choice of time duration of epochs is largely historical:
30 seconds was approximately the length of the printer paper during early
analog PSG recordings [10].
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rhythm and its replacement by low-amplitude mixed-frequency
(LAMF) EEG activity, that is, relatively low-voltage EEG with-
out a single dominant rhythm. In individuals who do not clearly
generate alpha rhythm, N1 may instead be recognized by features
such as vertex sharp waves (V-waves; brief, sharply contoured
waveforms maximal over central EEG derivations) or slow eye
movements (rolling eye movements seen in the EOG) [8]. Learning
to score sleep stages, therefore, requires the scorer not only to
apply formal rules but also to recognize recurring physiological
patterns such as V-waves, slow eye movements, and LAMF activity.
Scoring also requires interpretation of the rules since the rules are
ambiguous and fail to cover all scenarios that occur in practice
[15]. Commonly, colleagues teach each other ways of interpreting
the rules, resulting in “house rules” [15], [16]. Expert human sleep
scorers typically agree on sleep stage classification for around 86%
of epochs (inter-scorer agreement) [17]. Intra-rater agreement (how
often a scorer agrees with their own scoring) is around 88-90%
[18].

The analysis of sleep architecture can be viewed as a hierarchy
of processes and decisions. At the lowest level, events such as
spindles and V-waves are recognized. One level up the hierarchy,
these micro-annotations determine which sleep stage each 30-
second epoch should be assigned. The epoch-by-epoch sleep stage
assignments form the hypnogram, from which sleep metrics are
calculated. At the highest level of the hierarchy, sleep metrics,
together with the hypnogram and other clinical information, are
assembled into a sleep report, which is used for the diagnosis of
the patient.

2.1.2 Automatic sleep staging
Automated sleep staging methods have been proposed for decades
but have largely failed to gain widespread adoption in clinical
practice [15], [19]. Early approaches attempted to encode the
human scoring procedure as algorithms [20], [21]. These systems
depended on hand-crafted features along with rule-based decision
trees or thresholding to reproduce the procedures of the R&K
scoring manual [14]. Throughout the 1990s and early 2000s, a
range of expert systems for sleep staging were proposed [21].

One prominent example was the Somnolyzer 24×7 system,
which was first created to emulate the R&K rules and later modified
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to comply with the AASM rules [22]–[24]. Another example of a
rule-based automatic sleep staging method was Liang et al. [25],
which used 14 “if-then” rules inspired by the AASM scoring manual.

By the 2010s, the focus of research in automated sleep staging
had shifted to supervised ML algorithms [26], [27]. Early ML meth-
ods typically involved feature engineering and training classifiers
such as support vector machines or random forests [28]. With the
rise of DL in the late 2010s, architectures such as convolutional
neural networks and recurrent neural networks have been used to
classify sleep stages with minimally preprocessed signals. Models
such as DeepSleepNet [29], SeqSleepNet [30], and U-Sleep [31]
have shown sleep staging performance exceeding that of feature-
engineered systems and even human inter-scorer agreement.

There have also been some hybrid approaches to automatic
sleep staging. In the year 2000, Park et al. [32] proposed a hybrid
neural network and rule-based expert system for automatic sleep
stage classification. More recently, in 2022, Hwang et al. [33]
presented an AI-based clinical decision support system for assisting
sleep technologists in reviewing AI-predicted sleep stages, designing
the system around clinically relevant features such as sleep spindles,
K-complexes, and delta waves.

Figure 2.2 shows the number of publications about automatic
sleep staging (blue line) and AI sleep staging (red dashed line)
published per year up to the year 2024. In total, there are 525
articles about automatic sleep staging, 288 (55%) of which were
published in the last 5 years. The data comes from a PubMed
search of

automatic AND (("sleep stage") OR
("sleep staging"))

and

(("machine learning") OR
("artificial intelligence")) AND
(("sleep stage") OR ("sleep staging"))

respectively.
Figure 2.3 shows the accuracy of the automatic sleep stag-

ing methods reported in the papers. The data was collected by
retrieving the abstracts of the papers [22], [34]–[107] from the
PubMed search and collecting the reported 5-class sleep staging
classification accuracy. The figure also shows three horizontal lines,
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Figure 2.2: The number of publications about automatic sleep
staging (blue line) and AI sleep staging (red dashed line) published
per year.
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Figure 2.3: The accuracy of the automatic sleep staging methods
reported in the papers, over time. Gray vertical lines show years
where changes were made in the scoring rules: R&K and AASM
scoring manual versions 1, 2, and 3. The blue dashed line shows the
baseline accuracy of an educated random guess, the red dotted line
shows inter-rater agreement, and the green line shows intra-rater
agreement [17], [18]
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representing the baseline accuracy of an educated random guess
(see Chapter 6), inter-rater agreement [17], and intra-rater agree-
ment [18], from top to bottom, respectively. Any automatic sleep
staging method that lies above the top line has likely been over-
fitted since it replicates the sleep stage scoring of a human scorer
more closely than human scorers reproduce their own scoring, on
average. The figure shows that the accuracy of the automatic sleep
staging methods has been close to the inter-rater agreement for
the past five decades.

Despite strong reported performance in the automatic sleep
staging literature, clinical adoption has remained limited. There
are disagreements in the literature about the current state of au-
tomatic sleep staging. Some authors claim that advancements
in ML and the availability of large datasets have improved au-
tomatic sleep staging in the last few years [108], to the point of
having “basically been solved” [9]. Others argue that little sub-
stantial progress has been made. According to Stanley [15], we
have “imperfect staging rules being imperfectly implemented by
dozens of companies in closed source algorithms”. To navigate
this uncertainty, researchers and clinicians are increasingly calling
for human-in-the-loop approaches to AI sleep staging [109]–[111].
Human-in-the-loop AI refers to systems where human expertise
is integrated into the AI algorithms during training or inference.
This discussion mirrors the broader calls for human-in-the-loop AI
in healthcare [112].

2.2 Conceptual background for regulated
AI

The automated analysis of sleep architecture is a specific instance
of a general task: the deployment of AI in regulated decision
processes. The questions this thesis asks about sleep architecture
analysis are not unique to sleep medicine, and the literature that
has engaged the questions most directly comes from outside of the
field of sleep. This section explores some of the relevant literature,
starting with expert systems, clinical decision support systems,
and symbolic AI.
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2.2.1 Expert systems, clinical decision support
systems and symbolic AI

In the 1960s and 1970s, early expert systems supported decision-
making by operationalizing domain expertise as explicit rules.
Dendral [113] and MYCIN [114] are often cited early examples
of expert systems for scientific hypothesis formation and medical
decision support, respectively. A defining feature of these systems
is their ability to produce reasoning traces of the form “rule X
fired because evidence Y was present”. Expert systems are a
type of symbolic AI [115], [116], which are systems that represent
knowledge explicitly as rules or logic and perform inference over
those representations.

A closely related field in medicine is that of clinical decision
support systems (CDSS). Clinical decision support systems are
software systems designed to assist clinicians in making decisions
about diagnosis, treatment, or monitoring. Many CDSS are imple-
mented as rule-based systems, encoding clinical knowledge in the
form of explicit code. The longest-running standard for represent-
ing executable clinical knowledge is the Arden Syntax [117], [118].
Knowledge is encoded in Medical Logic Modules (MLMs), each
of which combines a data slot specifying which observations the
module depends on, a logic slot containing the rule itself, and an
action slot specifying what to do when the rule fires. MLMs were
designed to be human-readable and authored by domain experts
rather than programmers, with the goal that a rule written at one
institution could be shared and executed at another. Efforts have
been undertaken to standardize the representation of data in CDSS,
such as through the OMOP Common Data Model maintained by
the OHDSI collaborative [119].

The modern HL7 stack pulls encoding, data, and invocation
apart and standardizes each separately. Fast Healthcare Interop-
erability Resources (FHIR) [120], [121] provides a REST/JSON
resource data model; Clinical Quality Language (CQL) [122] ex-
presses clinical logic against a FHIR data model; SMART on
FHIR [121] specifies how substitutable clinical applications launch
inside an EHR; and CDS Hooks [123] specifies how an external
decision-support service is invoked from within the clinician’s
workflow. Recent surveys [124], [125] document growing activ-
ity around these FHIR-based CDS standards since 2018. Sleep
medicine does not have a comparable data-standards layer. How-
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ever, the AASM rules can be implemented as executable logic, as
shown in Chapter 5.

Purely symbolic approaches run into a number of problems
when applied to real-world data. Firstly, they are brittle. Rules do
not cover all the infinite number of borderline cases and exceptions
that can appear in an open-ended environment [126]. Secondly,
symbolic rules assume clean inputs, while data from the real world
are noisy and contain missing values [127]. Furthermore, real-
world systems are in constant evolution, and symbolic AI requires
ongoing maintenance and validation. This is referred to as the
“knowledge acquisition bottleneck” [128]. These problem areas for
symbolic AI are where ML, or neural AI, excels.

2.2.2 Machine learning and neural AI
Machine learning approaches the task from the opposite starting
point. Rather than representing domain knowledge as explicit rules,
ML systems learn statistical patterns from data. In supervised
learning, a model is trained on examples consisting of inputs and
target outputs, and the learned model is then used to predict
outputs for new inputs [129]. Supervised ML includes a range of
model families. Some methods, such as logistic regression, support
vector machines, random forests, and gradient-boosted trees, are
often used with hand-crafted features extracted from the input
data. Deep learning methods, such as convolutional, recurrent,
and transformer-based neural networks, instead learn internal
representations from the data itself.

However, these data-driven ML models introduce a problem of
their own. Their predictions are often difficult to trace to accepted
clinical rules, and their internal representations are not usually
inspectable in the way that a rule base is [130], [131]. For example,
an ML model may predict a sleep stage with high accuracy without
providing a decision path that a sleep technologist can reproduce
from the underlying signal evidence. The same statistical flexibility
that makes ML useful for noisy pattern recognition also makes
it harder to audit, justify, and govern. This is referred to as the
“black-box” problem in AI [132]
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2.2.3 Interpretability, explainability and
justifiability

Explainable AI (XAI) is a field of research that aims to make
black-box ML systems more transparent and understandable to
humans. However, there is not a single agreed-upon definition of
what an “explanation” is in the XAI literature [133]. This lack of
agreement is not unique to AI: the concept of explanation itself
has long been the subject of philosophical discussion [134], [135].
In practice, XAI is often framed as a way to increase trust in AI
systems by providing explanations [136].

XAI is commonly divided into two strategies [130], [137]. The
first, interpretability, treats transparency as a property of the
model itself: simple linear models, decision trees, and rule sets
expose their reasoning by construction. The second, post-hoc
explainability, accepts model opacity and reconstructs an account
of the prediction after the fact, typically through attribution meth-
ods applied to a trained black-box model. Chapter 9 returns to
this distinction in the context of human–AI collaboration; for the
present chapter it is enough that the post-hoc strand has been the
subject of sustained criticism. Rudin [138] argues that post-hoc
explanations are themselves unreliable and potentially misleading,
and advocates for interpretable models rather than retrofitted
explanations. Babic and Cohen [139] go further, calling post-hoc
explanations “insincere-by-design” on the grounds that they can-
not reveal the reasoning that actually produced a model’s output.
Together, these critiques motivate a shift from asking whether a
model can be explained to whether an AI-enabled decision can be
justified. Following Babic and Cohen [139], justifiability concerns
whether a decision can be defended to relevant stakeholders by ap-
peal to accepted grounds (e.g., rules or procedures), rather than by
a persuasive narrative about what the model might have attended
to. Babic and Cohen [139] argue that post-hoc explanations are
a poor route to justifiability. Because they are generated after
the fact, post-hoc XAI methods can return arbitrary rationales,
and they do not reliably distinguish permissible justifications from
spurious or illegitimate ones.

As AI systems grow increasingly powerful in their predictive
capability, their outputs become more difficult to explain. If we
require faithful, mechanistic explanations, then producing such
explanations effectively requires access to (and a model of) the AI’s
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decision procedure. For complex systems, that kind of explanation
may be as complicated as the system itself [131]. Explanations
must thus bring relevant facts to the foreground, while suppressing
countless other, less relevant facts.

2.2.4 Abstraction hierarchies and the relevance
problem

Section 2.1.1 introduced sleep architecture analysis as a hierarchical
workflow. Physiological signals are interpreted as micro-events,
micro-events inform epoch-by-epoch sleep stage scoring decisions,
epochs form a hypnogram, the hypnogram is used to derive sleep
metrics, and these metrics contribute to the sleep report. This
workflow is a hierarchy, and supporting decisions with AI requires
choosing where in the hierarchy questions should be answered.
The same is true of explanations. To explain a decision is not to
list every fact that could have influenced it, but to select the level
at which the decision should be made understandable [140].

This connects the thesis to the relevance problem. The relevance
problem concerns how an intelligent agent (human or artificial)
manages to restrict its thinking and perception to what matters,
at the “correct” level of abstraction. Each decision such an agent
makes is affected by an effectively unbounded number of facts. If
an agent tried to consider every fact that could affect its decision, it
would never finish reasoning, but if it fails to consider an important
fact, the decision will be irrational.

To make the relevance problem concrete, we can imagine an
AI agent tasked with assisting a park ranger at the entrance to
a public park.2 This seems like a simple task. When faced with
the question “is this allowed in the park?”, the AI agent needs
to (1) understand what this is and (2) what rules apply to this.
Even before any explicit reasoning begins, the AI agent needs to
decide what information to retrieve, what features to attend to,
and which frame to use, whether the relevant concept is vehicle,
maintenance equipment, weapon, emergency, alcohol, and so on.

The rule “no vehicles in the park” [141] is clear for automobiles
and motorcycles, but less so for bicycles, wheelchairs, airplanes
flying overhead, and so on. On one level, ambiguity can be elimi-
nated by adding definitions (vehicles are a means of carrying or

2This example is inspired by H. L. A. Hart’s famous “no vehicles in the
park” example, more on that later.
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transporting something [142]), but each definition carries with
it its own set of borderline cases, and new circumstances bring
novel examples that were not anticipated. Complete determinancy
would require an endless expansion of subrules and exceptions
[141].

The theory of relevance realization [143] provides a useful
vocabulary for this movement between levels. According to this
theory, relevance is not a fixed property attached to individual
facts, but an ongoing process of framing and reframing a situation.
When a coarse representation does not support a satisfactory
decision, an agent may shift to a finer-grained representation; when
local details are no longer useful, the agent may move back to a
higher-level view. In the context of sleep architecture analysis, this
means moving between report-level interpretation, sleep metrics,
the hypnogram, disputed epochs, and the underlying physiological
signal evidence.

This framing motivates the multi-level approach developed later
in the thesis. A clinically useful AI system for sleep architecture
analysis should not be understood as a single predictor operating
at one fixed level. It should instead support decision making across
levels of abstraction, combining pattern-based methods for noisy
evidence with rule-based structures for auditable decision making.
This provides the conceptual basis for the MARBLE framework
developed in Chapter 10.

2.2.5 Hybrid and neurosymbolic AI
The preceding subsections point to a tension: encoding clinical
rules as executable code makes decisions auditable but brittle; data-
driven ML handles the brittleness but introduces the black-box
problem; and decisions are made across a hierarchy of abstraction
levels at which both rules and pattern recognition have roles to
play. Hybrid AI, or neurosymbolic AI is an engineering response
to this [144]. The goal is to build hybrid AI systems where ML
is used for pattern recognition and symbolic reasoning is used for
structured decision processes.

In clinical decision systems, Kierner et al. [145] proposes a tax-
onomy of neurosymbolic systems, identifying five variants: rules
embedded in ML (REML), ML pre-processes input for rule-based
inference (MLRB), rule-based pre-processing for ML prediction
(RBML), rules influence ML training (RMLT), and parallel ensem-
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bles of rules and ML (PERML).
Kautz [146] proposes a different taxonomy of six types of

neurosymbolic system architecture. One variant, which Kautz
calls "Symbolic Neuro symbolic" or "symbols in/out with neural
in the middle," describes systems where a learned model performs
pattern recognition, extracting structured facts from noisy inputs,
and a symbolic layer applies decision logic over those facts. In
Kierner et al.’s terminology, this corresponds to MLRB. Prenosil
et al. [147] is an example of this type of neurosymbolic AI. They
connect GPT-4 to a rule-based expert system, using the LLM to
extract facts from natural-language reports and the expert system
to verify medical rules. Their system produces deterministic labels
and an auditable reasoning trace.

Many variants of hybrid AI architectures do not follow this
clean pipeline structure of ML, producing inputs that are handed
off to a rule engine. Some methods have symbolic logic calling
multiple neural components as subroutines, or they shape the
training and inference through rules and constraints. Kauffman
et al. [148] illustrate this by performing probabilistic inference on
EHR-derived temporal graphs while using deep geometric learn-
ing to obtain the representations used in the inference. Ma et
al. [149] incorporate medical rules as posterior regularization to
push learned risk predictions towards behavior consistent with
known rules. In Kierner et al. [145]’s taxonomy, this falls under
RMLT. La Cava et al. [150] use symbolic regression to construct a
clinical prediction of hypertension classification from EHR records.
Symbolic regression is a supervised ML technique that finds math-
ematical (symbolic) models that fit the data, rather than learning
model parameters from data [151].

Although not explicitly described in Kautz’s taxonomy, one
possible implementation of neurosymbolic AI is one of redundancy,
where neural and symbolic pathways are run in parallel. In Kierner
et al. [145]’s taxonomy, this is classified as PERML. Examples of
this include Corny et al. [152], where an ML component priori-
tizes high-risk prescriptions while a rule-based check and human
oversight provide a safety layer. Kierner et al. [153] provides their
own PERML fusion example in vaccine-hesitancy prediction.

In sleep analysis, the Park et al. [32] hybrid discussed in Section
2.1.2 is an early PERML-style system: neural networks are invoked
when the rule-based system fails to reach a deterministic decision,
with the two pathways effectively voting on disputed epochs. Of
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the patterns in the taxonomy, PERML is the closest category
to the architecture developed in this thesis: MARBLE (Chapter
10) runs rule-based and pattern-based pathways in parallel, but
applies the redundancy across multiple abstraction levels rather
than operating at a single prediction point.

In summary, sleep architecture analysis (Section 2.1.1) is a rule-
governed clinical workflow organized as a hierarchy of abstraction
levels, and automatic sleep staging research has oscillated between
rule-based and pattern-based approaches. Encoding clinical scoring
rules is necessary but not sufficient (Section 2.2.1); ML handles the
brittleness of symbolic logic but introduces the black-box problem
(Section 2.2.2); relevance realization across the decision hierarchy
is a proposed cognitive structure for navigating decisions (Section
2.2.4); and hybrid neurosymbolic system architectures run rule-
based and pattern-based processing in parallel (Section 2.2.5).
The remainder of this thesis develops this position into a decision
support system for sleep architecture analysis.





Chapter 3

Research approach

The research in this thesis broadly follows the Design Science
Research (DSR) paradigm. DSR is a research methodology in
which knowledge is produced by designing and studying artifacts
that solve identified problems [154], [155]. Rather than treating
systems, models, methods, and prototypes as engineering artifacts,
DSR treats them as research contributions. The main requirement
is that an artifact addresses a clearly formulated problem and that
claims about its utility are supported by empirical evidence.

Design Science Research Methodology (DSRM) is a commonly
used process model for conducting DSR. In DSRM, research is
structured into six activities [155], [156]:

1. Problem identification and motivation: define the problem
and why it matters.

2. Definition of objectives for a solution: specify “success”.

3. Design and development : build an artifact that targets an
objective.

4. Demonstration: show that the artifact can be applied to the
problem.

5. Evaluation: measure performance against objectives.

6. Communication: report the problem, artifact, and evidence
to stakeholders.

23
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Figure 3.1: Design Science Research Framework. The figure is from
Hevner et al. [154], adapted to fit the focus of the thesis.
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This thesis adopts an iterative version of DSRM [155] and
is grounded in the exploratory analysis of failure modes. The
focus is on recurring mismatches between how ML sleep staging
methods are developed and evaluated on the one hand and how
they are used clinically on the other. The work began from the
assumption that automatic sleep staging from PSG signals was
technically solved, but through collaboration with clinical sleep
experts, it became clear that the clinical value of sleep staging lies
primarily in understanding sleep architecture and derived sleep
metrics rather than epoch labels. This directed the thesis work
towards understanding how ML sleep staging can hold utility
within the broader clinical workflow.

The artifacts developed in this thesis include: ML models for
sleep staging and sleep metric estimation; new evaluation metrics
and validation procedures; simulations of error propagation from
sleep staging to sleep metrics; executable scoring rules; and UI
prototypes for sleep analysis decision support systems.

3.1 Datasets
The research in this thesis uses three datasets: the Sleep Heart
Health Study (SHHS) dataset [157], [158], the SleepEDFx dataset
[159], and the Sleep Revolution Mulicentre Scorer (SRMS) dataset
[17]. Apart from their availability, these datasets were chosen
because they serve three distinct purposes: large-scale training
data (SHHS); accessible open data (SleepEDFx); and human
consensus analysis (SRMS).

SHHS is a large, multi-center prospective cohort study in
which participants underwent overnight PSG. The SHHS cohort
includes data from over 6000 participants. In this thesis, SHHS
was used for neural architecture search of sleep staging models and
direct estimation of sleep metrics, because of the large number of
participants.

SleepEDFx is an openly available dataset of 197 whole-night
PSG recordings, widely used for benchmarking in the sleep staging
literature. It contains EEG, EOG, chin EMG, and event markers
manually scored according to the R&K manual. In this thesis,
the 197 human-scored hypnograms were used in the simulations of
Paper III.

The SRMS dataset consists of 50 PSG recordings scored in-
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dependently by 10 human expert scorers, enabling analysis of
inter-scorer agreement in sleep metrics in Paper IV. It was also
used to evaluate models in Papers II and V.

3.2 Researcher’s role
The research in this thesis was enabled by collaborating with
sleep technologists and other clinicians. I had hands-on experience
collecting PSG data, observed sleep scoring sessions, and had
numerous in-depth discussions about the nuances of sleep scoring
with experienced scorers. This position made it possible to observe
recurring themes, including a gap between what automatic sleep
staging methods optimize for and what clinicians need. This
is the origin of the thesis’s central claim: that automatic sleep
staging should be treated as one component in a regulated workflow
where justifications play a central role and are not treated as an
afterthought.

This embedded perspective introduces the risk of biasing the
problem formulation and proposed solutions to a specific clinical
environment. Local workflow conventions and “house-rules” can
bias the problem formulation and proposed solutions towards a spe-
cific clinical environment [15], [16]. This risk was partly mitigated
by working within the Sleep Revolution project, which allowed
me to collaborate with experts from sleep centers across multiple
countries. The Sleep Revolution is a multicenter international ini-
tiative that brought together sleep experts and data from several
sleep centers across different countries [160].

Table 3.1 summarizes my contribution to each paper using the
ME/EE/CE labels as per Reykjavik University rules.
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Table 3.1: Declaration of Authorship Contribution (ME = Main
Effort, EE = Equal Effort, CE = Contributing Effort)
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The ‘Data gathering’ column is ‘–’ for Papers I–III because those studies rely on
existing PSG datasets and previously collected annotations rather than collecting
new empirical material within this thesis.
In Papers II, IV, and V, I contributed to data gathering (CE) through work related
to the multi-scorer SRMS material and its use in the study.
In Paper VI, I led data gathering (ME) because the work is based on interviews
and iterative feedback with prospective clinical users.





Chapter 4

LLM-guided neural
architecture search
Data-local autonomous LLM-guided neu-
ral architecture search for multiclass mul-
timodal time-series classification

Full reference: (Manuscript in preparation.) E. Hardarson
et al., 2026, Data-Local Autonomous LLM-Guided Neural Ar-
chitecture Search for Multiclass Multimodal Time-Series Clas-
sification, doi: 10.48550/arXiv.2603.15939

4.1 Introduction
Motivation. Designing preprocessing pipelines and model archi-
tectures for classifying multiclass, multimodal time-series data is a
challenge for machine learning engineers. Multimodal time series
data refers to multiple synchronized streams of temporal data of
different modalities [161]. These temporal modalities may include,
for example, sensor measurements, audio, video, or physiological
data [162]. With the increasing presence of smartphones, digital-
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ized manufacturing, wearable devices, smart home sensors, and
medical devices, an abundance of multimodal data is frequently
produced and is becoming increasingly complex [163]. Potential
uses of this data include healthcare [164], activity recognition [165],
and the Internet of Things [166]. Physiological sleep monitoring
is a prime example of multimodal time-series classification, as it
involves synchronized signals from different modalities [167], which
is why we use it as an application domain for our proposed system.

With increasing numbers of modalities, experimentation be-
comes more complex. They pose a particularly challenging de-
sign space because (i) modalities are heterogeneous and provide
complementary evidence, (ii) class structure induces non-uniform
confusion patterns, and (iii) architectural choices interact with
modality handling and fusion strategy [161]. Consequently, the
standard workflow of manually iterating on architectures and train-
ing protocols can be both slow and brittle. AutoML tools, which
automate feature engineering, model selection, hyperparameter
tuning, and evaluation, promise a way to overcome this challenge
[168]. Particularly, Neural Architecture Search (NAS), introduced
in 2016 by Zoph and Le, specifically searches the architecture space
of artificial neural networks [169].

Problem Statement. Nowadays, NAS and related automated
machine learning techniques have become standard tools for reduc-
ing the manual effort of model design. However, in many applied
settings, the dominant bottleneck is not the absence of optimiza-
tion primitives, but the practical burden of running long-horizon
experimentation: configuring and restarting runs, diagnosing fail-
ures, tracking intermediate artifacts, and deciding what to try next
under limited compute resources. Furthermore, many domains
that produce multimodal data, such as healthcare, are prohibited
from applying these tools, since sensitive, personal data cannot be
moved to an external tool or server for optimization and training.
In such settings, progress is often limited by human-hours per unit
of experimental progress, even when substantial compute time is
acceptable.

Proposed Solution. To address these challenges, we propose an
autonomous, data-local experimentation framework that formal-
izes NAS-driven experimentation as a research cycle: the system
repeatedly proposes candidate expert architectures, instantiates
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training runs, evaluates outcomes, and records results as persis-
tent artifacts. The framework is designed to reduce the number
of human hours spent on orchestration and iteration while al-
lowing long-running, compute-intensive search processes to run
unattended. To make the multiclass multimodal structure explicit,
we adopt a modular decomposition in which we train one binary
expert per class and per modality, and then learn a lightweight
fusion model over the experts’ penultimate representations.

Another novelty of our proposed solution is a large-language-
model (LLM)-guided optimization approach. We employ an LLM
as a controller to guide the neural architecture search for the in-
dividual expert models, proposing candidate architectures based
on observed validation performance and training dynamics from
prior evaluations. All model training and evaluation are per-
formed locally under a fixed protocol, with the LLM receiving only
aggregated metrics and artifacts, enabling iterative architecture
optimization while preserving data locality and privacy.

Contributions. We present and evaluate the proposed frame-
work and provide a proof-of-concept in two settings. First, by
comparing a simple baseline NAS with existing classifiers in UEA30,
a benchmarking dataset of multimodal classification tasks, and
SleepEDFx, a sleep classification benchmarking data set. Second,
by showing the enhanced performance of the LLM-guided NAS.
Existing solutions have shown to be effective for one-dimensional
data, but multimodal time series data has, to the best of our knowl-
edge, not been approached with AutoML tools yet. In summary,
our main contributions are the following:

• We introduce an autonomous, data-local experimentation
framework for NAS that reduces human-hours by formalizing
experimentation as a research cycle with persistent, auditable
artifacts.

• We operationalize multiclass multimodal learning via a mod-
ular expert decomposition: one binary classifier per class and
per modality, with a trainable fusion MLP over penultimate
representations; NAS is applied only to the experts.

• We provide empirical evidence on 22 multiclass multivariate
time-series tasks and demonstrate the effectiveness of our
approach on two of them.
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The rest of this chapter is organized as follows. In the next
section, we discuss research that is related to our work. In Section
4.3, we present the two parts of our proposed methodology: the
fusion network of binary experts and the LLM-guided NAS. Section
4.4 presents the results of our experiments, and in Section 4.5 we
discuss their implications, e.g. regarding data privacy. Finally, we
summarize our work and contributions in Section 4.6.

4.2 Related Work
Various AutoML [170] and NAS [171] tools have been proposed in
existing literature. Our contribution to this existing body of work
is by combining several research threads: multimodal time-series
classification and fusion, multiclass decomposition and expert-
style modeling, NAS for temporal and multimodal architectures,
practical AutoML and long-horizon experimentation, and the
emerging use of LLMs as assistants in machine learning workflows.
The unifying motivation is to support systematic model exploration
for multiclass multimodal time series under realistic operational
constraints, with an emphasis on reducing human effort in iterative
experimentation.

AutoML for Ensemble Learning. A central design dimension
in multimodal learning is the fusion strategy: early fusion combines
modalities at the input or low-level feature stage, intermediate
fusion combines learned representations (often through concatena-
tion, attention, or gating), and late fusion combines decisions (e.g.,
logits or probabilities) produced by modality-specific models [172].
We propose an architecture that creates separate models for each
modality, which is in itself not a novel approach, as it has been
applied, for example, by Bastos et al. [173], but we add to exist-
ing literature by developing a system to automatically optimize
these separate models. Erickson et al. introduced AutoGluon, an
AutoML tool that automatically optimizes the building of multi-
ple ensemble models [174]. McKinnon and Atkinson developed a
search space for multivariate time-series NAS [175], but no existing
tool addresses the specific needs of multimodal time-series data.

LLM-guided AutoML. A recent thread in AutoML explores
using LLMs to assist or guide NAS, motivated by the observation



4.3. METHOD 33

that many architecture changes are naturally expressed, for exam-
ple, as structured edits to code or high-level design constraints.
The natural language used in these models is a fundamental differ-
ence to traditional AutoML tools, as Miguel-Morante et al. showed
with their AutoML tool, emphasizing the human-centric approach
of providing ML systems in a more intuitive and accessible way
and strengthening the role of human-computer interaction [176].
Existing LLM-to-NAS methods vary in how they control repre-
sentation and feedback. Trirat, Jeong, and Hwang, for example,
created an agent-based LLM-guided AutoML tool that takes users’
task descriptions and facilitates collaboration among specialized
LLM agents to deliver deployment-ready models [177].

Data-Local AutoML. Our work adds to existing research and
existing AutoML software, and, furthermore, from a data-privacy
perspective. Since our architecture allows data to be stored locally,
improving the model iteratively solely by receiving textual sum-
mary information about the data and reviewing training statistics
ensures full data privacy and protection. Other AutoML tools,
such as H2O [178] and AutoSklearn [179], support a fully local
implementation, which also ensures privacy. Our solution, however,
preserves this local property while still leveraging the capabilities
of remotely hosted LLMs, which would not be feasible in a fully
local implementation.

4.3 Method

4.3.1 Fusion network of modular binary experts
We consider the problem of multiclass classification of multimodal
time-series observations. Let m ∈ {1, . . . ,M} be an index for
modalities (e.g., sensor channels), and let y ∈ {1, . . . , N} denote
the class label with c ∈ {1, . . . , C} classes. Each example consists
of modality-specific time series (x1, . . . , xM ), where xm ∈ RTm×dm

may have modality-dependent length Tm and dimensionality dm.
The goal is to learn a predictor ŷ = F (x1, . . . , xM ) that maps
multimodal time series to a multiclass label.

To make modality structure and class-conditional evidence
explicit, we reduce the multiclass problem to a set of one-vs-rest
binary tasks as shown in Figure 4.1. For each modality–class pair
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(m, c), we train a binary expert

fm,c : xm 7→ p̂m,c ∈ [0, 1],

where p̂m,c ≈ p(y = c | xm) and the target is y = c versus y ̸= c.
Experts (binary classification models such as recurrent neural
networks) are trained independently using a binary classification
loss, with class imbalance handled as needed (e.g., class-weighted
binary cross-entropy or focal loss). This yields M × N trained
experts {fm,c}. The baseline expert model (before neural architec-
ture search is performed) is a 1D convolutional residual-Inception
network, with a convolutional stem followed by parallel multi-scale
temporal branches, normalization, GELU activations, dropout,
and global average pooling before a final linear output layer.

Each expert exposes a penultimate representation by removing
the final classification layer. We write each expert as

fm,c(xm) = σ
(
w⊤

m,chm,c(xm) + bm,c

)
,

where hm,c(xm) ∈ RDm,c is the penultimate embedding, (wm,c, bm,c)
are the parameters of the final linear layer, and σ(·) is the logistic
sigmoid function. In the fusion stage, we discard the final layer
and retain hm,c(xm) as a learned, modality- and class-conditional
representation.

We form a joint representation by concatenating all expert
embeddings:

z(x1, . . . , xM ) = [h1,1(x1); . . . ;h1,N (x1);

. . . ;hM,1(xM ); . . . ;hM,N (xM ) ].

Then, a fusion model g(·) (a multilayer perceptron) maps z to
multiclass logits ℓ ∈ RN , followed by a softmax:

ℓ = g(z), ŷ = argmax
c

softmax(ℓ)c.

Our default training protocol is modular and performed in two
stages: experts are trained first and then frozen, after which only
the fusion network is trained. Intuitively, each expert fm,c learns
what modality m has to say about whether an example belongs to
class c. Because the expert is trained only on the binary question
“is this class c or not?” its internal representation is trained to
encode class-conditional evidence specific to both the modality
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Figure 4.1: Overview of the expert decomposition and
representation-level fusion.

and the target class. For example, in sleep-stage classification, an
EMG expert for REM may learn patterns associated with reduced
muscle tone, whereas an EOG expert for REM may learn to
recognize rapid eye movements. The expert embedding hm,c(xm)
can therefore be interpreted as a modality-specific summary of
evidence for class c, rather than as a generic representation shared
across all classes.

4.3.2 LLM-guided neural architecture search for
expert models

Neural architecture search is applied to the individual expert
models {fm,c}. We implement architecture search as an agen-
tic loop in which a remote LLM serves as the search controller,
proposing candidate expert architectures based on observed fitness
trends (validation performance and learning dynamics) accumu-
lated across prior evaluations. All training and evaluation are
executed locally under a fixed protocol and recorded as structured
artifacts. Figure 4.2 shows the NAS loop.

The search space is intentionally flexible. Rather than select-
ing from a small hand-designed menu of templates, the remote
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controller is allowed to propose substantial changes to the expert
pipeline, including preprocessing, feature-extractor structure, layer
widths and depths, kernel configurations, normalization, pooling,
dropout and other hyperparameters. In practice, the remote LLM
proposes architecture and preprocessing code, while the local ex-
ecutor runs all candidates under a fixed evaluation protocol. Thus,
the controller has broad freedom at the level of model design, but
not at the level of data access.

The controller receives only non-sensitive summaries from the
local environment, such as architecture descriptors, hyperparame-
ters, training budgets, validation metrics, optionally learning-curve
summaries, runtime, and failure traces. The controller does not
access raw data, examples, or any dataset-derived artifacts beyond
aggregated metrics. The controller then outputs a new architecture,
which is then evaluated locally.

Communication between the remote controller and the on-
premise executor is mediated by files in a shared filesystem. Human-
readable files such as manifest.md preserve the current search
context, recent findings, and experiment rationale across controller
calls, whereas structured JSON files such as results.json de-
fine executable instructions and machine-readable outputs. In
particular, the controller writes a structured directive specifying
which binary experts to target and which candidate preprocessing
and model architecture to use. The local executor validates this
directive, loads the corresponding candidate code, performs pre-
processing, trains and evaluates the requested experts, and writes
back structured results containing validation metrics, learning-
curve summaries, runtime, and failure traces. This artifact-based
interface makes the search loop restartable and auditable: every
proposal, execution, outcome, and repair attempt is preserved in
the experimental record. It also ensures that the remote LLM
never has access to the dataset.

Given a proposed architecture for an expert fm,c, the local
executor trains the corresponding binary classifier under a fixed
training protocol and computes fitness on a held-out validation split
using an appropriate binary metric (e.g., AUC, F1, or balanced
accuracy). The evaluation protocol (data splits, loss definition,
optimization settings, and training budget) is fixed for the duration
of a search run to ensure comparability across proposals. The
resulting fitness and auxiliary summaries are appended to the
search history and returned to the controller.
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The overall procedure is orchestrated as a persistent research
cycle that repeatedly (1) proposes expert architecture candidates,
(2) instantiates and trains candidates locally, (3) evaluates and
ranks results, and (4) records all relevant artifacts. This design
supports post-hoc auditing since the full sequence of proposals
and outcomes can be reconstructed from the artifact trail.

In deployments with data-locality constraints, dataset access
and model training remain strictly on-premise. The remote con-
troller interacts with the local environment only through the con-
strained artifact interface described above, ensuring that sensitive
data are not exposed through prompts or logs while still enabling
controller-driven adaptation based on fitness trends.

data processed
data

modellocal
LLM

On-premise

results.json
directive.json
manifest.md
models/
model.py
preprocessing.py

Shared filesystem

remote LLM

Figure 4.2: Schematic of the data-local autonomous NAS loop. The
data and all training remain on-premise. The local execution (model
debugging, training and hyperparameter optimization) consumes
directives and writes results to a shared filesystem. A remote LLM
interacts only through these non-sensitive files. A smaller, local
LLM debugs simple errors in the code proposed by the remote LLM,
since error messages may contain sensitive data.

4.3.3 Experimental setup and benchmarks
We evaluate our method on two regimes. Firstly, we use the UEA30
dataset, a widely used benchmark for multivariate, multiclass time-
series classification [180]. Details about the datasets are reported
in Table 4.1. Secondly, we use the SleepEDFx dataset, a sleep
staging benchmark dataset with heterogeneous clinical modalities
such as EEG, EOG and EMG. This data set is available through



38 CHAPTER 4. DATA-LOCAL LLM-GUIDED NAS

Physionet and consists of polysomnography recordings of healthy
adults [181].

We evaluated three configurations:

1. Baseline end-to-end: A baseline trained directly on the
multiclass task in an end-to-end approach,

2. Baseline staged: A baseline in which binary experts were
trained individually and then fused as described in section
4.3.1, and

3. LLM NAS: the proposed staged system with LLM-guided
NAS for a binary expert model architecture.

For each dataset, train/validation/test splits were fixed for the
duration of an experiment. For comparison to prior work, we
report a reference range of the accuracy of methods from the
literature. For the UEA30 datasets, this range was constructed
as the minimum and maximum test accuracy reported across
three recent benchmark studies spanning 2021–2025 [180], [182],
[183]. We selected studies that covered the UEA archive broadly,
rather than papers reporting results on only one or a few datasets,
so that the comparison would reflect methods evaluated across
the benchmark suite rather than dataset-specific tuning. For
SleepEDFx, the reference range was constructed from recent stud-
ies reporting deep learning 5-class sleep staging on SleepEDFx [45],
[184]–[186]. The implementation of our methods can be found at
https://github.com/emilhar/arl.

4.4 Results

4.4.1 Experimental overview
Table 4.1 summarizes dataset characteristics and test set accuracy
for three configurations: (1) the baseline model trained end-to-end,
(2) the baseline model trained in stages, with the binary experts
trained individually and then fused, and (3) the LLM-guided
NAS model. Across the benchmarks and tested configurations,
we make two broad findings: First, the staged expert model is
already a strong baseline and often improves upon direct end-to-end
training. Second, the LLM-guided NAS can further improve the
baseline, although gains depend on the dataset. Unless otherwise

https://github.com/emilhar/arl
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stated, the NAS was run with a 10-cycle budget. Longer searches
were performed on two illustrative cases: SleepEDFx, where the
NAS method is evaluated on a multimodal clinical problem, and
EthanolConcentration, where the baseline model leaves substantial
room for improvement.
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Table 4.1: Benchmark overview and performance summary. For each dataset, the table reports the number of modalities
(m), number of variates (dm), sequence length (Tm), number of classes (C), train and test set sizes, and test accuracy (%)
for three configurations: the end-to-end baseline, the staged baseline with individually trained binary experts followed by
fusion, and the proposed LLM-guided NAS model. The final column reports the range of accuracies reported in recent
published work for the respective dataset. Unless otherwise stated, NAS was run with a budget of 10 cycles. “–” indicates
that the configuration was not evaluated, either because the dataset was too small or because the baseline model achieved
100% accuracy on the validation set.

Dataset Mod, m Dim, dm Len, Tm Class, C Train size Test size
Baseline

end-to-end
Baseline
staged

LLM
NAS

Previous
work

SEDF 3 5 3000 5 112,287 10,774 82.9 84.7 87.9a [82.8–94.0]
AWR 1 9 144 25 275 300 91.7 96.3 –b [94.3–99.6]
AF 1 2 640 3 15 15 33.3 33.3 – [6.7–74.0]
BM 2 6 100 4 40 40 100 92.5 –b [72.2–100.0]
CT 1 3 0 20 1422 1436 90.1 95.8 95.8 [98.7–99.6]
CR 1 6 1197 12 108 72 95.8 93.1 –b [93.1–100.0]
ER 1 4 65 6 30 270 90.7 85.2 80.1 [82.4–98.9]
EW 1 6 17984 5 128 131 75.6 77.8 84.0 [42.0–95.4]
EP 1 3 206 4 137 138 96.4 97.1 –b [67.0–100.0]
EC 1 3 1751 4 261 263 28.1 32.7 44.1c [27.8–82.4]
HMD 1 10 400 4 160 74 40.5 20.3 21.6 [21.6–59.5]
HW 1 3 152 26 150 850 13.1 14.0 14.0 [18.0–65.7]
JV 1 12 29 9 270 370 96.5 97.0 94.9 [91.4–98.9]
LIB 1 2 45 15 180 180 60.6 76.7 78.9 [75.6–94.1]
LSST 1 6 36 14 2459 2466 49.1 66.5 66.5 [34.0–66.4]
NAT 1 24 51 6 180 180 88.9 84.7 90.1 [76.1–97.1]

Continued on next page
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Table 4.1: Benchmark overview for the LLM-guided NAS, continued.

Dataset Mod, m Dim, dm Len, Tm Class, C Train size Test size
Baseline

end-to-end
Baseline
staged

LLM
NAS

Previous
work

PD 1 2 8 10 7494 3498 96.2 95.7 95.7 [87.5–99.7]
PS 1 11 217 39 3315 3353 23.6 26.2 26.2 [10.2–36.7]
RS 2 6 30 4 151 152 79.6 75.7 73.0 [73.7–92.8]
SAD 1 13 93 10 6599 2199 95.2 98.5 98.5 [98.3–99.5]
SWJ 1 4 2500 3 12 15 33.3 33.3 – [22.0–66.7]
UWG 1 3 315 8 120 320 49.7 83.1 83.1 [71.1–94.4]

a 30 cycle search.
b NAS was automatically skipped because the validation set showed 100% accuracy.
c 60 cycle search.
Abbreviations: SEDF (SleepEDFx), AWR (ArticularyWordRecognition), AF (AtrialFibrillation), BM (BasicMotions), CT (CharacterTrajec-
tories), CR (Cricket), ER (ERing), EW (EigenWorms), EP (Epilepsy), EC (EthanolConcentration), HMD (HandMovementDirection), HW
(Handwriting), JV (JapaneseVowels), LIB (Libras), LSST (LSST), NAT (NATOPS), PD (PenDigits), PS (PhonemeSpectra), RS (RacketSports),
SAD (SpokenArabicDigits), SWJ (StandWalkJump), and UWG (UWaveGestureLibrary).
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4.4.2 Baseline model
The staged baseline performs competitively before LLM-guided
NAS is applied as can be seen in Table 4.1. On SleepEDFx, the
staged baseline model reaches 84.7% accuracy, falling within the
range reported in prior work (82.8-94.0). As seen across the UEA
datasets, training the baseline model in stages improves on the
end-to-end baseline in 12 of 21 cases, suggesting that training
the binary experts individually before fusion is often, but not
uniformly, beneficial.

4.4.3 Effect of LLM-guided NAS
The effect of the LLM-guided NAS is mixed across datasets. The
clearest gain, relative to the range of previous work, is observed
in SleepEDFx, where a 30-cycle NAS increases the test accuracy
from 84.7% to 87.9%. This moves the model well into the state-
of-the-art range found in recently published results and beyond
inter-scorer variability among human sleep scorers [26]. This shows
that the LLM-guided NAS can make meaningful improvements
to an already competitive baseline model. A second case where
the benefits of the LLM-guided NAS are apparent is EthanolCon-
centration (EC) dataset, where a longer, 60-cycle search improves
accuracy from 32% to 44.1%. In contrast to SleepEDFx, in this
dataset, the search starts from a relatively weak baseline, suggest-
ing that the search procedure can recover performance even when
the initial expert architecture is poorly matched to the task. Look-
ing at Table 4.1, the effect of the LLM-guided NAS is dependent
on the specific dataset.

More modest improvements are observed on several other
datasets, including EigenWorms (EW, 77.8% to 84.0%), Libras
(LIB, 76.7% to 78.9%), and NAT (NATOPS, 84.7% to 90.1%).
However, several datasets show no improvement, while a few de-
grade slightly, likely due to overfitting. This suggests that the
LLM-guided NAS is most useful when the baseline model archi-
tecture is sub-optimal for the dataset.

Figures 4.3 and 4.4 show the search dynamics of the LLM-
guided NAS. Each panel corresponds to one class-dimension expert.
Circles show the F1 score obtained when that expert was trained
in a given cycle, while dashed lines show the best F1 achieved so
far for that expert. Because only one class-modality architecture
is proposed per cycle, many panels show no change for extended
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Figure 4.3: Search trajectories for binary experts during a 30-cycle
NAS on the SleepEDFx dataset. Each panel corresponds to one
class-modality expert. Dashed lines show the F1 score of the best
found expert, and circles show the F1 score of the expert trained
during the cycle.
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Figure 4.4: Search trajectories for binary experts during a 60-cycle
NAS on the EthanolConcentration dataset. Each panel corresponds
to one class-modality expert. Dashed lines show the F1 score of
the best found expert, and circles show the F1 score of the expert
trained during the cycle.
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periods, and flat lines indicate either that the expert was not
examined or that retraining did not improve on the current best
result. Figure 4.3 shows that on SleepEDFx, gains are concentrated
on the weakest experts (N3 and REM sleep), whereas in Figure
4.4 we see improvements across all experts.

4.4.4 Overall takeaways
These results support three main conclusions. First, the staged
expert-fusion baseline model is already a strong model, fit for a
broad set of multivariate multiclass time-series classification tasks.
Second, the LLM-guided NAS can provide additional gains, with
the largest improvements in cases where the baseline architecture
is a poor fit or where complex, multimodal data leaves room for
targeted expert adaptation. Third, the practical value of the
proposed framework extends beyond benchmark accuracy alone.
Instead, it lies in enabling automated, long-horizon architecture
search in sensitive, practical situations, where raw data cannot be
exposed to an external LLM.

4.5 Discussion

4.5.1 Open Access Tool
The proposed framework is accessible as an open-source software
repository under the MIT license. Our development and open-
access sharing of this tool enable ML researchers to systematically
and automatically design models for multimodal time-series classi-
fication. Furthermore, the tool’s design is sufficiently interpretable,
allowing domain experts with no in-depth ML knowledge to apply
these methods. A core strength of our method is that the user
can understand what modality and class is being worked on and
see the reasoning behind the LLM’s model suggestion. In the case
of sleep staging, for example, during one cycle of our tests the
system reported that REM was the weakest ensemble class and
that improving it would lift macro-F1 the most. The LLM con-
troller further pointed out that EMG expert had zero F1 for REM,
even though REM is characterized by low EMG tone and atonia,
and consequently proposed that simple amplitude features could
unlock strong precision gains. Since this information is shared in
a human-readable way, a domain expert can monitor the process
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and use their domain knowledge to control the model develop-
ment, without requiring in-depth ML knowledge to implement the
changes.

On the one hand, this more intuitive human approach allows
people with in-depth knowledge of the data to apply ML, which
may lead to new perspectives and contributions. Our results are
in line with Miguel-Morante et al., who argue that this human
interpretability adds value to the system [176]. On the other
hand, there is a risk associated with making ML accessible to
people without in-depth ML knowledge [170]. This could lead to
applications that are not properly validated, overfitting, or being
misinterpreted, potentially resulting in unreliable or clinically
misleading outcomes. As Somer points out in their review from
2025, there are ways to mitigate the risk of domain experts using
simplified tools to create predictive models, such as setting up
an accountability framework, offering special training to domain
experts, or increasing the explainability of the model [187].

4.5.2 Data Privacy
This chapter showed that developing a model that stores data and
trains locally can still achieve performance comparable to or better
than that of common benchmarking datasets for multimodal time
series classification. Our system architecture, therefore, adheres to
the concept of privacy by design (PBD), which centers on integrat-
ing privacy-preserving design into a system’s architecture rather
than adding privacy measures afterward [188]. Our architecture
furthermore strongly aligns with the PBD design principles de-
fined by Cavoukian et al. [189] by i.) enacting privacy proactively,
ii.) preserving data privacy by default, and iii.) preserving full
functionality of the system.

4.5.3 Limitations
A practical evaluation challenge arises when LLMs are used to
assist with planning, debugging, and documenting experiments.
Canonical NAS benchmarks and leaderboards are heavily docu-
mented, and an assistant model may reproduce benchmark-specific
architectures and recipes that are widely available in the public
literature and online. This aligns with the work of Tornede et al.,
who note that the inability to trace which data the LLM used for
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training is one of the most severe risks in using and evaluating
LLMs for AutoML [190]. This makes it difficult to disentangle per-
formance gains attributable to the proposed search-and-evaluate
mechanism from gains due to benchmark-specific prior art. For
this reason, we emphasize domain-representative multiclass mul-
timodal time-series tasks under data-local constraints, where the
objective is robust, auditable experimental progress rather than
leader board ranking.

4.6 Conclusion
In this chapter, we presented a novel framework for a data-local
autonomous NAS guided by an LLM to tackle the challenging
problem of multiclass multimodal time-series classification. Firstly,
we turned the classification problem into a fusion network of
binary expert classifiers, each of whom trains on a single modality.
This allows the model to focus on the properties of each data
stream in isolation. The output of the experts is then fused
together to form the final classifier. As our results on 22 benchmark
datasets demonstrate, this modification already brings significant
performance gains. Secondly, we implemented an LLM-guided
NAS that had the objective of improving the experts by proposing
changes to their model architecture. The NAS trained over multiple
cycles and was able to improve the architecture for several of the
benchmark datasets, leading to an even greater enhancement in
performance in some cases. This LLM-guided NAS, while utilizing
the power of modern LLMs, is data privacy preserving, as the
models are trained locally, making this a feasible approach for
developing ML models in domains such as healthcare.

Although our experiments are limited, our work shows great
potential and opens several doors for future work. On the one
hand, the fusion network of binary experts could be adapted to
regression problems and forecasting, which are common when
working with time series, making this modification highly relevant.
In this work, we focus on multivariate time series, but other data
modalities, such as images and text, could be included as well to
make the framework more generalized. On the other hand, the
LLM-guided NAS itself is a novel approach to finding optimal
architectures in neural networks, and our prototype is a simple
one. With more sophisticated LLMs and prompting, we will focus
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our future research on faster and more effective learning.





Chapter 5

Staging by the book
Automatic sleep stage classification using
scoring rules

Full reference: (Submitted to Journal of Sleep Research.)
E. Hardarson et al., 2026, Staging by the Book: Automatic
Sleep Stage Classification Using Scoring Rules, doi: 10.48550/
ARXIV.2605.22859

5.1 Introduction
Many decisions in clinical practice are governed by written rules
and guidelines. When such decisions are automated, the goal is
not only to produce an accurate output, but also to preserve the
logic by which the decision is supposed to be made under the rules
[191], [192]. Automation in clinical decision-making is increasingly
performed with supervised Machine Learning (ML) algorithms,
which learn statistical patterns that produce high agreement with
human labels, without being explicitly constrained to the rules
governing the decision [136], [138], [191].

Sleep stage scoring is an example of such a rule-governed clin-
ical decision-making workflow. It is a foundational step in sleep
research and clinical practice, serving as the basis for diagnosing
sleep disorders and understanding the physiology of sleep. The gold
standard for measuring sleep is a sleep study called polysomnog-

49

https://doi.org/10.48550/ARXIV.2605.22859
https://doi.org/10.48550/ARXIV.2605.22859


50 CHAPTER 5. STAGING BY THE BOOK

raphy (PSG), which involves the overnight recording of multiple
physiological signals, such as electroencephalography (EEG), elec-
trooculography (EOG) and chin electromyography (EMG) [8].

Clinical sleep stage scoring guidelines, such as those published
by the American Academy of Sleep Medicine (AASM), specify
that sleep should be staged in consecutive 30 second epochs. Each
epoch is classified as one of five sleep stages: Wake, Rapid Eye
Movement (REM) sleep (sleep stage R) or Non-REM sleep 1, 2 or
3 (sleep stages N1, N2 or N3). Sleep stage scoring is performed
manually by a human sleep expert, in a procedure that typically
takes between 1 and 3 hours for each full night recording [11], [12].
Manual sleep stage scoring is subject to inter-scorer variability and
agreement differs between sleep stages. Multi-scorer studies have
found relatively high agreement for sleep stages Wake, N2 and
REM, but lower agreement for sleep stages N1 and N3 [17], [193],
[194]. Complete agreement across expert scorers occurs in only
a minority of epochs [195], [196]. The growing number of sleep
studies [197] and the labor-intensive nature of manual sleep stage
scoring have motivated the development of practical and reliable
automatic sleep staging algorithms [26].

In recent years, supervised ML, and specifically Deep Learning
(DL), has become the dominant methodology for automated sleep
staging [19], [42], [198], [199]. ML models trained on large datasets
of human-labeled sleep recordings have achieved performance com-
parable to human inter-scorer agreement [200], [201]. The ML
models do this by learning to identify statistical patterns within
the signals (see Chapter 4) [29], [202]. However, this training pro-
cedure is typically not guaranteed to align with the logic of clinical
scoring rules [15]. The reasoning behind the models’ predictions
is difficult to interpret and explain, a phenomenon termed the
“black-box” problem [136].

This opacity of sleep staging ML model reasoning presents a
barrier to their clinical adoption [15]. When a human sleep expert
scores a sleep study, they can justify their decision by pointing
to features defined in clinical guidelines, such as sleep spindles or
alpha rhythm. Although ML models may learn to recognize such
patterns, they do so by mapping high-dimensional data through
millions of internal parameters, rather than through explicit logical
steps.

Sleep stage scoring is, by design, a rule-based decision process
whose underlying logic is already specified. The AASM scoring
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manual provides a deterministic set of rules, so an algorithm does
not, in principle, need to infer this logic from training data. Despite
this, there is a notable gap in contemporary literature regarding
methods that explicitly use the scoring logic described in clinical
guidelines.

Historically, automated sleep staging did not begin with ma-
chine learning. Early methods attempted to translate human
scoring practice into algorithms, first under the Rechtschaffen and
Kales (R&K) criteria [14] and later under the first version of the
AASM scoring manual [13], [20], [21]. Earlier rule-based methods
such as that of [25] have shown that sleep scoring logic could be
operationalized with high agreement to human consensus [21]–[24].
The field of automated sleep staging later shifted towards ML and
DL approaches because of their strong sleep staging accuracy [26],
[27], but rule-based approaches have not disappeared [49].

A practical challenge in operationalizing sleep scoring rules is
that the sleep stage label depends on intermediate signal features
described in the scoring manual. For example, scoring decisions
may depend on whether an epoch contains sleep spindles, K-
complexes, slow wave activity, rapid eye movements, alpha rhythm,
low-amplitude mixed-frequency activity, or changes in chin EMG
tone. In this chapter, we refer to these signal segments that
are relevant to sleep stage scoring decisions as micro-annotations.
Earlier computer-assisted and rule-based sleep staging systems
have implicitly operationalized parts of clinical scoring logic, for
example through expert-defined features or rules about sleep stage
transitions [21]–[23], [25]. However, most contemporary automatic
sleep staging systems report sleep stage labels or probabilities,
rather than exposing the rule-application process that connects
signal features to scoring decisions.

Beyond assigning a sleep stage label, an automated scoring
method can also support interpretation by showing how the deci-
sion was reached. In sleep staging, this requires connecting signal
features, scoring criteria, and the final stage assignment in a form
that is familiar to human scorers (see Chapter 9). Few auto-
matic sleep staging systems provide epoch-level natural-language
justifications that trace the decision through the scoring rules.

In this chapter, we build on the rule-based tradition of auto-
matic sleep staging by making the operationalization explicit: we
translate the logic of the AASM scoring manual into executable
code and record the reasoning process behind each sleep stage
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assignment. The result is a deterministic and inspectable method
in which sleep stage assignments can be traced to the scoring rules
and signal annotations used by the algorithm.

In this chapter, we ask: To what extent can the logic of the
AASM sleep stage scoring manual be operationalized as determin-
istic, inspectable code, and what limitations emerge when such a
method is evaluated against multi-scorer human consensus?

We address this research question by developing a sequential,
logic-driven sleep staging algorithm in Python that operationalizes
the logic of the AASM scoring rules as executable code. In addition,
we implement an explanation mechanism that records the rule-
based reasoning behind each sleep stage assignment and renders
this reasoning as natural-language justifications linked to scoring
rules.

We evaluated the method using 50 full-night type II PSG
recordings scored independently by 10 human sleep experts. The
evaluation showed that the method achieved moderate agreement
with the multi-scorer consensus, with strongest performance for
sleep stages N2 and R. A reviewer-based discrepancy assessment
suggested that reviewed disagreements were primarily associated
with incomplete or inaccurate micro-annotations, rather than the
rule logic itself. While previous rule-based sleep staging methods
have used rules as a guideline or processing step, we present what is,
to our knowledge, the first method that attempts to explicitly code
the clinical logic of the AASM scoring manual into an algorithm
[19], [203].

5.2 Method

5.2.1 Algorithm
We designed the automatic sleep staging algorithm to emulate
the logic of the AASM scoring manual. The method, written in
Python 3.12, determines sleep stages by processing PSG data in
three steps as shown in Figure 5.1.

The process begins by loading the raw PSG data stored in
European Data Format (EDF), a standard file format for phys-
iological time-series recordings, using the MNE Python library
[204], dividing the signals into 30-second epochs, and checking
signal integrity. After this, the sleep staging process begins. First,
the method establishes attributes pertaining to the full night’s
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Figure 5.1: Schematic overview of the automatic sleep staging pro-
cess. The top level shows the high-level steps from initial processing
of full-night attributes and micro-annotating to the two-pass sleep
staging process. Full-night attributes refer to recording-level infor-
mation, such as alpha-rhythm status and chin electromyography
baseline, that is needed before applying some epoch-level scoring
rules. The labeling of definite sleep stages is shown in an expanded
view, where each epoch is sequentially compared to criteria for each
of the sleep stages. Abbreviations: N1, non-rapid eye movement
sleep stage 1; N2, non-rapid eye movement sleep stage 2; N3, non-
rapid eye movement sleep stage 3; REM, rapid eye movement sleep.
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recording. These full-night attributes act as global variables that
govern the applicability of certain scoring rules. For example, the
boolean variable generates_alpha_rhythm is decided via a sliding
window Welch periodogram analysis on occipital EEG channels,
which estimates the spectral power of the signal over time and
identifies whether alpha-band activity is present [8], [205]. This
variable distinguishes between the use of the AASM scoring man-
ual’s F2 rule (sleep should begin when alpha activity is attenuated
and replaced by low amplitude mixed frequency EEG signal in
patients who generate alpha rhythm) and F3 rule (sleep starts at
the earliest occurrence of background frequency slowing, vertex
sharp waves, or slow eye movements). Another full-night attribute
is the chin EMG baseline, which establishes global statistics for
the chin EMG signal in order to define thresholds for high and low
muscle tone, which is used when classifying sleep stage R.

Second, the algorithm identifies various physiological events
described in the scoring rules. These micro-annotations are stored
as tuples containing event labels, temporal boundaries and channel
derivations. The YASA Python library [201] was used to detect
sleep spindles, rapid eye movements (REMs) and slow wave activity
(SWA) on frontal and central EEG channels. Alpha rhythm and low
amplitude mixed frequency (LAMF) segments were operational-
ized using spectral features estimated with Welch periodograms
[205]. Specifically, power spectral density (PSD) was estimated
in sliding windows, and each window was characterized by the
relative power in frequency bands relevant to the AASM scoring
rules [8]. Windows meeting the predefined alpha or LAMF criteria
were marked as corresponding micro-annotations. Alpha rhythm
was detected using 2.0-second windows advanced in 0.5-second
steps, corresponding to 75% overlap. A window was marked as
alpha rhythm when power in the 8–12 Hz band accounted for at
least 50% of total spectral power. LAMF was defined heuristically
as a contiguous low-amplitude EEG segment lasting at least 1.0
second, where low amplitude was defined as absolute signal am-
plitude below the channel-level mean absolute amplitude minus
0.01 standard deviations. Candidate low-amplitude segments were
then retained as LAMF if power in the 4–7 Hz band accounted for
at least 1% of total spectral power.

The algorithm processes the annotated epoch in two sequential
passes to assign sleep stages, as shown in Figure 5.1. The first
pass evaluates epochs according to definite scoring rules in the
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same order of precedence as the AASM scoring rules: sleep stage
N3, then wake, R, N2 and finally N1, stopping at the first satisfied
rule. Sleep stage N3 is assigned if SWA covers more than 20% of
the epoch. Only if that criterion is not fulfilled does the method
check for evidence of the next sleep stage. Wake is assigned if
alpha rhythm or other markers such as eye blinks exceed 50% of
the epoch. If not, the epoch is labeled sleep stage R if it contains
LAMF and REMs without K-complexes or spindles, provided that
EMG tone is low. Sleep stage N2 is assigned if a K-complex
unassociated with arousal or a spindle occurs in the first half of
the current epoch or the last half of the previous one. Finally,
sleep stage N1 is assigned using a simplified alpha-rhythm rule.
In alpha-generating recordings, the method assigns N1 when the
preceding epoch was Wake, at least 50% of the current epoch
consists of LAMF, and alpha rhythm is detected in either the
current or preceding epoch.

Epochs that remain undefined after the first pass are re-evaluated
in a second pass using transition rules, which depend on the con-
text of adjacent epochs. For example, the method continues to
score sleep stage R if the previous epoch was sleep stage R and the
current epoch exhibits LAMF and low EMG without intervening
arousals or spindles.

Epochs which remain undefined after both passes can either
inherit the sleep stage of the preceding epoch, or be assigned a
sleep stage based on the YASA ML sleep stage classifier, depending
on the user’s preference. We report results for the inheritance-only
configuration. Algorithm 1 shows the step-by-step procedure for
translating physiological micro-annotations into sleep stage labels
in broad terms.

5.2.2 Explanation generation
One of the strengths of a rule-based sleep staging algorithm is the
possibility of providing transparent justifications for every staging
decision. The method does this by populating an explanation log
as it traverses the logical steps. The algorithm appends the result
of every sleep stage evaluation to a list within the explanation log,
which is implemented as a nested dictionary. Each entry in the list
is a tuple containing the sleep stage being evaluated, a boolean
indicating if the criteria were met, and a text string detailing the
findings. This creates a complete trace of the step-by-step decision
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Algorithm 1 Rule-Based Sleep Staging

Require: Epochs {Et}Tt=1 with micro-annotations.
Ensure: Sleep stage labels yt and explanations Et.

Initialize: Set all labels yt ← undefined
Pass 1: Definite Rules (Local Epoch Criteria) for each
epoch Et from 1 to T do

end
1. Stage N3 Check: If Slow Waves ≥ 20% of epoch

=⇒ yt ← N3
2. Wake Check: If Wake-signs (Alpha, Blinks, etc.) > 50%
=⇒ yt ←Wake
3. Stage R Check: If (LAMF + REMs + Low EMG) and No
(Spindle/K-Complex) =⇒ yt ← REM
4. Stage N2 Check: If Spindle or K-Complex in current 1st
half or previous 2nd half =⇒ yt ← N2
5. Stage N1 Check: If (Alpha attenuated) and (LAMF
> 50%) =⇒ yt ← N1
Log Reasoning: Update Et with triggered rule and reasons for
rejecting other rules.

Pass 2: Transition Rules (Temporal Context) for each
epoch Et where yt is still undefined do

end
REM Continuity: If yt−1 = stage R and features remain

consistent =⇒ yt ← stage R
N2 Continuity: If yt−1 = stage N2 and no evidence of stage
change =⇒ yt ← stage N2
Inheritance: If still undefined, inherit stage from yt−1.
Log Reasoning: Document the use of preceding epoch in Et.

return Sleep stage labels and explanations {(yt, Et)}Tt=1
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process.
The explanation log shows how the final sleep stage is reached

by sequentially ruling out alternative candidate sleep stages until
the final decision is reached. Because the algorithm stops searching
once a definite sleep stage is assigned, the logs naturally present a
chronological account of what was tried, why certain sleep stages
were rejected (e.g., "slow wave activity at 15%, below the 20%
threshold"), and which rule ultimately triggered the label.

The explanation log is a technical data structure designed
for programmatic tracking of operations. To facilitate the user’s
deeper understanding of the logical reasoning behind staging de-
cisions, the explanation log is fed into a Large Language Model
(LLM;specifically OpenAI GPT 4). The LLM’s system prompt
is constructed with the epoch’s explanation log and the Python
source code used for the classification and explanation log. This
provides the LLM with the context necessary to interpret the
staging decision and justify them by referencing specific events in
the signals, as well as the AASM scoring rules.

5.2.3 Dataset
We evaluated our method on the Sleep Revolution Multicenter
Scoring dataset which consists of 50 prospective full-night type
II PSG recordings collected at Reykjavik University (February
- June 2021) using a Nox A1 system [17]. Each recording was
independently scored by 10 human sleep experts from seven sleep
centers (April - September 2021) in Europe and Australia following
AASM v2.6 criteria, enabling both a majority-vote consensus
hypnogram and a per-epoch agreement ratio (fraction of scorers
assigning the most frequently scored sleep stage).

The cohort is adult and mixed with respect to common sleep
disorders (healthy, obstructive sleep apnea, insomnia and restless
legs syndrome symptoms) (58% male, mean age 42.9±13.7 years,
mean BMI 27.3±5.8 kg/m2 and mean AHI 15.2±15.6 events/h)
[17]. One PSG was used in the development of the method for
manual iterative rule implementation and parameter tuning and
was subsequently excluded from the primary evaluation. The
remaining 49 PSGs form the test set.
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5.2.4 Evaluation
The performance of the method was evaluated using the dataset,
with the majority vote consensus hypnogram of the ten scorers as
a reference. We assessed agreement both in terms of the epoch-
by-epoch sleep stage classification and sleep architecture metrics.
We calculated overall staging accuracy and Cohen’s kappa, as well
as confusion matrices, to identify sleep-stage-specific patterns of
disagreement. Before calculating agreement and sleep-architecture
metrics, each recording was cropped to an analysis period. Follow-
ing Nikkonen et al. [17], this period was defined as the interval
from the first epoch to the last epoch in which at least one human
scorer assigned a sleep stage other than Wake. Leading and trailing
all-Wake periods were removed, while Wake epochs within this
interval were retained. The same cropping procedure was applied
to the development recording and to all test recordings.

To complement this performance evaluation, a reviewer with
sleep scoring experience conducted a reviewer-based discrepancy
assessment to characterize sources of disagreement between the
method and the reference. This assessment targeted two categories:
(1) Epochs characterized by high human agreement where the
method did not match the consensus, and (2) epochs with low
human agreement where the method matched the sleep stage
of the majority-vote consensus. A selection of epochs from both
categories were investigated to determine whether the disagreement
was associated with inaccurate or incomplete micro-annotations,
rule application, or another source. By examining epochs with
high human disagreement, our analysis sought to determine if the
method’s classification could provide insight into the reasons for
ambiguity in human scoring.

We randomly sampled 20 epochs from the PSG used for method
development, which had been used during iterative rule implemen-
tation and parameter tuning. For each sampled epoch, the reviewer
first assigned a sleep stage using the PSG signals and the AASM
scoring manual, without knowing the sleep stage label from the
human sleep experts and the sleep staging algorithm. Next, the
reviewer was shown the human sleep expert consensus sleep stage
label and the agreement ratio, followed by the sleep stage label
predicted by the algorithm and the algorithm’s explanation. The
reviewer then answered three yes/no questions: (1) Were the
micro-annotations used by the algorithm correct? (2) Given those



5.3. RESULTS 59

micro-annotations, was the applied scoring rule correct? (3) Was
the assignment of definite or transition sleep stage label correct?
If the reviewer determined that micro-annotations were incorrect,
they could answer “not applicable” to the other two if deemed
necessary.

5.3 Results

5.3.1 Output data
For each PSG recording, the method outputs a hypnogram consist-
ing of epoch-by-epoch sleep stages, along with an epoch-by-epoch
visualization of the micro-annotations. Additionally, the method
produces the explanation log for every staging decision. Figure
5.2 shows an example of an epoch which the algorithm classi-
fied as N2. The figure shows the signals used, along with the
micro-annotations.

Along with inspecting the raw explanation log, the user has two
ways to view explanations: static- and interactive explanations.
In static explanations, the log is rendered as a list of elimination
rules that outline why each candidate sleep stage was not assigned
until the final rule triggers the selected label, in the order which
they were applied. Figure 5.3 shows a static explanation generated
by the algorithm for the same epoch as shown in Figure 5.2.

Interactive explanations can be explored in a conversation
with an LLM through a chat interface. The LLM (OpenAI GPT
4) summarizes each epoch’s explanation log in concise natural
language and responds to the user’s questions. Figure 5.4 shows
an example of an interactive explanation.

Given identical inputs, the method is deterministic: repeated
runs produce identical hypnograms, micro-annotations and ex-
planation logs. However, the LLM responses in the interactive
explanations vary across runs, due to probabilistic sampling during
the LLM’s sampling process [206].

The average runtime for a full-night recording was approx-
imately 90 minutes on an Intel Core i7-8650U CPU, with the
overwhelming majority of computation time spent in preprocess-
ing and annotation.
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Figure 5.2: One epoch with micro-annotations. The displayed
channels include electrooculography (EOG: E1-M2, E2-M1), elec-
troencephalography (EEG: F4-M1, F3-M2, C4-M1, C3-M2, O2-M1,
O1-M2), and chin electromyography (EMG: 1-2). Colored overlays
indicate detected sleep spindles, low-amplitude mixed-frequency ac-
tivity (LAMF), slow wave activity (SWA), and rapid eye movements
(REMs). This epoch was classified as sleep stage N2. Abbreviations:
EEG, electroencephalography; EOG, electrooculography; EMG,
electromyography; LAMF, low-amplitude mixed-frequency activ-
ity; SWA, slow wave activity; REMs, rapid eye movements; N2,
non-rapid eye movement sleep stage 2.

5.3.2 Comparison to human consensus
To evaluate agreement with human scoring, we compared the
algorithm’s epoch-by-epoch sleep stage labels to the majority-vote
consensus hypnogram of the ten human scorers in the dataset. As
described in Section 5.2.3, one PSG recording was used during the
development of the algorithm to iterate on rule implementation
and parameter tuning. This recording was excluded from the test
set and we report results on this development recording separately.

Tables 5.1 and 5.2 show sleep stage confusion matrices for the
development PSG, expressed as row-normalized percentages and
total counts, respectively. Tables 5.3 and 5.4 show the same but
aggregated across all subjects in the test set.

Overall agreement with majority-vote consensus across the
dataset was 60.5% with Cohen’s κ=0.42. Agreement was highest
for N2 (recall 83.5%) and moderate for sleep stage R (recall 68.7%)
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× Not definite N3 because only 3.8% of the epoch con-
sists of slow wave activity.

× Not definite W because 0% of the epoch consists of
alpha rhythm or other findings consistent with sleep stage
W.

× Not definite R because only 22.6% of the epoch meets
the criteria for sleep stage R.

✓ The epoch is definite N2. A spindle was found in
the first half of the epoch, and 4 spindles were found in
the second half of the previous epoch.

Figure 5.3: Example of a sequential elimination trace produced by
the rule-based sleep staging method. The explanation rules out
incompatible sleep stages in sequence before stating the final sleep
stage assignment and its supporting evidence. Abbreviations: W,
Wake; R, rapid eye movement sleep; N2, non-rapid eye movement
sleep stage 2; N3, non-rapid eye movement sleep stage 3.

and N3 (recall 50.5%). Wake and N1 recall were low (14.5% and
5.9%, respectively).

Table 5.5 shows the method’s mean absolute difference from
sleep architecture metrics derived from the majority-vote consensus
hypnograms. For comparison, the table also shows the mean
absolute difference between individual human scorers and the
consensus of the other nine scorers. Results are shown separately
for the test set and for the development recording. In the test set,
the method showed larger differences from the consensus-derived
metrics than individual human scorers across all evaluated sleep
metrics in the test set.

5.3.3 Assessment of discrepancies
Figures 5.5 and 5.6 show examples of hypnograms comparing the
algorithm’s sleep stage predictions to the majority-vote consen-
sus. In both figures, epochs where the algorithm disagrees with
the consensus sleep stage are highlighted in red. The consensus
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User: What sleep stage is this?

System: The epoch was labeled as N2. The
decision was based on the rules that indicate that
N2 should be scored if spindles or K-complexes are
observed in the first half of the epoch or the second
half of the previous epoch. In this case, several
spindles were found: 1 in the first half of this epoch
and 4 in the second half of the previous epoch.

User: Why not N3?

System: The epoch was not labeled as N3 because
only 3.8% of the epoch consisted of slow wave
activity. According to the rules, an epoch is
considered N3 if 20% or more of it consists of slow
wave activity.

Figure 5.4: Example of a natural-language explanation dialogue
produced by the rule-based sleep staging method, showing both
the justification for the assigned sleep stage and the rejection of an
alternative candidate sleep stage. Abbreviations: N2, non-rapid eye
movement sleep stage 2; N3, non-rapid eye movement sleep stage 3.

hypnogram is highlighted in a progressively darker shade of yellow,
depending on the level of disagreement among the 10 scorers. Many
epochs where the algorithm disagreed with the reference occurred
in areas where human agreement was low. This can also be seen
in Figure 5.7, which shows the distribution of human agreement
ratios for epochs where the algorithm agreed with the reference,
compared with epochs where it disagreed.

The reviewer’s discrepancy assessment suggested that when the
reviewer agreed with the method’s sleep stage label, the decision
was usually supported by the appropriate reasoning. In 71% of
epochs where the reviewer agreed with the method’s sleep stage
label, the micro-annotations, rule application, and definite/tran-
sition assignment were all deemed correct by the reviewer. In
epochs where the reviewer disagreed with the method’s label, the
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Table 5.1: Confusion matrix for the single development polysomnog-
raphy (excluded from the primary evaluation), comparing epoch-by-
epoch predictions against the majority-vote consensus of ten human
sleep experts, expressed in percentages. Each row is normalized to
represent 100% of the epochs for that reference sleep stage. Abbre-
viations: N1, non-rapid eye movement sleep stage 1; N2, non-rapid
eye movement sleep stage 2; N3, non-rapid eye movement sleep
stage 3; R, rapid eye movement sleep.

Reference Wake N1 N2 N3 R

Wake 40.7% 3.7% 37.0% 1.9% 16.7%
N1 2.8% 11.1% 63.9% 0.0% 22.2%
N2 0.0% 2.0% 94.8% 0.2% 2.9%
N3 0.0% 10.1% 43.5% 44.2% 2.2%
R 0.8% 3.0% 11.4% 0.0% 84.8%

micro-annotations were judged incorrect in all cases. These find-
ings suggest that, among the reviewed examples, reviewer-method
disagreements were primarily associated with micro-annotation
quality, rather than the rule logic itself.



66 CHAPTER 5. STAGING BY THE BOOK

Table 5.2: Confusion matrix for the single development polysomnog-
raphy (excluded from the primary evaluation), expressed in total
epoch counts. Abbreviations: N1, non-rapid eye movement sleep
stage 1; N2, non-rapid eye movement sleep stage 2; N3, non-rapid
eye movement sleep stage 3; R, rapid eye movement sleep.

Reference Wake N1 N2 N3 R

Wake 22 2 20 1 9
N1 1 4 23 0 8
N2 0 9 421 1 13
N3 0 14 60 61 3
R 1 4 15 0 112

Table 5.3: Confusion matrix for all test recordings in the dataset,
comparing the algorithm’s epoch-by-epoch predictions against the
majority-vote consensus of ten human sleep experts, expressed in
percentages. Each row is normalized to represent 100% of the epochs
for that specific reference sleep stage. The rows show the reference
sleep stages, while the columns show the sleep stages assigned by
the algorithm. Abbreviations: N1, non-rapid eye movement sleep
stage 1; N2, non-rapid eye movement sleep stage 2; N3, non-rapid
eye movement sleep stage 3; R, rapid eye movement sleep.

Method (%)

Reference Wake N1 N2 N3 R

Wake 14.5 3.7 43.4 3.4 35.0
N1 0.1 5.9 54.7 0.3 39.1
N2 0.0 2.7 83.5 1.7 12.1
N3 0.0 9.2 24.5 50.5 15.8
R 0.4 2.0 28.9 0.1 68.7
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Table 5.4: Confusion matrix for all test recordings in the dataset,
comparing the algorithm’s epoch-by-epoch predictions against the
majority-vote consensus of ten human sleep experts, expressed
in total epoch counts. The rows show the reference sleep stages,
while the columns show the sleep stages assigned by the algorithm.
Abbreviations: N1, non-rapid eye movement sleep stage 1; N2, non-
rapid eye movement sleep stage 2; N3, non-rapid eye movement
sleep stage 3; R, rapid eye movement sleep.

Method

Reference Wake N1 N2 N3 R

Wake 895 228 2676 209 2154
N1 2 191 1780 10 1272
N2 7 553 17228 358 2497
N3 0 805 2151 4429 1381
R 36 181 2646 11 6294
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Figure 5.7: Distribution of human inter-scorer agreement for epochs
where the rule-based algorithm agreed versus disagreed with the
10-scorer majority-vote reference. The horizontal axis shows the
per-epoch agreement ratio (fraction of scorers assigning the modal
sleep stage). Disagreements with the reference are proportionally
more common where human agreement is lower.
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5.4 Discussion
This work proposes a rule-based automatic sleep staging method
that operationalizes the AASM scoring manual [8] as executable
code, giving decisions that are fully deterministic and explainable
[15], [136]. Rather than treating sleep staging solely as a statisti-
cal prediction problem, the method codifies the clinical decision
process, such that the reasoning can be inspected and rendered
as static or interactive natural-language explanations. In addition
to the sleep stage classifier, the method thus provides a tool for
auditing, education, and explanation in clinical settings where
alignment with standardized scoring rules is of importance.

The method clearly does not outperform contemporary ML
and DL methods in terms of scoring accuracy [19], [26], [31], [199],
[202]. Our results show that although recall for sleep stages N2
and R is strong, the method showed lower agreement with the
reference for Wake, N1 and, to a lesser extent, N3. However,
it provides an alternative, complementary way to estimate sleep
stages. This opens up the possibility of hybrid automatic sleep
staging methods [25], [49], where a deterministic and auditable
method, grounded in clinical rules, runs in parallel with ML/DL
sleep staging methods, as a reference or cross-check.

The reviewer-based discrepancy assessment performed in this
work clarifies where the current implementation differed from the
majority-vote reference and how those differences arose. Many
disagreements between the algorithm and the human consensus
scoring occurred in epochs where human inter-scorer agreement
was also low, suggesting that disagreements often occur in am-
biguous regions of sleep. The assessment also showed that when
the reviewer disagreed with the algorithm’s sleep stage label, the
micro-annotations were judged to be incorrect, pointing to the
micro-annotation quality as the main technical limitation of the
current implementation.

The micro-annotations were not independently validated against
expert event-level annotations. In particular, alpha rhythm and
LAMF were operationalized using PSD-based heuristics rather
than a separately validated detector. Future work should therefore
validate and improve the available micro-annotations, including
alpha rhythm, LAMF, REMs, spindles, SWA, chin EMG tone,
and missing detectors such as K-complex detection. Wake clas-
sification was particularly difficult to operationalize. This may
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reflect that some visual cues used by human scorers to recognize
Wake epochs are less straightforward to translate into computa-
tional rules, especially in noisy epochs with movement artifacts.
The scoring manual is written to support expert human judgment
but leaves ambiguity for implementation [15]. For example, some
scoring criteria depend on judgment of whether the majority of an
epoch contains evidence for a sleep stage, without specifying how
that evidence should be segmented or aggregated computationally
[8]. Future iterations of scoring manuals could benefit from more
operationally precise phrasing, fit for algorithmic implementation.

5.5 Conclusion
Taken together, these findings suggest that even if rule-based sleep
staging is not yet competitive with DL in terms of agreement
with human-scored references, it remains valuable as a transparent
complement to black-box methods. Its current limitations appear
in the lack of reliable micro-annotation and the ambiguity of a
scoring manual written for human experts.





Chapter 6

Error propagation to
sleep metrics
Error propagation from sleep stage clas-
sification to derived sleep parameters in
machine learning on data from wearables

Full reference: E. Hardarson et al., 2023, “Error Propagation
from Sleep Stage Classification to Derived Sleep Parameters
in Machine Learning on Data from Wearables”, Current Sleep
Medicine Reports, vol. 9, doi: 10.1007/s40675-023-00253-w

6.1 Introduction
Objective sleep measurements are a critical part of sleep research
and diagnosis of sleep disorders [207]. Polysomnography (PSG) is
the gold standard of objective sleep measurements, but analysis
of PSG requires expert human annotation. In addition to being
expensive to analyze, PSG is time-consuming to set up, requires
specialized equipment and causes discomfort, making prolonged
ambulatory sleep measurements infeasible. To mitigate these limi-
tations, two avenues can be identified in both research and clinical
measurements. On the one hand, to ease the data collection for a
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broader part of the population, consumer-grade wearables have
become a prominent tool [208], and on the other hand, automa-
tion of the analysis through the development of machine learning
models [9], [26], [27].

Machine learning models, and deep learning, in particular, are
commonly used to classify sleep stages (sleep staging). Of the
185 Google Scholar article results where both “sleep" and “deep
learning" were present in the title, approximately 40% were about
sleep staging (similar findings for PubMed, author search October
20th, 2022). Sleep staging is an important step in the analysis
and diagnosis of sleep because it establishes the macrostructure
of sleep, and several sleep statistics are derived from the sleep
stages [209]. These clinically relevant sleep metrics include, for
example, sleep efficiency (SE), wake after sleep onset (WASO)
and amount of time spent in rapid eye movement (REM) sleep.
Machine learning models typically follow the same protocol as
human scorers and designate each 30-second non-overlapping time
segment (epoch) one sleep stage. This results in a sequence of
sleep stages called a hypnogram which is then compared to a
hypnogram where an expert human scorer performed the sleep
staging, to evaluate the accuracy of the machine learning model.
In this chapter, we refer to this manually scored hypnogram as
the “ground-truth hypnogram".

Most published work describing machine learning models for
classifying sleep stages only reports the sleep staging error of the
model, with the implicit assumption that this would translate to
a lower error in derived sleep metrics. However, it is unclear how
robust sleep metric estimation is to misclassifying sleep stages and
to the best of our knowledge, the impact of sleep staging error on
the derived sleep metric error is poorly understood. For example,
it is not known how well a machine learning model capable of 92%
accurate sleep staging performs when estimating sleep efficiency.
This chapter focuses on the propagation of error from sleep stages
to sleep metrics.

The mapping from a hypnogram to sleep metrics is highly
non-linear and depends on multiple interacting factors, not least
the structure of the underlying ground-truth hypnogram. Thus, a
formulation of error propagation cannot be derived analytically.
Instead, here, we propose a Monte Carlo error propagation simula-
tion framework tailored to the analysis of sleep data. We simulated
how a machine learning model would estimate sleep stages for a
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dataset of ground-truth hypnograms, given the machine learning
model’s confusion matrix.

Uncertainty in sleep staging can be attributed to several diverse
sources, with recent developments in quantifying and describing
this uncertainty [210], [211]. However, the literature is scarce
regarding the error in sleep metrics derived from a hypnogram.
Although not commonly applied in sleep science, Monte Carlo simu-
lation is a well-established method for evaluating error propagation
in other fields, such as physics, biology, chemistry and geology
[212]–[214]. In this chapter we present the results of a Monte Carlo
simulation study showing the impact of error propagation relative
to the error of sleep staging models.

Wearable sleep trackers, such as wrist-worn smartwatches, have
been suggested as an alternative or complement to the resource-
heavy PSG to measure sleep, e.g. for screening of sleep disorders
[207]. The reason is two-fold: i) wearables provide light-weight
measures at a relatively low cost compared to the PSG, and;
ii) wearables can continuously capture data over a long time,
which enables new types of analysis to be conducted, allowing
measurements of so-called free-living sleep [215]. However, there
is a gap in the literature regarding what type of data they can
capture and how to analyze the data.

Most consumer-grade wearables currently in use are wrist worn
[216], [217]. The technology is promising but requires validation,
access to the algorithms applied to the aggregated data or access
to the raw data. Furthermore, wearable sleep trackers are less
accurate than PSG at classifying sleep stages [207], [208], [218]–
[222]. Hence, understanding how staging error propagates to sleep
metrics is especially important when working with data from
wearable sleep trackers.

With this background, we opted to limit the scope of this
simulation study to examine machine learning models which esti-
mate sleep stages from wrist-worn wearables. This requires finding
reported confusion matrices and other details of such machine
learning models.

Our main contributions are three-fold:

1. A review of machine learning models using data from wrist-
worn sleep trackers, demonstrating a gap in the literature
when it comes to reporting error statistics.

2. A novel Monte Carlo simulation framework for estimating
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error propagation from sleep staging error to clinical sleep
metrics, which demonstrates that sleep staging error is not
representative of the error in derived sleep metrics.

3. Suggestions for future work developing machine learning
models for estimating clinically relevant sleep metrics from
wearable data.

6.2 Background
Previous work has reviewed the use of wearables to detect sleep
stages [221], [223], [224] and the use of machine learning models to
detect sleep stages [9], [27], [28], [225]. We searched the literature
for papers about machine learning models performing sleep staging
on data from wrist-worn wearables. Performing a Web of Science
search for the query

(ALL=(wearable OR wearables OR wr i s t ) ) AND
(ALL=( s t ag e s OR stag ing OR stage ) ) AND
ALL=( c l a s s i f i e r OR machine l e a rn i ng OR
deep l e a rn i ng OR p r o b a b i l i s t i c OR
l o g i s t i c r e g r e s s i o n ) AND (TI=s l e ep )

resulted in 39 papers, of which 30 were excluded because they did
not fit the following eligibility criteria:

• Does the article present a machine learning model for auto-
matic sleep staging?

• Does the machine learning model use data from a wrist-worn
wearable device?

• Is the machine learning model’s accuracy reported?

• Does the paper describe an original machine learning model?
Review articles are excluded.

An identical search on PubMed did not offer new results. The
search was performed on August 5th, 2022. Table 6.1 summarizes
the findings of the literature search regarding which sensors were
used, how many sleep stages were considered, the machine learning
model used, the staging accuracy and whether the paper reported
the confusion matrix or information about sleep metrics. As can be
seen in the table, most studies use photoplethysmography (PPG),
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acceleration (ACC) or electrodermal activity (EDA); their accuracy
ranges from 59% to 93%; five out of nine papers show the confusion
matrix and only two report information about sleep metrics. Eight
of the nine papers used 30-second epochs; Gashi et al. classified
600-second segments [226]. Only Wulterkens et al. and Fonseca et
al. reported the error in clinical sleep metrics [227], [228].

Epochs can be classified into various numbers of classes. Com-
mon designations are 2-class (wake or sleep), 3-class (wake, N1/N2/
N3 or REM sleep), 4-class (wake, N1/N2, N3 or REM sleep) and
5-class (wake, N1, N2, N3 or REM sleep). When 4-class staging
is performed, the N1/N2 class is commonly referred to as light
sleep and the N3 class as deep sleep. Of the nine machine learning
models, five performed 4-class sleep staging These five techniques
form the basis of our simulation study. All five techniques use data
from research devices, as opposed to consumer-grade wearables.
Comparing the staging performance of machine learning models
is problematic since the accuracy depends on multiple factors,
such as the dataset used, which sensors were used, how lights out
was defined and what validation method was used. For example,
the machine learning model described by Anusha et al. has the
highest reported 4-class staging accuracy in Table 6.1. However,
it was validated against a home sleep apnea testing device with
no electroencephalography data recorded. [229].

6.2.1 Sleep metrics
The American Academy of Sleep Medicine (AASM) Scoring Manual
Version 2.6 lists the following recommended metrics for polysomnog-
raphy which must be reported for clinical sleep studies [209]:

• Total recording time (TRT). Time in minutes between the
first epoch of any sleep and last epoch of any sleep. Since the
dataset used in the simulation did not contain information
about lights on and lights off, this metric and those derived
from it were defined differently from the AASM definition.

• Total sleep time (TST). Time in minutes spent in light, deep
and REM sleep.

• REM latency. Time in minutes between sleep onset to the
first epoch of REM sleep.

• Wake after sleep onset (WASO). TRT - TST.
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Table 6.1: A summary of published papers using machine learning for
sleep staging on data from wrist-worn wearables, in order of publication
date.

Reference Sensors Stages Accuracy
(κ)

ML
method

C1 y2

Gashi et al. 2022 [226] EDA, ST,
ACC

2 92%
(0.55)

GB

Anusha et al. 2022 [229] EDA, ST 4 93% (-) RF x
Ko et al. 2022 [230] HR, ACC 2 85% (-) CK
Radha et al. 2021 [231] PPG 4 76.36%

(0.65)
LSTM x

Wulterkens et al. 2021 [227] PPG,
ACC

4 76.4%
(0.62)

LSTM x x

Li et al. 2021 [232] PPG,
ACC

4 69%
(0.44)

CNN,
SVM

x

Sundararajan et al. 2021
[233]

ACC 2 79%3

(0.5)
RF x

Walch et al. 2019 [234] ACC,
PPG

3 72.3%
(0.27)

MLP

Fonseca et al. 2017 [228] PPG 4 59%
(0.42)

LDC x4

Abbreviations: ACC, acceleration; C, confusion matrix; CK, Cole–Kripke;
CNN, convolutional neural network; EDA, electrodermal activity; GB, gradient
boosting; HR, heart rate; LDC, linear discriminant classifier; LSTM, long
short-term memory; ML, machine learning; MLP, multilayer perceptron; PPG,
photoplethysmography; RF, random forest; ST, skin temperature; SVM,
support vector machine; y, sleep metric.
1 Marked “x” if a confusion matrix was reported.
2 Marked “x” if information about estimated sleep metrics was reported.
3 Average precision.
4 Fonseca et al. reported estimated sleep metrics, but only using a 2-class
sleep/wake classifier.

• Sleep efficiency (SE). Proportion of time spent sleeping:
TST/TRT.

• Time in minutes in each state. The four included stages are
wake, light, deep and REM sleep.

• Proportion in each state. Percentage of TST in each stage
(time in each stage/TST).

The simulation study in this chapter uses four sleep stages (wake,
light, deep and REM), so time in each state and proportion in each
sleep state leads to a total of six metrics. In addition to the AASM
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recommended metrics listed above, the number of awakenings (NA)
is defined as the number of times at least two subsequent wake
epochs occur after sleep onset [235]. As a result, we consider in
total eleven sleep metrics.

6.3 Methods
Performance of machine learning sleep stage classifiers is most com-
monly reported in terms of staging accuracy, Cohen’s kappa and
sleep stage confusion matrix. Sleep metric error is not commonly
reported and can not be derived analytically from the staging er-
ror. To gain an understanding of how staging error propagates to
sleep metrics, we performed a simulation study [236]–[238] where
we resampled ground-truth hypnograms and monitored how the
derived sleep metrics change. We note that in what follows, we
used the error of sleep staging models instead of their accuracy,
where error = 1− accuracy. We refer to this as staging error.

The simulation study is based on the Sleep-EDF Database
Expanded (Sleep-EDFx) dataset [159], [239], [240], which contains
197 PSGs scored by human experts according to the Rechtschaffen
and Kales manual [14]. The data were obtained in two studies of
mostly healthy adults. We refer to the original publications for
more details on the composition of the subject group [239], [240].
We treated these 197 hypnograms, which we refer to as x1, ..., x197,
as ground-truth hypnograms and use them to calculate ground-
truth sleep metrics. Using a Monte-Carlo approach, we simulated
the operation of a staging classifier with a given confusion matrix
C by repeatedly resampling the hypnograms: We pseudo-randomly
selected a new sleep stage for each epoch based on confusion matrix
C. We then calculated the sleep metrics according to the simulated
hypnogram and the residual error, i.e. the difference to the ground
truth sleep metric value. This was repeated nsim times for every
hypnogram. This gave us an estimated sleep metric error for a
given confusion matrix. The process is described in Algorithm 2
and schematically in Fig. 6.1.

Stated mathematically (following the notation in [236]), we
considered the calculation of a sleep metric y given a hypnogram
x by computational model M : X → Y where the random vari-
able X ∈ X with probability density function pX(x) represents a
hypnogram and Y =M(X) is a random variable representing the
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calculated sleep metric.
Typically, uncertainty propagation is estimated by studying

statistics such as the variance of the output variable, Y ∈ Y . Since
we treated the human expert scorer’s classification as the ground
truth, we instead considered the residual error, ey = y − ŷ, that
is the difference between the ground truth metric value and the
metric value resulting from the simulation (sim), given a confusion
matrix, C. The Monte Carlo estimation of sleep metric error ey is
given by

êy =

∑nsim
i (y − ŷi)

nsim

and the estimated root mean squared error (RMSE) and mean
absolute error (MAE) over the dataset are given by

RMSEy =

∑nsim
i

√∑N
j (y−ŷj)2

N

nsim

and

MAEy =

∑nsim
i

∑N
j |(y−ŷj)|

N

nsim
,

respectively, where N is the number of hypnograms in the dataset.

6.3.1 Generation of Confusion Matrices
The Monte Carlo method described in Algorithm 2 simulates
the resampling of a dataset of hypnograms as though they were
estimated with confusion matrix C. We had a few examples of
confusion matrices from the literature [227], [229], [231], [232], but
in order to properly visualize the relationship between staging
error and sleep metric error, we also generated a multitude of
hypothetical confusion matrices.

For a given target four-class staging error, ẽclass ± ϵ, where ϵ is
a small value, we generated a hypothetical confusion matrix, Cẽ

as follows: Cẽ is initialized as a 4x4 zero matrix. First, we assign
the four elements on the diagonal of Cẽ by sampling from a Beta
distribution with a maximum at the target staging accuracy:

Cẽ(i, i) = M(i) · k, k ∼ B(α, β)
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where M(i) is the expected proportion of epochs of sleep stage
i ∈ {1, 2, 3, 4}. We set

α =

(
1− µ

σ2
− 1

µ

)
· µ2

and

β = α ·
(
1

µ
− 1

)

where µ is the target staging error and σ2 = 0.01. The re-
maining cells of Cẽ(j) were sampled uniformly from the range
[0;M(j)−∑Cj ] in random order. When there was only one cell
left in row j it was assigned the value

M(j) ·
(
1−

∑
Cj

)

This allowed us to visualize the relationship between staging er-
ror and sleep metric error by generating thousands of hypothetical
confusion matrices and applying Algorithm 2 to each one.

Table 6.2: Example of a generated confusion matrix of 1,000 epochs.
This confusion matrix corresponds to a classifier with an overall
accuracy of 80% but only 42% REM sleep sensitivity.

Predicted
Wake Light Deep REM

T
ru

e

Wake 69 15 4 12
Light 34 532 11 23
Deep 11 4 135 0
REM 6 2 79 63

Tables 6.2 and 6.3 show two examples out of 20,000 generated
confusion matrices, where µ = 0.2 was used. These are examples of
confusion matrices where sensitivity to specific sleep stages are low
while overall accuracy is 80%. For the 20,000 generated confusion
matrices the overall accuracy was (80± 6)% while the sensitivity
to all individual sleep stages was (80± 10)%. Table 6.4 shows the
combined distribution of all 20,000 confusion matrices.
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Table 6.3: Example of a generated confusion matrix of 1,000 epochs.
This confusion matrix corresponds to a classifier with an overall
accuracy of 80% but only 71% light sleep sensitivity.

Predicted
Wake Light Deep REM

T
ru

e

Wake 89 1 6 4
Light 111 424 30 35
Deep 2 1 147 0
REM 3 4 5 138

Table 6.4: The mean and standard deviation (µ̄±STD) of individual
cells in 20,000 generated confusion matrices with 1,000 epochs each.

Predicted
Wake Light Deep REM

T
ru

e

Wake 80± 10 7± 7 7± 7 7± 7
Light 40± 42 480± 59 40± 42 40± 42
Deep 10± 11 10± 11 119± 15 10± 11
REM 10± 11 10± 11 10± 11 119± 15

Limitations

The simulation approach used has some shortcomings, which limit
the scope of scenarios to which it is applicable. First of all, the
resampling step in Algorithm 2 re-assigned each epoch a sleep
stage independently of other epochs, so the method assumed that
the staging error was random in time. This assumption holds for
machine learning models where an epoch is scored without taking
into account the epoch’s temporal context, i.e., when p(x̂(k) | x(k))
is independent of x \ x(k). This is not the case for all of the
machine learning models in Table 6.1. Secondly, the results of
the simulation on the Sleep-EDFx dataset cannot be assumed
to apply to other datasets unless the structure of participants’
sleep is statistically similar to the Sleep-EDFx dataset. Finally, it
should be acknowledged that all Monte Carlo methods are based
on pseudo-random numbers, and uncertainty in the results is a
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y ŷi

Figure 6.1: A schematic of iteration i of the simulation process,
which generates an estimated sleep metric error, ey. A manually
scored hypnogram (ground truth) hypnogram, x, is selected from
{x1, ..., xN}, a set of experimentally observed hypnograms. The
resampled hypnogram, x̂i is created by randomly reassigning each
30-second epoch in x a new sleep stage by making a random selec-
tion, weighted by row number s of confusion matrix, C, where s
corresponds to the index of the true sleep stage. Sleep metrics y
and ŷi are calculated from x and x̂i, respectively and their residual,
ey = y − ŷi is the sleep metric error.

consequence not only of false assumptions but also of the method’s
inherent randomness [238].

6.3.2 Baseline models
To put the simulated sleep metric error into perspective, we need
a naïve baseline model to compare against. To that end, we
split the Sleep-EDFx dataset into a training and testing dataset
with an approximately 50/50 split, ensuring that no individual
participant’s data was found in both sets. Using the training set,
we calculated the average of sleep metric y across every hypnogram,

ȳ =

∑Ntrain
j y(xj)

Ntrain

This was our baseline (BL) model for sleep metric y, i.e. ŷBL = ȳ.
The baseline sleep metric model error was found by applying the
baseline sleep metric model to the test set:

MAEBL
y =

∑Ntest
j | yj − ȳ |

Ntest
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Algorithm 2 Monte Carlo simulated sleep metric error for sleep
metric y.

Require: Set of N hypnograms {x1, ...xN}; confusion matrix, C;
number of simulation repetitions, nsim; formula for calculating
sleep metric, f(x).

1: procedure SimulateMetricError({x1, ...xN}, C) for i ∈
[1, nsim] do

end
j ∈ [1, N ]

2: Select the jth hypnogram, xj

3: Calculate the ground-truth metric value, yj = f(xj).
4: M ← number of epochs in xj for k ∈ [1,M ] do
5:

end
Set weights w ← Cxj(k), the xj(k)

th row of C.
6: Generate x̂j(k) by randomly selecting one of the sleep

stages according to weights, w.
7:
8: Calculate estimated sleep metric ŷj = f(x̂j)
9: ei,j = yj − ŷj

10:
11:
12: return ei,j or statistics of e such as the mean of estimators

ei across the nsim simulations, ê.
13: end procedure
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Figure 6.2: Proportion of time spent in each sleep stage, every
half hour from midnight, for the subjects in the training set. This
information was used in a baseline staging model, which randomly
assigned a sleep stage given the time of day to the subjects in the
testing set. Abbreviations: REM: Rapid eye movement.

and

RMSEBL
y =

√∑Ntest
j (yj − ȳ)2

Ntest

We also needed to decide on a range of staging errors for
generating confusion matrices. To establish the highest reasonable
staging error, we again created a naïve baseline model, this time
for sleep staging. Using the test set, we split the dataset into
half-hour time slots. We then counted how many epochs were
assigned to each sleep stage per half-hour time slot. Fig. 6.2 shows
the result. The baseline staging model randomly assigned a sleep
stage given the time of day, weighted by the proportional split of
sleep stages in the corresponding half-hour time bin.

6.4 Results and discussion
Algorithm 2 produced resampled hypnograms for a given staging
error. Fig. 6.3 shows examples of a hypnogram with 30-second
epochs resampled by Algorithm 2, using confusion matrices re-
ported in three of the papers in Table 6.1. We see that for a
higher staging error, the hypnogram became more chaotic and
less representative of actual sleep. However, the same may not
necessarily be said about the derived sleep metric error as reported
in the literature. Of the machine learning models in Table 6.1,
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light sleep
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wake
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light sleep
REM sleep
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)

deep sleep
light sleep
REM sleep

wake
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)

deep sleep
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REM sleep
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)

Figure 6.3: The effect of resampling a hypnogram. a) An original
manually scored hypnogram and the same hypnogram, resampled
using the confusion matrix from b) Anusha et al. 2022 (93% staging
accuracy), c) Wulterkens et al. (76% staging accuracy) and d) Li et
al. 2019 (69% staging accuracy). Abbreviations: REM: Rapid eye
movement.

only Wulterkens et al. reported estimated sleep metric statistics
for four-class staging [227].

Fig. 6.4 shows the distribution of residual sleep metric error
over the dataset using the same three confusion matrices. In blue,
is the simulation of the staging in the paper by Wulterkens et al.
(76% staging accuracy), and the dotted lines show the upper and
lower limits of the error reported in the paper. When comparing
the simulated error distribution to the error range reported by the
authors (dotted lines in Fig. 6.4) we found that the simulation
agreed reasonably well with their empirical results.

The simulated resampling of a low-error staging machine learn-
ing model resulted in a low-variance, low-bias sleep metric estima-
tion and as the staging error increased, so did the sleep metric bias
and variance (Fig. 6.4). Comparing the reported and simulated
RMSE of the machine learning model from Wulterkens et al. listed
in Table 6.5, we again found a reasonably good agreement.

6.4.1 Baseline values
We applied the baseline models for sleep staging and sleep metrics
to the test set. This gave us baseline error values to compare the
estimated sleep metric error with. To be considered relevant, the
models had to have an error value that was below this threshold.
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Figure 6.4: Histograms showing the distribution of simulated sleep
metric error across the dataset for one iteration of the Monte Carlo
method (nsim = 1). The blue shows a simulation of the staging
in the paper by Wulterkens et al. [227] (76% staging accuracy),
and the dotted lines show the upper and lower limits of the error
reported in the paper. The histogram in red shows a simulated
error distribution for the staging in the paper by Anusha et al. [229]
(93% staging accuracy), and the green shows a simulation of the
machine learning model by Li et al. [241] (69% staging accuracy).
Abbreviations: REM: Rapid eye movement, WASO: Wake after
sleep onset.
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The resulting baseline values can be seen in Table 6.6. This set
the lower baseline for 4-class sleep staging accuracy at 46% and
a Cohen’s kappa of 0.14. Table 6.6 also includes accuracy values
for 2-, 3- and 5-class sleep staging baseline models for comparison.
Furthermore, Table 6.6 lists baseline error values for sleep metrics
in terms of MAE and RMSE. Not shown in Table 6.6 is the error
in sleep metrics obtained by using hypnograms estimated using
the baseline staging model. This consistently resulted in higher
sleep metric errors, than when using the average metric values
from the training set.

6.4.2 Clinical relevance of staging error
Fig. 6.5 shows the simulated sleep metric RMSE over the whole
dataset as a function of the four-class staging error for the twenty
thousand generated confusion matrices, as well as confusion ma-
trices reported in the literature (circles) [227], [229], [231], [241].
Also plotted are the staging error and sleep metric RMSE reported
in Wulterkens et al. (triangle) [227], again showing reasonable
agreement between simulated and empirical results.1

Looking at Fig. 6.5, it is apparent that the relationship between
staging error and sleep metric error is non-linear. In general, the
relationship seems to be logarithmic, although interestingly, error
in the number of awakenings (NA error) does not strictly increase
with staging error. This is an artefact of how NA is defined. A
very inaccurate staging model will produce a hypnogram similar
to the labeled (d) Fig. 6.3, with very few contiguous wake epochs.
Since close to zero contiguous wake epochs are found, the RMSE
will be approximately equal to the true NA, on average around
13. This behaviour can be seen on the right side of the plot in
Fig. 6.5. A more accurate staging model will correctly label more
wake epochs, similar to the graph labeled (b) in Fig. 6.3. For
prolonged wake bouts, made up of many epochs, some will likely
be misclassified as sleep, splitting the wake bout in two. Thus,
every misclassification of a wake epoch effectively increases NA
by one, resulting in higher NA error, as shown by the peak in

1It should be noted that the relationship between kappa and staging error
is approximately linear within the domain of four-class sleep staging on a
homogeneous population. Thus, the relationship between sleep metric error
and Cohen’s kappa of the staging machine learning model is similar to that
seen in Fig. 6.5.
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NA error for staging error between 0.05 and 0.35. In general,
some metrics’ error grows gradually as staging error increases, but
others (particularly WASO, REM latency and NA) seem to be
much more sensitive to minor staging errors.

The dotted lines in Fig. 6.5 show the RMSE of the baseline
sleep metric estimators. While some sleep metrics (such as WASO
and NA) seem to be estimated below baseline error irrespective of
staging accuracy, others (such as deep sleep and REM duration)
are estimated with an error surpassing baseline error, even when
staging error is low.

The simulation shows that a highly accurate staging model
(one far surpassing the wearable staging accuracy of today’s state
of art) could conceivably perform worse than the baseline model
on the estimation of derived sleep metrics. Under the assumptions
made here, models capable of 90% sleep staging accuracy were, on
average, estimated to perform below a baseline model in two out
of eleven sleep metrics, essentially making the estimations worse
than a random guess. For comparison, the current state-of-the-art
in machine learning 5-class sleep staging on PSG data is around
85% [26], [210].

In recent years, a large body of literature has focused on
developing machine learning models to automate the analysis of
sleep measurements in order to ease the labour-intensive analysis
and allow the use of wearables and other screening devices [10],
[160], [210]. However, these models are seldom used in clinical
practice [26], [68].



6.4. RESULTS AND DISCUSSION 91

0.0 0.2 0.4 0.6
0

25

50

75

100

125

150

De
ep

 sl
ee

p 
er
ro
r [
m
]

0.0 0.2 0.4 0.6
0

5

10

15

20

De
ep

 sl
ee

p 
er
ro
r [
%
]

0.0 0.2 0.4 0.6
0

50

100

150

200

Lig
ht
 sl
ee

p 
er
ro
r [
m
]

0.0 0.2 0.4 0.6
0

5

10

15

20

Lig
ht
 sl
ee

p 
er
ro
r [
%
]

0.0 0.2 0.4 0.6
0

25

50

75

100

125
RE

M
 sl
ee

p 
er
ro
r [
m
]

0.0 0.2 0.4 0.6
0

5

10

15

RE
M
 sl
ee

p 
er
ro
r [
%
]

0.0 0.2 0.4 0.6
0

50

100

150

RE
M
 la
te
nc
y 
er
ro
r [
m
]

0.0 0.2 0.4 0.6
0

20

40

60

NA
 e
rro

r [
co
un

t]

0.0 0.2 0.4 0.6
0

5

10

15

20

25

SE
 e
rro

r [
%
]

0.0 0.2 0.4 0.6
0

50

100

150

200

TS
T 
er
ro
r [
m
in
]

0.0 0.2 0.4 0.6
0

50

100

150

200

W
AS

O 
er
ro
r [
m
in
]

Figure 6.5: The RMSE of different simulated sleep metrics as a
function of the staging error of the confusion matrix used. The
blue semi-transparent dots show simulations of 20,000 generated
confusion matrices, and the red circles show simulations of confusion
matrices reported in the literature [227], [229], [231], [241]. The
red triangles show the RMSE of reported sleep metrics for a given
staging accuracy from Wulterkens et al. [227]. The dotted line
shows the RMSE of the baseline sleep metric estimation model. All
data points which lie above the dotted line can be interpreted as less
accurate than an educated guess. Abbreviations: NA: Number of
awakening, REM: Rapid eye movement, RMSE: Root mean squared
error, SE: Sleep efficiency, TST: Total sleep time, WASO: Wake
after sleep onset.
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Table 6.6: Performance of baseline models for staging and
sleep metric estimation. The staging model randomly as-
signs a sleep stage to an epoch according to the time of day.
The metric estimation model always assigns the average
metric value of the training set.

Metric Baseline model performance

Accuracy (Cohen’s kappa)

Wake/sleep staging 74% (0.25)
Wake/NREM/REM staging 54% (0.15)

Wake/light/deep/REM staging 46% (0.14)
Wake/N1/N2/N3/REM staging 35% (0.10)

MAE (RMSE)

WASO [min] 135.1 (197.0)
TST [min] 47.2 (64.0)

Number of awakenings [count] 6.5 (8.0)
SE [%] 14.1 (18.0)

REM Latency [min] 90.0 (142.5)
Time in light sleep [min] 52.7 (67.3)

Proportion light sleep [%] 9.9 (12.3)
Time in deep sleep [min] 32.2 (38.4)

Proportion deep sleep [%] 7.9 (9.3)
Time in REM sleep [min] 25.5 (33.7)

Proportion REM sleep [%] 5.2 (6.9)

Abbreviations: MAE: Mean absolute error, NREM: Non-rapid
eye movement, REM: Rapid eye movement, RMSE: Root mean
squared error, SE: Sleep efficiency, TST: Total sleep time, WASO:
Wake after sleep onset.
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6.5 Conclusions
We have presented a simulation framework for exploring how
sleep staging error propagates to the calculations of sleep metrics.
The framework was evaluated using an open-source dataset of
sleep studies and four-stage classification metrics from studies
using wearable sleep trackers. However, the framework can be
expanded to apply to other scenarios, such as five-class sleep
staging and machine learning on PSG data. Future work could
use this framework to investigate sleep metric error propagation in
other approaches, such as EEG or ECG, where sleep metric error
is more widely reported.

Clinically, sleep staging accuracy is an irrelevant metric by
itself, yet it is the most popular task for training machine learning
models in the literature. The results of the simulations performed
here may indicate that machine learning models should not use
staging accuracy as a target variable because of how the error
propagates from sleep stages to sleep metrics. If the underlying
purpose of estimating sleep stages is to calculate sleep metrics, it
may prove more effective and robust to train regression models
to predict sleep metrics directly and to report sleep metrics and
their errors when training sleep staging models. This could lead
to more accurate results, which is important for clinical practice.

Treating sleep metric estimation as a regression task poses some
new challenges. Because sleep metrics are typically properties of a
whole night of sleep, in contrast to sleep stages, which are properties
of individual epochs, the training data needed for sleep metric
regression may be much larger than for training sleep staging
models. Furthermore, not all clinically important information is
contained in sleep metrics. For example, following a sleep study,
a clinician would typically review the hypnogram in order to get
an overview of the sleep architecture. However, epoch-by-epoch
sleep stage classification may not be the best way to generate the
hypnogram and the staging error may not be indicative of the
hypnogram error, as shown in Fig. 6.3.

In conclusion, this simulation study explores nuances around
the topic of error in sleep metrics derived from an estimated
hypnogram. Future work performing automated analysis of sleep
data should not focus solely on attaining higher sleep staging
accuracy. Error statistics of sleep metrics and other clinically
relevant quantities should be reported. Machine learning experts
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and sleep scientists should have a dialogue about alternative goals
for the future.



Chapter 7

Inter-scorer reliability in
sleep architecture
metrics

Full reference: (Manuscript in preparation.) E. Hardarson et
al., 2026, “Inter-scorer reliability in sleep architecture metrics”

7.1 Introduction
Sleep architecture metrics such as total sleep time (TST) and time
spent in non-rapid eye movement (NREM) sleep stages are widely
used to describe sleep recorded by polysomnography (PSG). These
quantities are routinely used in sleep research, clinical reporting,
and the interpretation of sleep continuity and structure [7], [209].

Under current scoring practice, these metrics are not measured
directly from physiological signals. Instead, PSG recordings are
segmented into 30-second epochs, each epoch is assigned a discrete
sleep stage according to standardized scoring rules, and summary
sleep metrics are then computed from the resulting hypnogram [14],
[209]. This workflow has become the standard operationalization
of sleep architecture in both manual and automated sleep analysis.

However, manual sleep staging is known to be imperfect. Epoch-
by-epoch inter-scorer disagreement of around 20% has been docu-
mented for decades and is generally treated as an expected feature

95
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of manual scoring rather than an exception [12], [26], [194].
The clinical and scientific quantities of interest are often not the

epoch labels themselves, but rather the derived sleep architecture
metrics. A key unresolved question is, therefore, how disagreement
at the sleep stage level propagates to disagreement in the down-
stream quantities, i.e. sleep architecture metrics, that are actually
interpreted and reported. Small differences in epoch-by-epoch stag-
ing may accumulate into meaningful differences in derived metrics
such as TST, rapid eye movement (REM) duration, or sleep stage
3 (N3) duration. Conversely, hypnograms that appear broadly
similar may still yield materially different summary metrics. Our
previous simulation work using wearable data suggested that this
propagation can be nonlinear and strongly metric-dependent (see
Chapter 6) but empirical characterization in PSG studies using
multiple independent human scorers has been limited [18].

This issue is important for at least two reasons. First, if derived
sleep metrics themselves have substantial inter-scorer variability,
then they should not be treated as fixed ground-truth quantities
when interpreting individual PSG reports or comparing cohorts.
Second, the evaluation of alternative methods of measuring sleep
architecture, such as wearable sleep trackers and automatic scoring
algorithms, critically depends on what is considered the reference
target. If the same recording yields different plausible metric
values across expert scorers, then agreement with a single scorer
may be an incomplete or misleading measure of performance [15].

A further complication is that there is more than one reason-
able way to construct a consensus value for a sleep metric when
multiple scorers are available. One may first derive the metric
separately from each scorer’s hypnogram and then average the
resulting values. Alternatively, one may construct a consensus
hypnogram, for example, by epoch-by-epoch majority vote, and
derive the sleep metric from that hypnogram. These two proce-
dures are mathematically distinct and may produce different result.
Despite this, the implications of consensus construction for sleep
architecture metrics have received little explicit attention.

In this study, we examine inter-scorer reliability at the level of
commonly used sleep architecture metrics using the Sleep Revolu-
tion Multicenter Scoring (SRMS) dataset, in which 50 full-length
PSG recordings were independently scored by 10 experienced scor-
ers from multiple sleep centers according to a common scoring
protocol [17]. For each scorer and recording, we derived sleep-
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stage-duration metrics (N1, N2, N3 and REM duration; minutes),
sleep-stage-percentage metrics (N1%, N2%, N3% and REM%),
TST, sleep efficiency (SE), sleep onset latency (SOL), REM onset
latency (ROL), and wake after sleep onset (WASO). Specifically,
we ask three related questions: (i) how variable are these metrics
across expert scorers; (ii) how does disagreement in epoch-by-epoch
sleep staging relate to disagreement in derived sleep metrics; and
(iii) given inter-scorer variability, how should reference values for
sleep metrics be defined for method evaluation?

By addressing these questions, we aim to clarify the reliability
of standard hypnogram-derived sleep architecture metrics and
to make explicit the uncertainty inherent in the quantities that
are often treated as reference targets in sleep research and sleep
medicine.

7.2 Methods

7.2.1 Dataset and scoring protocol
We analyzed the SRMS dataset, a multicenter PSG scoring dataset
designed to assess inter-scorer agreement in sleep staging [17]. The
dataset comprises 50 overnight full-length PSG recordings collected
between February and June 2021 using Nox A1 devices (Nox
Medical, Reykjavik, Iceland), a type II portable PSG system. The
study was approved by National Bioethics Committee of Iceland
(21–070). All study subjects gave a written informed consent to
participate in the study. Each recording was independently scored
by 10 experienced scorers from seven sleep centers using a common
software environment and a shared scoring protocol based on the
American Academy of Sleep Medicine (AASM) rules (version 2.6)
[17], [209].

The study population was stratified to include recordings from
individuals at risk of obstructive sleep apnea, restless legs syn-
drome, insomnia, and individuals without identified risk factors, as
described previously for the SRMS dataset [17]. Table 7.1 shows a
summary of demographic and clinical characteristics of the SRMS
cohort.
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Table 7.1: Cohort characteristics of the SRMS
dataset.

Characteristic Value

Total number of subjects 50
Male/female subjects 29/21
Subjects with OSA risk 21
Subjects with RLS risk 29
Subjects with insomnia riska 17
No-risk subjectsa 9
Age, years 42.9± 13.7

BMI, kg/m2 27.3± 5.8

Total sleep time, minutes 426.3± 61.8

Apnea–hypopnea index, events/h 15.2± 15.6

a Insomnia risk data were missing from three sub-
jects. Subjects were defined as no-risk if they had
no obstructive sleep apnea, restless legs syndrome,
or insomnia risk.
Continuous variables are reported as mean ±
standard deviation.
Abbreviations: SRMS, Sleep Revolution Mul-
ticenter Scoring; OSA, obstructive sleep apnea;
RLS, restless legs syndrome; BMI, body mass
index.

7.2.2 Definitions of sleep architecture metrics
The derived sleep metrics analyzed in this study follow standard
AASM sleep-architecture terminology and were computed from
each scorer’s hypnogram [209]. We considered total TST; minutes
spent in N1, N2, N3, and REM sleep; pooled N1/N2 duration
(minutes); sleep stage percentages relative to total sleep time (N1%,
N2%, N1/N2%, N3%, and REM%); SE; SOL; ROL; and WASO.

Formally, for each scorer A, let

H(A) =
(
H

(A)
1 , . . . ,H

(A)
T

)
, H

(A)
t ∈ S,

denote the scored hypnogram for a recording with T epochs,
where each epoch has duration ∆t = 30 s, and where S =
{W,N1,N2,N3,REM} is the set of sleep stages.
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Let
Ssleep = {N1, N2, N3, REM}

denote the set of sleep stages. For each sleep metric π, let Ψπ(·)
denote the mapping from a scored hypnogram to the corresponding
metric value. For any sleep stage s ∈ Ssleep, sleep stage duration
in minutes is defined as

Ψs(H
(A)) = ∆t

T∑

t=1

1{H(A)
t = s}.

TST is defined as the total time scored as sleep:

ΨTST(H
(A)) = ∆t

T∑

t=1

1{H(A)
t ∈ Ssleep}.

The pooled N1/N2 duration is defined as

ΨN1/N2(H
(A)) = ΨN1(H

(A)) + ΨN2(H
(A)).

Sleep stage percentages are computed relative to TST:

Ψs,%(H
(A)) = 100× Ψs(H

(A))

ΨTST(H(A))
, s ∈ Ssleep.

No explicit lights-off or lights-on markers were available in
the dataset. Therefore, time in bed (TIB) is defined as the full
recording duration:

ΨTIB(H
(A)) = T∆t.

SE is then computed as

ΨSE(H
(A)) = 100× ΨTST(H

(A))

ΨTIB(H(A))
.

Sleep onset is defined as the first epoch scored as sleep:

τ
(A)
sleep = min{t : H(A)

t ∈ Ssleep}.

SOL was defined from the recording start to the first sleep epoch:

ΨSOL(H
(A)) = ∆t τ

(A)
sleep.
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The first REM onset is defined as

τ
(A)
REM = min{t ≥ τ

(A)
sleep : H

(A)
t = REM}.

ROL was defined from sleep onset to the first REM epoch:

ΨROL(H
(A)) = ∆t (τ

(A)
REM − τ

(A)
sleep).

WASO was computed from sleep onset to recording end:

ΨWASO(H
(A)) = ∆t

T∑

t=τ
(A)
sleep

1{H(A)
t = W}.

All duration-based metrics were converted from number of
epochs to minutes.

7.2.3 Staging agreement
Epoch-by-epoch inter-scorer agreement was evaluated for three
staging formulations.

First, agreement was computed for the original 5-class sleep
staging using the manual labels.

S = {W,N1, N2, N3, REM}.

Second, agreement was computed for a pooled 4-class sleep
staging in which N1 and N2 were combined into a single category:

S4 = {W,N1/N2, N3, REM}.

Third, we evaluated a set of binary one-vs-rest sleep staging,
defined separately for Wake, N1, N2, N3, and REM, by relabeling
each epoch as belonging either to the target sleep stage or to any
other sleep stage. For each sleep staging formulation, inter-scorer
agreement was summarized using Krippendorff’s α [242]. This
coefficient is defined as

α = 1− Do

De
,

where Do is the observed disagreement and De is the disagreement
expected by chance. An α value of 1 indicates perfect agreement,
α = 0 indicates agreement no better than chance, and negative
values indicate systematic disagreement.
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For epoch-by-epoch sleep staging, Krippendorff’s α was com-
puted using the nominal difference function[242]. For complete
epoch-by-epoch nominal data with a fixed number of scorers per
epoch, nominal Krippendorff’s α and Fleiss’s κ [243] are nearly
identical, differing only by a negligible finite-sample correction in
the expected-disagreement term. We also confirmed this empiri-
cally: the two coefficients agreed to the reported precision for all
epoch-by-epoch staging formulations. Only Krippendorff’s α is
reported, but the results are equivalent for Fleiss’s κ.

7.2.4 Agreement of sleep architecture metrics
For each derived sleep metric, the unit of analysis was a single
recording, with 10 scorer-specific metric values available for each
recording. Inter-scorer agreement for continuous sleep metrics was
summarized using intraclass correlation coefficients (ICCs) [244].

We report ICC(2,1), corresponding to a two-way random-
effects, absolute-agreement, single-rater formulation (ICC(A,1));
ICC(2,10), corresponding to a two-way random-effects, absolute-
agreement, average-rater formulation (ICC(A,10)); and ICC(3,1),
corresponding to a two-way mixed-effects, consistency, single-rater
formulation (ICC(C,1)) [245], [246].

These complementary coefficients were included to characterize
different reliability perspectives. ICC(2,1) quantifies the reliability
of a single scorer under an absolute-agreement criterion, ICC(2,10)
quantifies the reliability of the mean rating across the 10 scorers,
and ICC(3,1) quantifies single-scorer consistency when scorer-
specific offsets are not treated as disagreement in the same way as
under absolute-agreement formulations[245].

As a complementary non-ICC reliability measure, Krippen-
dorff’s α was also computed for each derived sleep metric using
the interval difference function [242]. Whereas ICCs describe how
much of the variation in continuous metric values is attributable
to differences between recordings rather than scorer disagreement,
Krippendorff’s α compares observed scorer disagreement with the
disagreement expected by chance. A further advantage is that the
same α framework can be used for both categorical epoch labels
and continuous sleep metrics by changing the difference function.
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7.2.5 Leave-one-scorer-out error
To quantify how far an individual scorer’s derived sleep metrics
deviated from the remaining scorer panel, we performed a leave-
one-out analysis at the metric level. For each recording i, scorer
A, and sleep metric π, let

Y
(A)
π,i = Ψπ

(
H

(A)
i

)

denote the value of metric π derived from scorer A’s hypnogram.
The corresponding leave-one-out panel reference was defined as
the mean of the same metric across the other nine scorers:

Ȳ
(−A)
π,i =

1

K − 1

K∑

B=1
B ̸=A

Y
(B)
π,i ,

where K = 10 is the number of scorers.
The absolute error and squared error of scorer A relative to

the leave-one-out panel reference for recording i were defined as

e
(A)
π,i =

∣∣∣Y (A)
π,i − Ȳ

(−A)
π,i

∣∣∣ ,

and
q
(A)
π,i =

(
Y

(A)
π,i − Ȳ

(−A)
π,i

)2
.

For each scorer A, scorer-specific mean absolute error (MAE)
and root mean squared error (RMSE) were computed across the
N = 50 recordings:

MAE(A)
π =

1

N

N∑

i=1

e
(A)
π,i ,

RMSE(A)
π =

√√√√ 1

N

N∑

i=1

q
(A)
π,i .

For each metric, the averages of scorer-specific MAE and RMSE
values across the 10 scorers are given by

Avg. MAEπ =
1

K

K∑

A=1

MAE(A)
π , Avg. RMSEπ =

1

K

K∑

A=1

RMSE(A)
π .

The reported MAE and RMSE ranges denote the minimum and
maximum scorer-specific mean errors across the 10 scorers.
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7.2.6 Naive constant predictor comparison
As a simple benchmark for the leave-one-out metric-error analysis,
we compared scorer-versus-panel errors with the error of a naive
constant predictor. For each sleep metric π, the naive predictor
outputs a fixed constant value cπ.:

Ŷ naive
π,i = cπ for all recordings i.

These constants were not estimated from the SRMS dataset.
Instead, they were based on global mean baselines from Boulos
et al. [247], representing average sleep architecture in a broader
population. The following constants were used: TST = 394.6
min, N1 duration = 31.2 min, N2 duration = 202.8 min, N1/N2
duration = 234.0 min, N3 duration = 80.5 min, REM duration
= 75.0 min, N1% = 7.9%, N2% = 51.4%, N1/N2% = 59.3%,
N3% = 20.4%, REM% = 19.0%, WASO = 48.2 min, and SE =
85.7%. Boulos et al. did not publish minute-based sleep stage
durations, so these were derived from pooled mean TST and pooled
stage percentages, and the pooled N1/N2 duration and N1/N2%
constants were obtained by summing the corresponding N1 and
N2 averages. No comparison to naive baseline was made for SOL
or ROL.

For scorer A, the absolute error and squared error of the naive
predictor for recording i are defined as

e
(A),naive
π,i =

∣∣∣Y (A)
π,i − cπ

∣∣∣ ,

and
q
(A),naive
π,i =

(
Y

(A)
π,i − cπ

)2
,

where Y
(A)
π,i denotes the value of metric π derived from scorer A’s

hypnogram for recording i.
Naive-predictor mean absolute error (MAE) and root mean

squared error (RMSE) across the full set of scorer-recording pairs
are given by

MAEnaive
π =

1

NK

N∑

i=1

K∑

A=1

e
(A),naive
π,i ,

RMSEnaive
π =

√√√√ 1

NK

N∑

i=1

K∑

A=1

q
(A),naive
π,i ,
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where N = 50 is the number of recordings and K = 10 is the
number of scorers. These naive-predictor errors are reported as a
benchmark for the scale of scorer-versus-panel metric disagreement.

7.2.7 Variance decomposition
To quantify the relative contributions of between-recording differ-
ences, scorer-specific effects, and residual variability, we decom-
posed the variance of each derived sleep metric using a two-way
random-effects variance-components model [244], [245]. For metric
π, recording i, and scorer A, let

Y
(A)
π,i = Ψπ

(
H

(A)
i

)

denote the scorer-derived metric value. We modeled this quantity
as

Y
(A)
π,i = µπ + uπ,i + vπ,A + επ,i,A,

where µπ is the overall mean for metric π, uπ,i is a random effect
for recording i, vπ,A is a random effect for scorer A, and επ,i,A is
a residual term. The corresponding variance components are

uπ,i ∼ (0, σ2
π,rec), vπ,A ∼ (0, σ2

π,scorer), and επ,i,A ∼ (0, σ2
π,res).

For each metric, total variance was defined as

σ2
π,tot = σ2

π,rec + σ2
π,scorer + σ2

π,res.

The percentage of total variance attributable to the recording,
scorer, and residual components are thus:

100× σ2
π,rec

σ2
π,tot

, 100× σ2
π,scorer

σ2
π,tot

, 100× σ2
π,res

σ2
π,tot

.

7.2.8 Consensus construction comparison
When multiple independent scorers are available for the same
recording, there is more than one way to define a consensus refer-
ence for a sleep metric. We therefore considered two conceptually
distinct consensus constructions.

For recording i and sleep metric π, metric averaging computes
the sleep metric separately from each scorer’s hypnogram and then
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averages the resulting values. For K scorers, this gives

Ȳ
(avg)
π,i =

1

K

K∑

A=1

Ψπ

(
H

(A)
i

)
.

Second, the majority-vote hypnogram consensus first constructs
an epoch-by-epoch consensus hypnogram and then derives the sleep
metric from that consensus sequence. Let

p̂i,t(s) =
1

K

K∑

A=1

1
{
H

(A)
i,t = s

}
, s ∈ S,

denote the empirical proportion of scorers assigning sleep stage s
at epoch t in recording i. The majority-vote hypnogram is then
defined as

H
(MV)
i,t = argmax

s∈S
p̂i,t(s).

When two or more sleep stages were tied, ties were resolved deter-
ministically using the predefined sleep-stage-priority order: Wake,
N1, N2, N3, and REM.

The corresponding sleep metric is

Y
(MV)
π,i = Ψπ

(
H

(MV)
i

)
.

These two consensus procedures are not mathematically equiv-
alent, that is, in general

Ȳ
(avg)
π,i ̸= Y

(MV)
π,i .

We quantified their difference by computing the absolute dif-
ference for each recording i and sleep metric π,

∆
(cons)
π,i =

∣∣∣Ȳ (avg)
π,i − Y

(MV)
π,i

∣∣∣ .

These consensus-construction differences were then summarized
across recordings for each derived sleep metric.

7.2.9 Bootstrap confidence intervals
Uncertainty in agreement and reliability estimates was quantified
using a recording-level nonparametric bootstrap. Each bootstrap
sample was constructed by resampling the N = 50 recordings
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with replacement. For each bootstrap sample, the statistic of
interest was recomputed using the same analysis procedure as
in the original sample. Confidence intervals were then obtained
as 95% percentile bootstrap intervals based on 3000 bootstrap
resamples.

7.2.10 Software and implementation
All analyses were implemented in Python 3.11 using custom analy-
sis scripts together with NumPy 2.1.0, pandas 2.2.2, and Matplotlib
3.9.2.

7.3 Results
Figures 7.1 and 7.2 provide a visual summary of the sleep metric
variation in the dataset. In Figure 7.1, the 10 scorer-specific
hypnograms for one representative recording look broadly similar
at first glance: they show the same overall overnight structure,
with comparable timing of major sleep cycles. However, closer
inspection of the hypnograms shows many small difference. These
small differences are not distributed uniformly across sleep stages,
and they accumulate into visible spread in the derived sleep metrics
shown in the panel on the right, particularly for N1, N2, and
N3 duration (minutes), even when the overall hypnogram shape
appears similar.

Figure 7.2 shows that this is not just a feature of one illustrative
recording. Across the 50 recordings, the within-record spread
across scorers is generally narrowest for TST, while NREM sleep-
stage-duration metrics show broader and more variable dispersion
across recordings. In particular, several recordings show wide
scorer-to-scorer spread for N1, N2, and N3, whereas TST is often
much more tightly clustered and the REM spread is intermediate.
Taken together, these figures suggest that inter-scorer variability
arises less from disagreement about the broad overnight structure
of sleep and more from how sleep is partitioned into specific sleep
stages within that structure.

7.3.1 Epoch-by-epoch staging agreement
Table 7.2 shows epoch-by-epoch staging agreement for the whole
dataset. For 5-class sleep staging, Krippendorff’s α was 0.784 (95%
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Table 7.2: Inter-scorer agreement coeffi-
cients for epoch-by-epoch sleep staging.

Measure Krippendorff’s α 95% CI

5-class staging 0.784 [0.763, 0.797]
4-class staging 0.822 [0.808, 0.842]
Wake vs rest 0.911 [0.899, 0.922]
N1 vs rest 0.414 [0.385, 0.428]
N2 vs rest 0.719 [0.699, 0.743]
N3 vs rest 0.755 [0.723, 0.783]
REM vs rest 0.865 [0.857, 0.874]

Krippendorff’s α was computed for epoch-by-
epoch sleep staging using the nominal difference
function.
One-vs-rest rows report agreement for binary nom-
inal staging problems.
Confidence intervals are 95% percentile subject-
level bootstrap intervals.
Abbreviations: CI, confidence interval; N1, stage
N1 sleep; N2, stage N2 sleep; N3, stage N3 sleep;
REM, rapid eye movement sleep.

CI [0.763, 0.797]) . When N1 and N2 were pooled into a 4-class
scheme, agreement increased, with Krippendorff’s α = 0.822 (95%
CI [0.808, 0.842]).

In one-vs-rest analyses, Krippendorff’s α was highest for Wake
vs rest (0.911, 95% CI [0.899, 0.922]) and REM vs rest (0.865,
95% CI [0.857, 0.874]), intermediate for N3 vs rest (0.755, 95% CI
[0.723, 0.783]) and N2 vs rest (0.719, 95% CI [0.699, 0.743]), and
lowest for N1 vs rest (0.414, 95% CI [0.385, 0.428]).

7.3.2 Agreement of derived sleep metrics
Agreement for derived sleep metrics was strongly metric-dependent
(Table 7.3). Metrics that primarily reflected the distinction between
sleep and wake showed the highest reliability. By Krippendorff’s α,
agreement was highest for SOL (α = 0.982, 95% CI [0.916, 0.993]),
WASO (α = 0.927, 95% CI [0.879, 0.952]), SE (α = 0.903, 95%
CI [0.823, 0.934]), and TST (α = 0.845, 95% CI [0.676, 0.898]).
REM-related metrics were also relatively reliable, including REM
duration (minutes; α = 0.777, 95% CI [0.697, 0.825]), REM%
(α = 0.719, 95% CI [0.654, 0.785]), and ROL (minutes; α = 0.739,
95% CI [0.552, 0.838]).

In contrast, metrics describing how total sleep was partitioned
across NREM sleep stages showed lower reliability. The weakest
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agreement was observed for N2% (α = 0.397, 95% CI [0.239,
0.416]) and N1 duration (minutes; α = 0.424, 95% CI [0.361,
0.456]). Reliability was also lower for N1% (α = 0.503, 95%
CI [0.304, 0.571]), N3 duration (minutes; α = 0.522, 95% CI
[0.366, 0.587]), and N3% (α = 0.525, 95% CI [0.419, 0.591]). N2
duration (minutes; α = 0.604, 95% CI [0.470, 0.652]) and the
pooled N1/N2 measures (N1/N2 duration (minutes): α = 0.696,
95% CI [0.652, 0.745]; N1/N2%: α = 0.599, 95% CI [0.374, 0.659])
were intermediate.

The ICC analyses showed the same overall pattern, but from
three complementary reliability perspectives (Table 7.3). ICC(2,1),
which reflects absolute agreement for a single scorer, was highest
for SOL (0.982), WASO (0.928), SE (0.904), and TST (0.848), and
was also relatively high for REM-related metrics such as REM
duration (minutes; 0.781), REM% (0.725), and ROL (minutes;
0.743). By contrast, ICC(2,1) was substantially lower for several
NREM sleep stage metrics, including N1 duration (minutes; 0.442),
N2% (0.419), N1% (0.517), N3 duration (minutes; 0.537), and N3%
(0.540). ICC(2,10), which reflects the reliability of the mean across
all 10 scorers, was uniformly much higher, ranging from 0.878 to
0.998. This indicates that scorer averaging yields a much more
reliable reference than any single scorer alone. ICC(3,1), which
asks whether different scorers rank subjects similarly, even if some
scorers are systematically higher or lower than others, was generally
somewhat higher than ICC(2,1), especially for metrics such as
N1 duration (minutes), N2%, and N3 duration (minutes), but
the overall ranking of metrics remained the same. Thus, the ICC
results reinforce the conclusion that reliability depends strongly
on which sleep metric is being considered, and that multi-scorer
averaging materially improves the stability of the reference value.

7.3.3 Leave-one-scorer-out error
Leave-one-scorer-out error varied by metric (Table 7.4). The last
column reports the corresponding average error of a naive constant
predictor for each metric, where available. For robust metrics
such as TST, REM duration (minutes), REM%, WASO, and SE,
scorer-versus-panel errors were far smaller than the naive baseline.
In contrast, for several weaker sleep-stage-composition metrics,
the separation from the naive baseline was much smaller. Notably,
for N1 duration (minutes), N1%, N2%, N1/N2%, and N3%, the
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naive average error fell within the observed human scorer range,
indicating that scorer-versus-panel disagreement for these metrics
approached the scale of a simple population-mean predictor on
average.

Figure 7.3 shows a generally increasing relationship between
leave-one-out staging disagreement and downstream metric error.
However, the relationship differed between metrics. For TST, SE,
and WASO, scorer-versus-panel errors were usually well below
the naive benchmark. For N1-, N2-, and N3-related composition
metrics, especially N1 duration (minutes), N1%, N2 duration
(minutes), N2%, N3 duration (minutes), and N3%, this was less
consistently the case, and many points approached or exceeded
the naive line at higher disagreement levels. SOL and especially
ROL were mostly near zero but showed occasional large outliers.

7.3.4 Variance decomposition
Variance decomposition showed that the more robust metrics (TST,
SE, SOL, ROL, and WASO) were dominated by between-recording
variance, whereas weaker metrics (NREM duration (minutes) and
percentages) showed larger scorer and residual components, with
REM duration (minutes) and percentage showing intermediate
between-recording variance (Table 7.5). These results indicate
that disagreement is concentrated less in sleep–wake continuity
measures, and more in how sleep is partitioned across NREM sleep
stages.

7.3.5 Consensus construction comparison
We examined whether different approaches to consensus construc-
tion yielded the same sleep metric values. For each recording,
we compared two possible reference definitions: (1) averaging the
metric values computed separately from each scorer’s hypnogram
and (2) deriving the metric from an epoch-by-epoch majority-
vote hypnogram. In Figures 7.1 and 7.2, these two consensus
constructions are shown directly on the metric plots: the metric-
averaged consensus is shown by the black horizontal line, and the
majority-vote-derived consensus is shown by the white triangle.

These two procedures did not, in general, produce the same
result. In the example recording shown in Figure 7.1, metric
averaging differed from majority-vote-derived values by −0.50
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minutes for TST, −13.65 minutes for N1/N2, +0.85 minutes for
N3, and +12.30 minutes for REM, where negative values indicate
lower values under metric averaging.

Across all 50 recordings (Table 7.6), the absolute difference
between the metric-averaged consensus and the majority-vote-
derived consensus was 5.6 ± 7.3 minutes for TST, 6.2 ± 4.1 minutes
for N1 duration, 10.2 ± 9.5 minutes for N2 duration, 7.5 ± 7.1
minutes for N1/N2 duration, 7.0 ± 5.8 minutes for N3 duration,
and 3.0 ± 3.3 minutes for REM duration. For wake-vs-sleep
metrics, the corresponding differences were 3.4 ± 6.0 minutes for
SOL, 10.4 ± 24.1 minutes for ROL, and 4.6 ± 6.2 minutes for
WASO (mean ± SD).

These results show that the definition of consensus can have an
effect on the sleep metrics, most noticeably N2 duration (minutes)
and ROL.
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Figure 7.1: Hypnograms and derived sleep architecture metrics for
a single subject-night scored independently by 10 expert scorers.
Rows show individual scorers’ hypnograms (left) and the correspond-
ing derived sleep metrics (right). The empirical epoch-by-epoch
sleep stage distribution across scorers is shown as an aggregated
probability plot below the scorer hypnograms, and the majority-vote
hypnogram is shown at the bottom. Distributions of scorer-derived
sleep metrics are shown alongside the metric values derived from
the majority-vote hypnogram (triangle) and the mean of the scorer-
derived values (black vertical line), in minutes. Abbreviations: TST,
total sleep time; N1, stage N1 sleep; N2, stage N2 sleep; N3, stage
N3 sleep; REM, rapid eye movement sleep.
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Figure 7.2: Distribution of scorer-derived sleep architecture metrics
across all 50 recordings in the Sleep Revolution Multicenter Scoring
dataset. Each cell shows a histogram of scorer-derived values for
one metric in one recording. Columns correspond to TST, N1/N2
duration (minutes), N3 duration (minutes), and REM duration
(minutes). The black vertical line marks the value derived from the
majority-vote hypnogram, and the white triangle with black border
marks the mean of the scorer-derived metric values. Abbreviations:
TST, total sleep time; N1/N2, pooled stage N1 and stage N2 sleep;
N3, stage N3 sleep; REM, rapid eye movement sleep.
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Figure 7.3: Relationship between leave-one-out epoch-by-epoch
staging disagreement and downstream error in derived sleep archi-
tecture metrics. Each point represents one scorer–recording pair.
The x-axis shows leave-one-out staging disagreement, and the y-axis
shows the absolute difference between the scorer-derived metric
and the corresponding leave-one-out (LOO) panel mean for the
displayed metric. Colors identify scorers. Dashed horizontal lines
denote the average absolute error of a naive constant predictor
for metrics where such a benchmark was available. Abbreviations:
LOO, leave-one-out; diff., difference; TST, total sleep time; SE,
sleep efficiency; SOL, sleep onset latency; WASO, wake after sleep
onset; N1, stage N1 sleep; N2, stage N2 sleep; N3, stage N3 sleep;
REM, rapid eye movement.
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Table 7.5: Variance decomposition of derived sleep metrics across record-
ings and scorers.

Variance component (%)

Metric Recording Scorer Residual

TST 84.8 2.5 12.6
N1 duration (minutes) 44.2 24.4 31.4
N2 duration (minutes) 61.5 17.3 21.2
N1/N2 duration (minutes) 70.2 7.2 22.7
N3 duration (minutes) 53.7 22.5 23.8
REM duration (minutes) 78.1 4.5 17.4
N1% 51.7 20.0 28.3
N2% 41.9 29.6 28.5
N1/N2% 60.9 13.2 26.0
N3% 54.0 22.7 23.3
REM% 72.5 8.5 19.0
SOL (minutes) 98.2 0.1 1.7
ROL (minutes) 74.3 1.3 24.4
WASO (minutes) 92.8 0.9 6.2
SE (%) 90.4 1.6 8.0

Variance was decomposed into recording, scorer, and residual compo-
nents using the two-way random-effects variance-components model
described in the Methods.
Percentages are proportions of total variance.
Abbreviations: TST, total sleep time; N1, stage N1 sleep; N2, stage
N2 sleep; N3, stage N3 sleep; REM, rapid eye movement; SOL, sleep
onset latency; ROL, rapid eye movement onset latency; WASO, wake
after sleep onset; SE, sleep efficiency.
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Table 7.6: Differences between two consensus constructions for
hypnogram-derived sleep architecture metrics in the Sleep Revolution
Multicenter Scoring dataset.

Metric Mean absolute difference ± SD (min)

Total sleep time 5.6± 7.3

N1 duration 6.2± 4.1

N2 duration 10.2± 9.5

N1/N2 duration 7.6± 7.1

N3 duration 7.0± 5.8

REM duration 3.0± 3.3

Sleep onset latency 3.4± 6.0

REM onset latency 10.4± 24.1

Wake after sleep onset 4.6± 6.2

The table compares two consensus constructions: (1) averaging metric
values computed separately from each scorer’s hypnogram and (2) de-
riving metric values from an epoch-by-epoch majority-vote hypnogram.
Values are reported as mean absolute difference ± standard deviation,
in minutes.
Abbreviations: SD, standard deviation; N1, stage N1 sleep; N2, stage
N2 sleep; N3, stage N3 sleep; REM, rapid eye movement.
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7.4 Discussion
Epoch-by-epoch staging agreement was high overall and improved
further when N1 and N2 were pooled, with the strongest one-
vs-rest agreement for Wake and REM and the weakest for N1.
At the level of derived sleep metrics, reliability varied markedly
by metric: SOL, WASO, SE, TST, and REM-related measures
showed the strongest agreement, whereas metrics describing the
partitioning of sleep across NREM sleep stages, especially N1-, N2-,
and N3-related measures, were clearly less reliable. These results
show that strong agreement at the epoch-by-epoch level does not
translate uniformly into strong agreement for downstream sleep ar-
chitecture metrics. A clear theme running through the results was
that hypnogram-derived sleep metrics did not behave as a single
class, but instead fell into three broad groups. The first comprised
wake–sleep metrics (SOL, WASO, SE, and TST), the second com-
prised REM-related metrics (REM duration, REM%, and ROL),
and the third comprised NREM sleep-stage-composition metrics
(N1, N2, N1/N2, and N3 duration and percentage measures). The
distinction between these three groups of sleep metrics recurred
across the reliability coefficients, scorer-versus-panel errors, and
variance components. This pattern was reinforced by the leave-
one-out analyses and variance decomposition. Scorer-versus-panel
errors were smallest for SE, REM%, and SOL, but were much larger
for duration-based NREM metrics such as N2, N1/N2, and N3
duration (minutes). For several sleep-stage-composition metrics,
scorer disagreement approached the scale of a naive constant pre-
dictor, and variance decomposition showed larger scorer-dependent
and residual components for these measures than for more robust
metrics. Finally, different consensus constructions did not generally
yield the same metric values, with especially notable differences
for N2 duration (minutes) and ROL.

Our first research question asked how variable commonly used
sleep architecture metrics are across expert scorers. The answer
was clearly metric-specific. Using the conventional ICC interpre-
tation of < 0.50 poor, 0.50–0.75 moderate, 0.75–0.90 good, and
> 0.90 excellent [246], single-scorer absolute-agreement reliability
(ICC(2,1)) was excellent for SOL (0.982), WASO (0.928), and SE
(0.904); good for TST (0.848) and REM duration (minutes; 0.781);
moderate for ROL (0.743), REM% (0.725), N1/N2 duration (min-
utes; 0.702), N2 duration (minutes; 0.604), N1/N2% (0.608), N3
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duration (minutes; 0.537), N3% (0.540), and N1% (0.517); and
poor for N1 duration (minutes; 0.442) and N2% (0.419).

By Krippendorff’s α, where values below 0.67 are commonly
treated as not adequate to support a conclusion and values between
0.67 and 0.80 as supporting only tentative conclusions [242], [248],
only SOL (0.982), WASO (0.927), SE (0.903), and TST (0.845)
were clearly above 0.80. REM duration (minutes; 0.777), REM%
(0.719), ROL (0.739), and N1/N2 duration (minutes; 0.696) fell
into the tentative range. All remaining sleep-stage-partition met-
rics were below 0.67, including N1 duration (minutes; 0.424), N2
duration (minutes; 0.604), N3 duration (minutes; 0.522), N1%
(0.503), N2% (0.397), N1/N2% (0.599), and N3% (0.525).

Thus, the most dependable derived metrics were the sleep–wake
continuity measures and TST, with REM duration (minutes) also
performing relatively well. By contrast, the weakest metrics were
those describing how total sleep was partitioned across NREM
sleep stages, especially N1 and N2. N3 was not among the very
weakest metrics by ICC(2,1), but neither N3 duration (minutes)
nor N3% reached the usual Krippendorff threshold for dependable
conclusions. Notably, when the 10 scorers were averaged, ICC(2,10)
rose to the good-to-excellent range for all metrics, showing that
multi-scorer averaging yields a much more reliable reference than
any single scorer alone.

Perhaps the clearest sign of poor inter-scorer reliability is that,
for several of the weaker metrics, some individual scorers were, on
average, no better than a naive constant predictor. This was the
case for all NREM duration (minutes) and NREM% metrics, as
well as the pooled N1/N2% metric, in which the naive benchmark
fell within the observed human scorer range.

Our second research question concerned how disagreement in
epoch-by-epoch staging relates to disagreement in derived sleep
metrics. At the epoch level, agreement was fairly good overall:
5-class and pooled 4-class staging both showed reasonably strong
agreement, Wake and REM were especially robust, N1 was the
weakest sleep stage, and N3 agreement was intermediate. However,
agreement at the label level and agreement at the metric level are
not the same thing.

The key conceptual point is that sleep metrics are aggregated
quantities. Small disagreements in sleep stage allocation can ac-
cumulate across a night into materially different summary values,
especially when those disagreements affect transitions between
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adjacent NREM sleep stages or the boundaries of sleep stage seg-
ments. This helps explain why hypnograms that appear broadly
similar on visual inspection can nonetheless yield noticeably differ-
ent sleep metrics. In that sense, visually similar staging solutions
do not necessarily imply equivalent downstream interpretations.

The practical implication is that downstream clinical or re-
search interpretation should focus on the stability of the metric
itself, not only on staging agreement. Epoch-by-epoch agreement
remains important, but it is not a sufficient proxy for the depend-
ability of every hypnogram-derived metric.

For most of the stronger metrics, variance was driven more
by between-recording differences than by who did the scoring.
Variance decomposition then suggested an important difference
between the REM- and NREM-related metrics. For REM duration
(minutes), REM% and ROL, scorer-specific variance was relatively
small, and the remaining non-recording variability was driven
more by residual variance. By contrast, several NREM sleep-stage-
composition metrics showed substantial scorer-specific variance in
addition to sizable residual variance, indicating greater dependence
on who performed the scoring. One way to explain this difference
is that disagreement in the REM-related metrics may be driven
more by data ambiguity, whereas disagreement in the NREM
metrics may reflect differences among scorers in how they applied
the scoring rules.

N3 sleep is often treated as a particularly important component
of sleep architecture and differences in N3 composition are fre-
quently interpreted as biologically or clinically informative. In the
data, however, both N3 duration (minutes) and N3% showed only
moderate reliability, substantial scorer-dependent variance, and
sizeable scorer-versus-panel errors. For both N3 duration (min-
utes) and N3%, the naive constant predictor’s average error fell
within the observed range of mean human scorer errors. Numerous
studies have linked N3 sleep to health-related outcomes, including
metabolic health, cardiovascular outcomes, and brain aging, often
using N3 metrics derived from single-scorer PSG staging [249]–
[252]. Our findings suggest that future studies using N3 as an
outcome or explanatory variable should not rely on single-scorer
PSG staging.

When multiple independent scorers are available, the choice of
reference construction matters. In our data, averaging the scorer-
derived metric values and deriving the metric from a majority-vote
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hypnogram did not, in general, give the same result. Because these
approaches give different values, the reference construction should
be chosen with the quantity being estimated in mind.

We argue that for sleep metrics, averaging scorer-specific metric
values is the more appropriate reference. It represents expert
opinion directly at the level of the quantity being analyzed, rather
than after reducing the data to a single hypnogram. It also avoids
artifacts introduced by epoch-by-epoch voting and tie-breaking,
which can affect downstream metric values without reflecting the
central tendency of expert opinion at the metric level.

These results have direct implications for how novel alternative
sleep measurement methods, such as automated sleep staging
systems and wearable sleep-monitoring technologies, should be
evaluated. If the intended goal is to estimate sleep architecture,
then evaluation should be performed at the level of the derived
sleep metrics themselves, not only at the level of epoch-by-epoch
agreement. Epoch-by-epoch agreement remains important, but
the present results show that it does not map well onto agreement
in downstream sleep metrics.

Our results also show that any such evaluation should rely
on multiple expert scorers rather than a single human reference.
Several of the sleep metrics examined varied meaningfully across
scorers, suggesting that the reference value for a given recording
is not well represented by a single scorer. Evaluation against a
single scorer, therefore, risks conflating model error with ordinary
expert variability.

When a consensus reference is required, the results further
suggest that it should be constructed by averaging the scorer-
specific metric values, rather than by first forming a majority-vote
hypnogram and then deriving the metric from that hypnogram.
These two procedures did not, in general, yield the same result,
and metric averaging is the more direct way to represent panel
opinion at the level actually being evaluated.

This study has several strengths. It analyzed 10 indepen-
dent scorers evaluating the same 50 full-night PSG recordings
under a shared scoring framework, allowing direct quantification
of inter-scorer variability at the metric level. It also used several
complementary analytical perspectives, including ICCs, Krippen-
dorff’s α, leave-one-scorer-out error, naive benchmark comparison,
and variance decomposition. Together, these provided a more
complete picture of reliability than any single metric alone.
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The study also has important limitations. First, it included
only 50 PSG recordings. Second, it was based on a single dataset
and a single common scoring framework, so the observed reliability
structure may not generalize unchanged to other datasets, scorer
panels, sleep laboratories, or scoring conventions. Because of
this, our results likely overestimate the reliability of sleep metrics
across scorers in typical clinical conditions. Third, the analysis
quantifies inter-scorer variability, not physiological truth, and not
direct clinical validity. A stable metric is not necessarily the most
clinically meaningful one, and an unstable metric is not necessarily
clinically irrelevant. Fourth, no explicit lights-off or lights-on
markers were available, so TIB and, therefore, SE and SOL were
based on the full recording duration rather than on true in-bed
intervals. These limitations do not undermine our main results,
but they do define the scope.

Future work is needed. First, the same analyses should be
replicated in other PSG datasets and scorer panels. Second, it
would be valuable to test whether the same reliability pattern holds
across diagnostic subgroups, since scorer uncertainty may differ by
sleep disorders and subject characteristics. Third, some sleep met-
rics may be better represented as intervals or scorer distributions
rather than single-point targets, particularly when inter-scorer
variability is substantial. Fourth, evaluation frameworks for auto-
mated sleep analysis and wearable sleep trackers should explicitly
account for scorer uncertainty. Fifth, the reliability of N3 sleep
metrics warrant focused investigation, because they are clinically
important yet only moderately dependable in the present data.

Finally, we suggest that automated methods for sleep architec-
ture analysis should treat sleep architecture metrics as estimation
targets rather than by-products of a staged hypnogram.

7.5 Conclusion
In this study, we showed that inter-scorer reliability in sleep archi-
tecture is strongly metric-dependent. Reasonably strong agreement
at the epoch-by-epoch level did not translate uniformly into reli-
able downstream sleep metrics. Sleep-wake continuity measures
such as SOL, WASO, SE, and TST were the most reliable, REM-
related metrics were intermediate, and metrics describing how
sleep is partitioned across NREM sleep stages were substantially
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less reliable. Hypnogram-derived sleep metrics should therefore
not be treated as equally dependable reference quantities.

These findings have practical implications for both sleep re-
search and sleep medicine. If the goal is to estimate sleep architec-
ture, evaluation should be performed at the level of the derived
sleep metrics themselves, not only at the level of epoch-by-epoch
staging agreement. Such evaluation should also rely on multiple
expert scorers rather than a single human reference, because metric
values can vary substantially across scorers. Our results indicate
that when a consensus reference is needed, averaging scorer-specific
metric values is more appropriate than deriving metrics from a
majority-vote hypnogram.





Chapter 8

Rethinking prediction
targets in automated
sleep analysis
From sleep-stage classification to sleep-
metric estimation

Full reference: (Manuscript in preparation.) E. Hardarson
et al., 2026, “From sleep staging to sleep metrics: Rethinking
targets in automated sleep analysis”

8.1 Introduction
Sleep architecture metrics such as total sleep time (TST) and
time spent in different sleep stages are derived from overnight
polysomnography (PSG) and are widely used in clinical sleep
medicine and sleep research. Under current clinical guidelines [8],
sleep metrics are derived from a multi-step workflow as shown
in Figure 8.1. First, PSGs are divided into 30-second segments
(called epochs), and each epoch is manually classified by an expert
scorer into one of five sleep stages (Wake, rapid eye movement
(REM) sleep or non-rapid eye movement sleep stages N1, N2 and
N3), following a set of rules defined by the American Academy
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of Sleep Medicine (AASM) [8]. The resulting sequence of sleep
stage labels, known as the hypnogram, is then used to calculate
summary sleep metrics.

EEG
EOG
EMG

Epochization
30 second
Epochs

Sleep
staging

Staging
model

Hypnodensity

Argmax
decoding

Soft
aggregation

Hypnogram
Sleep
metric

calculation

Sleep
metrics

Sleep metric
model

Figure 8.1: A conceptual overview of the clinical sleep diagnosis
workflow. Biosignal data from polysomnography recordings are
segmented into 30-second epochs. The epochs are annotated by
human experts or automatic staging models to produce a sequence
of sleep stages called a hypnogram. Sleep metrics, such as the
amount of time spent in each sleep stage, are then derived from
the hypnogram. This chapter considers two ways to bypass the
hypnogram. First, when a staging model outputs epoch-by-epoch
sleep stage probabilities (a hypnodensity), sleep metrics can be
computed probabilistically by operating on the hypnodensity (soft
aggregation). Second, sleep metrics can be estimated directly using
a dedicated model. The dotted line indicates the conventional sleep
staging machine learning pipeline, while the dashed lines indicate
the proposed pathways of analysis which bypass the hypnogram.
Abbreviations: EEG, electroencephalography; EOG, electrooculog-
raphy; EMG, electromyography.

This two-step process (scoring of sleep stages, followed by cal-
culation of sleep metrics) has been the standard approach in sleep
analysis since the late 1960s [14]. Manual epoch-by-epoch classifi-
cation of sleep stages is resource-intensive, requiring an estimated
1.5-2.0 hours of work on average per PSG [12]. The process is
also subject to inter- and intra-scorer variability: on average, two
human scorers will agree on the sleep stage of an epoch 80–87%
of the time [12], [194] and a single scorer will repeat the same
staging decision 85–90% of the time during repeated scoring [26].
Numerous automated sleep staging methods have been proposed,
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many of which use machine learning models to classify sleep stages
with accuracy comparable to inter-scorer agreement [26]. However,
existing automated PSG-based sleep staging methods follow the
same two-step process as manual scoring: first classifying sleep
stages and then calculating sleep metrics [253], [254]. Our earlier
work showed that agreement in epoch-by-epoch staging does not
translate uniformly into agreement in downstream sleep metrics,
and that the reliability of hypnogram-derived sleep metrics is
strongly metric-dependent (see Chapters 6 and 7). This makes
the conventional hypnogram pipeline a potentially unstable in-
termediate representation for sleep metric estimation. Figure 8.1
illustrates this target mismatch: conventional automated sleep
analysis maps PSG signals to sleep stage labels and only then to
sleep metrics, even when the final quantities of interest are the
metrics themselves.

One attempt to relax this rigid epoch-hypnogram formulation
in the literature is the hypnodensity approach. First introduced
by Stephansen et al. [255], hypnodensity represents each epoch
not as a single sleep stage but as a probability distribution over
possible sleep stages, thereby conveying more information about
sleep trends. Subsequent work has shown that hypnodensity can
help identify ambiguous epochs with high manual inter-scorer vari-
ability [111] and provide a richer description of sleep architecture
than hypnograms [195], [196]. However, the hypnodensity ap-
proach still treats epoch-by-epoch sleep staging as an intermediate
representation from which sleep metrics are derived.

Prior research has also proposed methods for estimating sleep
metrics directly from PSG without relying on traditional sleep
stage classification, but these have been mostly limited to wearable
sensor data such as actigraphy. For example, Van Hees et al.
[256], [257] directly estimated metrics such as TST and sleep onset
latency from wrist accelerometry. Although these methods are not
PSG-based, they illustrate that sleep metrics can be treated as
primary prediction targets rather than as downstream outputs of
sleep stage classification.

More broadly, related work has proposed alternative physiologi-
cal descriptions of sleep that do not depend entirely on conventional
sleep stage labels [258]–[265].

Despite these developments, most automated PSG systems are
still optimized around the hypnogram, even when the outputs
of interest are the derived sleep metrics. This raises a practical
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question for automated sleep analysis: when the endpoint is a sleep
metric, is the hypnogram a necessary intermediate representation,
or does it introduce avoidable error?

In this chapter, we investigate whether sleep metrics can be es-
timated more robustly from PSG by reducing or bypassing reliance
on the hypnogram representation. To this end, we compare three
approaches with progressively less reliance on the hypnogram: (1)
soft aggregation of hypnodensities produced by existing sleep stag-
ing models, which preserves probabilistic sleep stage information
when deriving sleep metrics; (2) a deep learning model trained to
predict sleep metrics directly from full-night PSG spectrograms,
treating the metrics themselves as the prediction targets; and (3)
a heuristic model that estimates sleep metrics from physiologi-
cally motivated spectral signal characteristics rather than explicit
sleep stage labels. We train and evaluate these approaches on a
large PSG dataset and benchmark them on a separate multicenter
dataset scored independently by ten human experts. Rather than
treating sleep stage classification as the primary endpoint, we
evaluate these approaches in terms of the sleep metrics generated.

8.2 Methods

8.2.1 Datasets
The analysis in this work used two datasets: the Sleep Heart
Health Study dataset (SHHS) and the Sleep Revolution Multicenter
Scoring dataset (SRMS). Both datasets contain PSGs with epoch-
by-epoch manual sleep stage labels. We used SHHS for training
models and in-distribution evaluation and SRMS for quantifying
inter-scorer sleep metric variability and benchmarking models
against human scorers in a leave-one-out consensus reference.

The SHHS data set was collected for a prospective cohort study
designed to investigate obstructive sleep apnea (OSA) as a risk
factor for cardiovascular disease. The participants had a type II
PSG, performed at home after setup by a sleep technologist [157],
[158], [266]. Overall, 6441 participants were recruited. The SHHS
dataset was divided into a training set and a hold-out test set,
with 20% of the subjects retained for final testing. During training,
we employed a K-fold cross-validation procedure on the training
split.

For evaluating the performance of models, we used the SRMS,
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Table 8.1: Cohort characteristics for the datasets used in this study
(SHHS and Sleep Revolution). Abbreviations: SHHS, Sleep Heart
Health Study; BMI, body mass index.

SHHS Sleep Revolution

Total number of subjects 6441 50
Male/female subjects 3035/3406 29/21
Age, years (mean) 63 42.9
BMI, kg/m2 (mean) 28.5 27.3
Total sleep time, minutes (mean) 422 426.3

a dataset designed to assess multicenter sleep stage scoring agree-
ment [17]. This dataset comprises 50 Type II PSG performed
at home after setup by a sleep technologist, recordings collected
from February to June 2021 using Nox A1 devices (Nox Medical,
Reykjavik, Iceland). Each recording was independently scored
by ten experienced scorers from seven independent sleep centers
in accordance with the AASM scoring rules (version 2.6). The
population of the study was stratified into the following groups:
OSA risk group, restless legs syndrome (RLS) risk group, insomnia
risk group, and healthy individuals. The following questionnaires
were used to assess risk: the STOP-BANG questionnaire [267]
for OSA risk, the Insomnia Severity Index [268] for insomnia risk,
and the International Restless Legs Syndrome for RLS [269] risk.
Table 8.1 summarizes cohort demographics.

8.2.2 Hypnogram-based sleep metrics
Under the conventional workflow based on AASM scoring rules,
sleep metrics are computed from PSG signals via the hypnogram.
For a single overnight recording, let

X1:T = (Xt)
T
t=1, Xt ∈ RC ,

denote the multichannel time series (in total C channels, e.g.,
electroencephalography (EEG), electrooculography (EOG), and
electromyography (EMG), sampled at epoch length ∆t, typically
30 seconds. The “lights-off” and “lights-on” times are denoted as
t0 and tend, respectively.

A staging procedure (automatic or human) produces a hypno-
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gram H(A) :=
(
H

(A)
t

)T
t=1
∈ ST from the signals X, and reported

sleep parameters

Ỹ (A)
π = Ψπ

(
H(A)

)
∈ R, π ∈ Π,

where Ψπ is the mapping from hypnogram to sleep metric π, as
defined by the scoring rules, and S = {W,N1,N2,N3,REM} is
the space of discrete sleep states, and with Ssleep = S \ {W}.

In this work, we focus on additive duration metrics (minutes),
which can be expressed by counting epochs assigned to a sleep
stage (or set of sleep stages) and multiplying by ∆t. Total sleep
time (TST) is defined as the total time spent in non-wake epochs,
and sleep stage durations are defined analogously. We have

ΨTST(s1:T ) = ∆t

T∑

t=1

1{st ∈ Ssleep},

ΨDur(s; s1:T ) = ∆t

T∑

t=1

1{st = s}, s ∈ S,

where 1{·} is the indicator function (1 if the condition holds, 0 oth-
erwise). When reporting combined light sleep (N1 and N2), we use
the pooled duration ΨN1/N2(s1:T ) = ∆t

∑T
t=1 1{st ∈ {N1,N2}}.

The sleep metrics we evaluate are TST, pooled light sleep duration
(N1/N2), N3 duration, and REM duration.

Because hypnogram-derived sleep metrics vary across expert
scorers, a single scorer-derived value cannot be treated as a defini-
tive ground truth. When multiple scorers are available, the closest
observable proxy is therefore a consensus reference. In this work,
we define that reference at the sleep-metric level by averaging the
metric values derived independently by each scorer, rather than
by deriving sleep metrics from a majority-vote hypnogram, since
these two constructions are not equivalent. When comparing an
individual scorer to the consensus, we use a leave-one-out (LOO)
reference in which that scorer is excluded from the consensus cal-
culation. Thus, for each scorer-versus-consensus comparison on
SRMS, the reference value is the mean of the corresponding sleep
metric across the other nine scorers. The same LOO metric-mean
consensus was used as the reference for model-versus-consensus
comparisons on SRMS.
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8.2.3 Estimation families
Sleep metric estimators can be grouped according to the interme-
diate representation they use between the observed PSG signals
X and the final sleep metric estimate. In this work, we consider
three families: (1) estimation via a discrete hypnogram, (2) es-
timation via hypnodensity, and (3) direct estimation from the
PSG signals. This organization distinguishes conventional staging-
based pipelines from approaches that preserve epoch-by-epoch
uncertainty and from approaches that bypass staging altogether.

(1) Estimation via hypnogram Xt (→ qt) → Ht → Y In the
conventional workflow, an estimator produces a discrete hypno-
gram Ĥ1:T ∈ ST (at 30 s epochs). This may be obtained directly, or
via intermediate epoch-by-epoch posteriors qt(s) = P (St = s | X).
These posteriors, termed hypnodensity, are a probabilistic hypno-
gram. In the conventional workflow, sleep metrics are computed
by applying Ψπ

(
·
)

to the estimated hypnogram.

Ĥ1:T ∈ arg max
s1:T∈HT

P(H1:T = s1:T | X), Ŷ (1) = Ψ
(
Ĥ1:T

)
.

(2) Estimation via hypnodensity Xt → qt → Y In this family
of sleep metric estimation, the estimator maps the hypnodensity,
q̂t directly to parameters:

Ŷ (2) = Ψ
(
q1:T

)
.

For additive metrics, Ψπ depends only on epoch-by-epoch marginals,
so Ψπ(q̂1:T ) is found by computing the conditional expectation
of the additive function: If U(S) =

∑T
t=1 ut(St), then E[U(S) |

X] =
∑T

t=1

∑
s∈S ut(s) q̂t(s). For path-dependent metrics, such as

sleep onset latency and other run-lengths, Ψπ is not determined by
marginals alone. In that case, one can determine Ψπ by incorporat-
ing transition information q̂t,t+1(s, s

′). Alternatively, both additive
and path-dependent metrics can be approximated by sampling
hypnogram paths S

(b)
1:T ∼ P (S |X) and averaging Ψ(S(b)).

(3) Direct estimation Xt → Y The third family of estimation
methods estimates sleep metrics end-to-end. An estimator, fθ
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maps the full-night signals (or a representation of them such as a
spectrogram) directly to a vector of sleep estimates Ŷ ∈ Rm

Ŷ (3) = fθ(X),

trained by empirical risk minimization using an absolute-error
or squared-error loss. Note that this does not require that fθ,π
approximates Ψπ, since it directly learns the mapping from signals
to sleep metric.

8.2.4 Sleep staging models
We deployed five open source PSG sleep staging models on SHHS,
all of which output hypnodensities as well as hypnograms from
which sleep metrics can be calculated (estimation family 1). These
are YASA, SleepLinear, SleepTransformer, and aSAGA. The mod-
els were trained to predict five sleep stage classes: Wake, N1, N2,
N3, and REM, for 30-second epochs as per AASM recommenda-
tions. We trained and evaluated on in-distribution data from SHHS
and used SRMS to benchmark models against human scorers, us-
ing a LOO human-consensus reference. In our implementation of
the models and during training, we followed the description of the
original methods [108], [110], [201], [270], [271]

All datasets were homogenized to match current AASM rules
by merging Rechtschaffen & Kales sleep stage 4 into N3 in SHHS
[8], [14]. Recordings were trimmed to within 30 minutes of the
sleep period across all datasets, removing any reliance on lights-off
and lights-on metadata. The models primarily use EEG signals
(as well as EOG and EMG for some models). The available EEG
derivations vary across datasets. In SHHS they are C3-A2 and
C4-A1 and in SRMS F4-M1, F3-M2, C4-M1, C3-M2, O1-M2 and
O2-M1.

The SleepLinear model [270] uses gradient-boosted decision
trees (XGBoost), trained on engineered features rather than signal
time series. The model uses EEG, EOG and EMG signals. Signals
are resampled to 100 Hz and passed through a Chebyshev high-
pass filter. Features are computed using time-domain statistic (e.g.
interquartile range; IQR, skewness, kurtosis, Hjorth mobility/-
complexity, Higuchi/Petrosian fractal dimension, and permutation
enthropy) and frequency-domain bandpowers (sub-delta, delta,
theta, alpha, sigma and beta) computed over multiple window
sizes (30, 60 and 90 seconds), as well as ratios such as α/θ and δ/β.
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In the SRMS dataset, where multiple EEG derivations are avail-
able, features were computed iteratively across all available EEG
traces during training and evaluation. Training uses the standard
multiclass XGBoost objective with standard tree regularization
parameters, early stopping enabled, and cross-validation-based
model selection.

TinySleep [271] is a deep learning model that uses a single EEG
channel. It consists of a one-dimensional convolutional neural
network (1D CNN) feature extractor followed by a long short-
term memory network (LSTM) and a 5-class softmax classifier.
Signals are resampled to 100 Hz and high-pass filtered using a
Chebyshev filter. TinySleep is trained with sparse softmax cross-
entropy, Adam optimization with gradient clipping, and dropout
and L2 weight decay regularization. Model selection is done with
periodic evaluation on a validation set and early stopping based
on a combined criterion of accuracy and macro-F1.

SleepTransformer [108] is a hierarchical transformer model
that operates on time-frequency representations at two levels,
within-epoch spectrograms and across-epoch temporal structure.
SleepTransformer uses EEG, EOG and EMG signals. Signals
were resampled to 100 Hz and high-filtered using a Chebyshev
filter. The EEG and EOG signals are bandpass filtered (0.3-40
Hz) and the EMG signal is high-pass filtered with a higher, 10 Hz
cutoff. Each epoch is converted into a short-time Fourier transform
(STFT) spectrogram using a fixed analysis window length L, hop
size H, and fast Fourier transform (FFT) length nFFT, producing
a consistent time–frequency tensor with nFFT/2 + 1 frequency
bins (resolution ∆f = fs/nFFT) per epoch. Invalid epochs are
rejected if the spectrograms contain non-finite values. Training
uses softmax cross-entropy averaged over sequence length with
Adam optimization, dropout in the attention and dense blocks,
and L2 regularization, with early stopping based on a validation
set.

aSAGA [110] implements a U-Time fully convolutional encoder-
decoder architecture for time series segmentations, with atrous
spatial pyramid pooling to capture multi-scale temporal context.
It uses the EEG signals, resampling to 64 Hz and filtering with the
same Chebyshev highpass filter as the other models. The signals
are normalized using (x−median)/IQR standardization. Training
uses sparse categorical cross-entropy with Adam optimization and
model selection is done with early stopping based on accuracy on
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a validation set.
YASA [201] is an open source sleep staging pipeline which

includes a gradient-boosted tree classifier (LightGBM) trained on
engineered features from EEG, EOG and EMG signals. We used
the included yasa.SleepStaging().get_features() method to
compute the 149 features used and trained the LightGBM model
for 400 boosting rounds with a learning rate of 0.05 and 63 leaves,
in accordance with the YASA documentation.

8.2.5 Soft aggregation of hypnodensity
In the second sleep metric estimation family, estimation via hypn-
odensity, sleep metrics are computed from a staging model’s epoch-
by-epoch probabilities (hypnodensity), rather than a hypnogram.
Hard aggregation of the hypnodensity collapses the probabilities
to a hypnogram and computes sleep metrics as a point estimate.
Soft aggregation instead treats the sleep stage at each epoch as a
categorical random variable with probabilities q̂t and propagates
this epoch-by-epoch uncertainty through the sleep metric mapping
Ψπ, giving the sleep metric as a probability distribution. Soft
aggregation thus provides a sleep metric uncertainty distribution
of Yπ|X, which is not available under hard aggregation.

For additive sleep metrics (which are the focus of this chap-
ter), it is in principle possible to compute the full distribution
of Yπ|X analytically. The total epoch count

∑
t uπ(St) follows

a Poisson-binomial distribution (assuming epoch-independence),
whose probability mass function can be obtained exactly via prob-
ability generating functions, with GT (z) =

∏N
i=1((1− pi) + piz),

where pt is the epoch-by-epoch probability of belonging to the
sleep stage or set of sleep stages in question [272].

In our implementation, however, we estimate the sleep-metric
distribution using stochastic sampling from the hypnodensity
(Figure 8.2). This approach has the advantage of being ap-
plicable to path-dependent sleep metrics, as well as additive
ones. Here, we generate B = 10, 000 sampled hypnograms by
drawing S

(b)
t ∼ Categorical(q̂t) independently across all epochs t,

and then computing the sleep metric on each sampled sequence,
Y

(b)
π = Ψπ(S

(b)
1:T ). This gives us an empirical approximation to

P (Yπ|X) represented as a normalized histogram over the B sam-
ples.
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Hypnodensity

argmax

Stochastic
sampling

Hard
aggregation
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aggregation

Sampled hypnograms

∏N
i=1((1− pi) + piz)

PGF

Hypnogram

115 min

Sleep metric
point estimate
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Sleep metric
distribution

Figure 8.2: Soft and hard aggregation of hypnodensity for sleep
metric estimation. A sleep staging model outputs a hypnodensity
(epoch-by-epoch sleep stage probabilities). Hard aggregation first
collapses this output to a hypnogram by argmax decoding and then
computes a single point estimate of a sleep metric (e.g. total minutes
in N3 sleep). In contrast, soft aggregation treats each epoch as a
categorical random variable, with the probability of each sleep stage
pi, and propagates this uncertainty to the sleep metric level, yielding
a distribution over the sleep metric. The metric distribution can
be approximated by stochastic sampling of hypnograms from the
hypnodensity or computed using probability generating functions
(PGFs).

8.2.6 Direct estimation models
Heuristic signal intensity model

The heuristic signal intensity (HSI) model is a low-capacity, physio-
logically motivated estimator that maps a small set of handcrafted
signal-intensity traces to sleep stage probability curves over time.
Rather than learning an end-to-end mapping from raw PSG to
epoch labels, HSI (1) extracts interpretable EEG/EOG/EMG
traces, (2) maps these traces to sleep-stage-related probabilities
using spline-based logistic models, and (3) estimates sleep metrics
by integrating the resulting probability curves and applying a final
linear calibration, as shown in Figure 8.3. Although we compute
probabilities on 30 s windows for comparability with conventional
staging, this discretization is an implementation choice. Since HSI
outputs probability traces that can be integrated at any resolution,
it is an example of an estimator in estimation family 3 (direct
estimation of sleep metrics).
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Figure 8.3: Heuristic signal intensity (HSI) model overview. From
the raw input data (shown here in spectrogram representation), HSI
extracts a small set of physiologically motivated signal intensity
traces, by integrating the power within selected frequency bands
(highlighted in pink). During training, the reference hypnogram
(top) is used to fit calibration curves (right) that map trace values
to sleep stage probabilities. At inference, the calibrated probabil-
ities are combined to produce a sleep stage probability (bottom),
shown here for N3 sleep stage. Other abbreviations: EEG, electroen-
cephalography; EOG, electrooculography; EMG, electromyography;
REM, rapid eye movement; W, Wake.

HSI uses three modalities: a single EEG channel, a single
EOG channel, and a single EMG channel. Signals are loaded
at their native sampling frequencies (no resampling). Trimming
is optional; when enabled, recordings are trimmed to within 30
minutes of the sleep period (first non-wake epoch to last non-wake
epoch, expanded by ±30 minutes), consistent with the trimming
used for the staging models. The signals are segmented into non-
overlapping windows of length ∆t = 30s. Prior to trace extraction,
EEG and EOG are bandpass filtered using a 4th-order Butterworth
filter (EEG: 0.3-35 Hz, EOG: 0.3-15 Hz). EMG is left unfiltered.

For each window t, EEG and EOG power spectral density (PSD)
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estimates are computed using Welch’s method (4 s Hann windows,
50% overlap; nperseg = 4fs, noverlap = 2fs; one-sided spectrum
for real input), after mean-centering the window (xt ← xt − xt).
Spectra are restricted to 0.5 ≤ f < 30Hz by selecting frequency
bins (no interpolation). Band power for [f1, f2) is obtained by
numerically integrating the PSD over that band, and relative band
power is formed by dividing by broadband power Bt([0.5, 30)) with
stabilization constant ε = 10−12:

Rt([f1, f2)) =
Bt([f1, f2))

Bt([0.5, 30)) + ε
.

For each window t, we compute a trace vector ϕt ∈ R7 with
components ϕt,1, . . . , ϕt,7:

• Delta-wave trace (ϕt,1):

ϕt,1 = R
(EEG)
t ([0.5, 4)).

• Theta low-amplitude mixed-frequency (LAMF) trace (ϕt,2):

ϕt,2 = R
(EEG)
t ([4, 8)).

• EOG-theta trace (ϕt,3):

ϕt,3 = R
(EOG)
t ([4, 8)).

• EEG spectral-slope trace (ϕt,4):

ϕt,4 = slope
(
log10(f), log10

(
Ŝ
(EEG)
t (f)

))
,

2 ≤ f < 30 Hz.

• EMG trace (ϕt,5):

ϕt,5 =

√√√√ 1

N

N∑

n=1

(
x
(EMG)
t [n]

)2
.

• Broadband-energy trace (ϕt,6):

ϕt,6 = log10

(
1012B

(EEG)
t ([0.5, 30)) + ε

)
.
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• High/medium-frequency ratio trace (ϕt,7):

ϕt,7 = log

(
B

(EEG)
t ([25, 30))

B
(EEG)
t ([10, 15)) + ε

)
.

where log(·) is the natural logarithm and log10(·) is base-10.
EMG is not mean-centered prior to root mean square (RMS)
calculation, so direct-current (DC) offsets contribute to ϕt,5. Ar-
tifact masking is derived from the broadband-energy trace ϕt,6

using robust per-night statistics. Let µ̃ be the per-night median
of ϕt,6 and let MAD be the median absolute deviation; define
σ̃ = 1.4826 ·MAD (the usual MAD-to-standard deviation (SD)
normal-consistency constant). A window is flagged as noisy with
a noise mask mnoise

t ∈ {0, 1} if

mnoise
t = 1

{
|ϕt,6 − µ̃| > 3σ̃

}
.

In addition, a sustained-wake prior is computed from the ratio trace
ϕt,7 by applying a median filter (width 5 windows), thresholding
using Otsu’s method, and enforcing temporal persistence via binary
opening with a structuring element corresponding to 60 minutes.
For windows flagged by either mask, sleep stage probabilities are
overridden to Pr(Wake) = 1 and Pr(·) = 0 for all sleep states.

To reduce between-subject and between-device variability, con-
tinuous traces were standardized within each recording using robust
statistics computed on clean windows only (excluding windows
where mnoise

t = 1). For each trace dimension d, let mediand be
the median and IQRd = q0.75 − q0.25. We define a robust scale
estimate

σ̂d = max(IQRd/1.349, 1),

where 1.349 is the normal-consistency constant that converts in-
terquartile range to a standard-deviation equivalent under a Gaus-
sian assumption, and compute standardized, clipped traces

zt,d = clip

(
ϕt,d −medd

σ̂d
, −5, 5

)
.

The resulting transformation is applied to all windows (clean and
masked), after which masked windows are overridden to Wake by
the prior.
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HSI maps standardized traces to sleep stage probability curves
using separate ridge-regularized spline-logit models for three states:
Wake, Deep (N3), and REM. Light sleep (N1/N2 pooled) is not
modeled directly and is defined as residual probability mass.

Each standardized feature zt,d is expanded using a cubic B-
spline basis with internal knots {−2,−1, 0, 1, 2} and boundaries
[−5, 5]. For state s ∈ {wake,deep,REM},

p
(s)
t = σ(η

(s)
t ), η

(s)
t =

∑

d∈Ds

∑

k

β
(s)
d,k bk(zt,d) + β

(s)
0 ,

where σ(η) = 1
1+e−η , bk(·) are spline basis functions, β

(s)
d,k are

their weights, and β
(s)
0 is an intercept. Feature sets are: Wake

uses {ϕt,7, ϕt,6}; Deep uses {ϕt,1, ϕt,4}; REM uses {ϕt,2, ϕt,3, ϕt,5}.
Coefficients are fit by minimizing penalized negative log-likelihood
with λ = 10−2, applying L2 penalties to spline coefficients only
(intercepts unpenalized), using limited-memory Broyden–Fletcher–
Goldfarb–Shanno with bounds (L-BFGS-B) optimization.

Modeled probabilities are scaled by global multipliers as (“stage
scales”) which are defined as

p̃
(s)
t = as p

(s)
t , s ∈ {wake,deep,REM}.

If
∑

s p̃
(s)
t > 1, values are normalized proportionally. The remain-

ing mass is assigned to Light sleep,

qt,light = 1−
(
qt,wake + qt,deep + qt,REM

)
,

yielding four probability curves qt,π that sum to one within each
window. Windows flagged by the artifact/wake priors override
qt,wake = 1 and all others 0.

Sleep metrics are obtained by integrating each probability curve
over time to compute raw minutes per state,

Ŷπ =
∆t

60

∑

t

qt,π,

and then applying a final linear calibration fit by ordinary least
squares on a held-out SHHS validation set:

Ŷ cal
π = aπ + bπ Ŷπ, Ŷ cal

π ← max(0, Ŷ cal
π ).
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Table 8.2: Approximate learnable parameter counts for the models
used. Abbreviations: HSI, heuristic signal intensity; ViT, Vision
Transformer.

Model Name Number of Parameters
TinySleepNet ∼ 3.0× 105

SleepTransformer ∼ 2.2× 107

SleepLinear ∼ 1.0× 105

ViT 8.6× 107

aSAGA ∼ 1.5× 106

YASA ∼ 1.0× 105

HSI 67

Optionally, the same probability curves can be assembled into a
per-window distribution over states (a hypnodensity-like represen-
tation) and converted to a discrete hypnogram (e.g., by argmax)
for visualization or compatibility with epoch-by-epoch analyses.

Table 8.2 highlights the large spread in model capacity across
the compared methods. In particular, HSI has only 67 learnable
parameters, several orders of magnitude fewer than the other
models, which range from approximately 105 to 107 parameters.

Vision Transformer model

We implemented a high-capacity direct sleep estimation model
(estimator family 3), based on a Vision Transformer (ViT) archi-
tecture [273]. The model was trained to predict sleep metrics from
images of EEG and EOG spectrograms, without any epoch-by-
epoch staging. The ViT splits the input images into fixed-size
patches, embeds each patch as a token, adds positional encodings,
and processes the token sequence using stacked Transformer en-
coder layers with multi-head self-attention and feed-forward blocks
as shown in Figure 8.4 [273].

The model training is enhanced using the masked autoencoders
method [274]. It introduces random masked patches of the input
spectrogram, then the ViT is applied to encode the information,
followed by a decoder that is attached only during training. The
decoder task is to recompose the input, helping the encoder to learn
from spectrogram spatial dependencies. By randomly sampling
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0 1 2 · · · N

Linear Projection of Flattened Patches

* 0 1 2 · · · N

Transformer Encoder

MLP
Head

Reconstruction
Head

Sleep metrics
TST
N3
N1/N2
. . .

Figure 8.4: Vision Transformer (ViT) architecture used for direct es-
timation of sleep metrics from two EEG and one EOG spectrogram
inputs, padded to 12 hours. The input spectrograms are partitioned
into N fixed size patches, which are flattened and mapped to token
embeddings via a linear projection. A learnable class token and
positional embeddings are added and the resulting token sequence
is passed to an MLP regression head to predict normalized sleep
metrics, while a reconstruction head is used for self-supervised pre-
training by reconstructing the spectrogram. This figure is adopted
from [273]. Other abbreviations: EEG, electroencephalography;
EOG, electrooculography; MLP, multilayer perceptron; TST, total
sleep time; N1/N2, sleep stages N1 and N2; N3, sleep stage N3.

masks during the training, this method enforces a self-supervised
training, augmenting the number of examples processed by the
ViT encoder.

EEG and EOG signals are read from European Data Format
(EDF) using the MNE Python library [204] and converted into time-
frequency representations using code based on the spectrogram
functionality in the YASA library. Spectrograms were computed
using a multitaper spectrogram with 30 s windows, no overlap and
frequencies restricted to 0.5-25 Hz, log-scaled to decibels (dB) and
normalized per recording. Each spectrogram was zero-padded to
a duration of 12 hours. During training, the placement of padding
before and after the signal was randomized. The spectrograms
are then resized to 224x224 pixels via interpolation. Non-finite
values were removed and min-max normalization was applied to
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each spectrogram to map all values to the range [0, 1].
The ViT model was initialized with weights from ImageNet-21k

pretraining. The pooled output 768 dimensional embedding is
passed to a three-layer fully connected regression head, with pro-
gressively reduced dimensionality and rectified linear unit (ReLU)
activation functions, to output sleep metric predictions. The model
also has an optional reconstruction head used for self-supervised
pretraining similar to a masked autoencoder. Here, the model
learns to reconstruct masked input patches.

Sleep metrics were computed from the manually annotated
sleep stages in the training data and normalized prior to training
using standard scaling. The model was trained by minimizing
mean squared error between the predicted and the reference sleep
metrics. In the multitask (self-supervised) setting, the model
has two branches (reconstruction branch and regression branch).
In this setting, training minimizes a weighted combination of
reconstruction loss and regression loss, controlled by a weight
hyperparameter.

8.2.7 Experiments
The experiments performed use the two PSG datasets for different
purposes. SHHS is used for model training and in-distribution
evaluation, and SRMS for quantifying inter-scorer variability in
sleep metrics and benchmarking models against individual human
scorers under a leave-one-out consensus reference. All dataset
splits are performed at the subject level. SHHS is divided into a
training split and a held-out test split containing 20% of subjects.
During the training of the sleep staging models and the ViT model,
model selection is performed on the training split using K-fold
cross validation. The HSI model is trained on 10 randomly selected
subjects of the test set only and evaluated on the full test set.

Model robustness to dataset shift is assessed by applying the
SHHS trained models to SRMS without retraining or fine-tuning,
where recordings are collected using different sensors and annotated
by a different human scorer.

To benchmark models’ performance against individual human
scorers, we evaluate on SRMS using a leave-one-out (LOO) con-
sensus reference, where for each scorer sleep metric consensus is
constructed from the remaining scorers and the scorer’s MAE is
compared the models’ MAE relative to this reference.
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We also perform a small-data SRMS experiment using the
HSI model, where the HSI model parameters are fit using the
first 5 records in the SRMS dataset on scorer 1’s labels, and then
evaluated using the remaining 45 records under the same LOO
protocol, except scorer 1 is excluded entirely (i.e. scorers 2 - 10
are compared to the consensus of the remaining eight scorers).

Training of the ViT model and all staging models was con-
ducted in PyTorch on the Icelandic High Performance Computing
Centre (IHPC) infrastructure using a single NVIDIA A100 graph-
ics processing unit (GPU) and Intel Xeon Gold 6248R central
processing units (CPUs).

8.2.8 Evaluation and statistical analysis
Sleep metric model performance is reported as absolute error in
minutes, summarized by mean absolute error (MAE) and the 95th
percentile of absolute errors across recordings. In the SHHS data,
one human scored the reference hypnogram per record, and sleep
metric errors are computed relative to the sleep metrics derived
from the human-scored hypnogram. For comparison, we show the
empirical distribution of absolute pairwise disagreement between
human scorers in the SRMS dataset as an external descriptive
benchmark of human variability, using the metric-level pairwise
comparisons from Chapter 7). On SRMS, errors are computed
relative to the LOO reference sleep metrics, both on the models
and the left-out human scorer. In some cases, hypnograms are
compared using epoch-by-epoch staging accuracy and Cohen’s κ.
We report errors of a baseline naive constant predictor using the
pooled healthy-control averages reported by Boulos et al. [247],
implemented as described in Chapter 7.

To evaluate whether soft aggregation improves sleep metric
estimation compared to hard aggregation, we performed a paired
pooled comparison across all hypnogram-based sleep staging mod-
els (not including our ViT and HSI models). For each recording,
model and sleep metric, we computed the paired difference in
absolute error between the hard and soft aggregation and eval-
uated whether the difference was greater than zero using a one-
sided Wilcoxon signed rank test. To calculate an approximate
95% confidence interval for the mean paired difference between
the HSI model MAE and individual human scorers across the
n = 45 evaluated records in SRMS, computed as a margin of
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error MOE = t0.975,44 · SEM with the standard error of the mean
calculated as SEM = sd(d)/

√
n and t0.975,44 ≈ 2.01, where d is

the vector of record-wise paired differences (human absolute error
minus model absolute error).

On SRMS, evaluation was performed relative to a leave-one-out
metric-mean consensus reference. For each recording and each
metric, we computed absolute error both for the model estimate
and for the left-out human scorer relative to the corresponding
leave-one-out reference. This allowed direct comparison of model-
versus-consensus and scorer-versus-consensus performance on the
same recordings. Sleep metric model performance was summarized
using mean absolute error (MAE) in minutes and the 95th per-
centile of absolute error across recordings. On SHHS, where only
one human-scored reference hypnogram was available per record-
ing, errors were computed relative to the sleep metrics derived
from that reference hypnogram.

8.3 Results

8.3.1 Preserving uncertainty improves sleep met-
ric estimation

We evaluated whether preserving epoch-by-epoch uncertainty im-
proved estimation of downstream sleep metrics. Five sleep staging
models (YASA, SleepLinear, TinySleep, SleepTransformer and
aSAGA) were retrained on SHHS and compared under two esti-
mation strategies: conventional hard aggregation, in which the
hypnodensity is collapsed to a hypnogram by argmax decoding
before sleep metric calculation, and soft aggregation, in which
sleep metrics are computed directly from the epoch-by-epoch prob-
abilities.

The results of this comparison on the SHHS test set are shown in
table 8.3. The retrained models achieved sleep stage classification
performance as expected (accuracy = 0.78-0.86, κ = 0.67-0.79).
Pooled across all models and sleep metrics, soft aggregation gave a
statistically significant (although small) reduction in absolute error
relative to hard aggregation (median improvement 0.03 min, mean
improvement 0.52 min, p-value = 3.6·10−18). Soft aggregation had
the most consistent positive effect on REM duration estimation,
where it reduced errors across all models (median improvement
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0.8–1.3 minutes per recording). The model least improved by
soft aggregation was SleepTransformer (median difference close to
zero), consistent with the finding that it already places near-unit
probability on a single sleep stage in most epochs [108]. Figure
8.5 shows the distribution of absolute sleep metric error across
the models. It also shows the empirical distribution of absolute
pairwise human disagreement from SRMS as a reference.

8.3.2 Direct estimation of sleep metrics is com-
petitive

Direct models trained to estimate sleep metrics from PSG achieved
error levels comparable to strong staging-based systems on SHHS,
and both direct models performed worse when their outputs were
forced through a hypnogram intermediate.

In addition to soft aggregation of retrained staging models,
we trained the ViT and HSI models which predict sleep metrics
directly. On SHHS, both approaches achieved sleep-metric error
levels comparable to the staging models (see table 8.3). On the
SHHS test data, both models achieved sleep metric error levels
comparable to the retrained staging models. When the two models
estimated sleep metrics through a hypnogram intermediate (by
first decoding epoch-by-epoch sleep stages and then computing
sleep metrics), performance deteriorated.

8.3.3 Cross-dataset performance is limited
When evaluated on a separate multi-scorer cohort, none of the
models trained on SHHS outperformed a naive constant predictor.
Model performance on SHHS was evaluated against a single scorer
per recording, so the resulting errors reflect both model limitations
and scorer-specific variation in the reference labels. We therefore
additionally evaluated all methods on the SRMS dataset, where
multiple independent scorers were available for each recording.
Following the metric-level reliability analysis in Chapter 7, we
did not treat any individual scorer as ground truth. Instead,
we used a leave-one-out (LOO) metric-mean consensus reference,
defined for each comparison as the mean of the corresponding
sleep metric across the other nine scorers. For each human scorer,
we constructed a sleep metric consensus from the remaining nine
scorers and computed the mean absolute error in sleep metrics.
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We applied the SHHS-trained models to SRMS as-is, with no
retraining or fine-tuning and evaluated against the LOO consensus
reference of each human scorer. This way, model performance can
be compared directly to human scorer performance. In this setting,
most models failed to predict sleep metrics better than a naive
constant predictor that outputs the global mean.

8.3.4 Direct sleep metric estimation under scorer
disagreement

The SRMS dataset is too small to support training or retraining
of the higher-capacity models used in this study, so for those
methods it serves only as an external evaluation cohort. The HSI
model is an exception because its parameterization is extremely
small and can be fit from limited data. We therefore performed
a separate small-data SRMS experiment in which HSI was fit
using scorer 1’s labels from the first five recordings and then evalu-
ated on the remaining 45 recordings under the same leave-one-out
consensus protocol, excluding scorer 1 from the reference. De-
spite this minimal training setup, HSI achieved errors close to
the scorer-to-consensus range across the evaluated sleep metrics.
Figure 8.6 shows a representative HSI output on SRMS, showing
the nine-scorer majority-vote hypnogram along with the argmax-
decoded HSI hypnogram and the corresponding probability traces
for Wake, N3, REM and N1/N2, obtained by mapping physiolog-
ically motivated signal traces through calibration functions and
normalizing.

Under this protocol, HSI achieved mean absolute errors of
30.8 min for TST, 35.7 min for N1/N2 duration, 23.1 min for N3
duration, and 19.6 min for REM duration. Compared with the
scorer-to-consensus MAE values reported previously for SRMS
(see Chapter 7), these errors were higher than the average human
scorer for TST (14.23 min), N1/N2 duration (23.92 min), and REM
duration (9.28 min), but were very close for N3 duration (22.71
min). Expressed relative to the observed range across individual
scorers, HSI fell outside the scorer range for TST, N1/N2, and
REM, but within the scorer range for N3. However, HSI still
outperformed the naive constant benchmark for all four metrics
(56.62, 45.53, 34.45, and 23.85 min, respectively). Figure 8.7
shows the MAE in each sleep metric for each of the nine scorers,
when compared to the consensus of the remaining eight scorers.
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Under this protocol, HSI’s errors come close to the scorer-to-
consensus disagreement of the human scorers for all sleep metrics.
In a paired comparison against each scorer (using the same LOO
consensus reference), HSI achieved lower MAE than two scorers
in N3 duration prediction.
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Figure 8.5: Sleep metric estimation error results on the test set of
the Sleep Heart Health Study (SHHS) dataset. The boxplots show
the absolute error distribution for hard aggregation (darker colored
boxes) and soft aggregation (lighter colored boxes). Each panel
shows the absolute error in minutes for total sleep time (TST) and
sleep stage durations (N1/N2, N3, and rapid eye movement [REM])
across all trained sleep staging models. The rightmost gray boxplot
shows the distribution of absolute pairwise human agreement in the
Sleep Revolution Multicenter Scoring (SRMS) dataset, included as
an external human-variability benchmark derived from the metric-
level reliability analysis in Chapter 7; the red dotted line marks its
mean.
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Figure 8.6: Example output of the heuristic signal intensity (HSI)
model on a single recording from the Sleep Revolution Multicenter
Scoring (SRMS) dataset, illustrating how HSI produces a proba-
bilistic representation of sleep architecture. The top panel shows a
9-scorer majority-vote hypnogram used as reference, and the sec-
ond panel shows the HSI-derived hypnogram obtained by argmax
decoding of HSI’s predicted sleep stage probabilities. The lower
panels show HSI’s posterior probability traces for Wake, N3, REM,
and N1/N2 over the recording. These probabilities are computed
by mapping a small set of physiologically motivated signal-intensity
traces (e.g., band-power and ocular/muscle activity surrogates)
through learned calibration curves and normalizing to a valid hypn-
odensity (probabilities sum to 1). Other abbreviations: REM, rapid
eye movement; N1/N2, sleep stages N1 and N2; N3, sleep stage N3.
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Figure 8.7: Leave-one-out comparison of sleep metric estimates
against a human consensus reference in the Sleep Revolution Multi-
center Scoring (SRMS) dataset, excluding scorer 1. For each scorer
ID, the consensus of the other eight scorers is treated as reference.
The bars show the scorer’s mean absolute error (MAE) in minutes
in sleep metrics relative to this reference. Dotted green lines show
the corresponding errors for the heuristic signal intensity (HSI)
model (soft and hard aggregation). The dotted red line shows the
error of a naive constant predictor (global mean baseline). HSI was
trained on scorer 1’s scorings of five records from this dataset and is
evaluated on the remaining 45 nights. The four panels show MAE
for total sleep time (TST) and sleep stage durations (N1/N2, N3,
and rapid eye movement [REM]).
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8.4 Discussion
The main finding of this study is that when the primary objective
is to determine a sleep metric, treating the hypnogram as an in-
termediate representation can introduce avoidable error. Across
the experiments in this work, methods that reduced reliance on
hard sleep-stage-label decoding either improved sleep metric esti-
mation or remained competitive with conventional staging-based
pipelines. Taken together, these results support the view that sleep
metric estimation should be treated as a primary prediction task
in automated sleep analysis, rather than only as a downstream
consequence of sleep staging (see Chapters 6 and 7).

The clearest evidence for this comes from comparing hard and
soft aggregation of hypnodensity. In that setting, the upstream
staging models, training data, and model outputs were unchanged;
only the mapping from probabilistic sleep stage output to sleep
metrics differed. Soft aggregation, therefore, isolates the effect of
the intermediate representation itself. Across models and metrics,
propagating probabilistic sleep stage information reduced absolute
error relative to hard hypnogram decoding, with the clearest and
most consistent gains observed for REM duration. This suggests
that some of the errors in estimated sleep metrics do not arise
solely from imperfect upstream staging, but also from collapsing
uncertain sleep stage predictions into a single label sequence before
the metric is computed [111], [195], [196], [255].

The direct estimation experiments on SHHS support the same
general conclusion from a different angle. Both the ViT model and
the HSI model achieved sleep-metric errors within the same broad
range as strong staging-based models when evaluated directly
at the metric level. Moreover, when these direct models were
forced back through a hypnogram-like intermediate representation,
their performance deteriorated. This further supports the idea
that optimizing for sleep metric estimation is not equivalent to
optimizing for sleep stage classification and then deriving the
metrics afterwards. For sleep metrics, the hypnogram is not always
the most useful intermediate target (see Chapters 6 and 7) [256],
[257].

The HSI and ViT results are notable for a second reason. Un-
like the higher-capacity models, HSI has extremely low model
capacity and is built around a small number of physiologically
motivated signal traces. Its competitive performance on SHHS
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suggests that at least some commonly used sleep metrics may be
estimable from relatively simple signal summaries, without requir-
ing a full high-capacity staging pipeline. At the same time, the
ViT result is notable because it operated on only three 224 × 224
spectrogram images summarizing the full-night recording, rather
than on the original high-frequency time-series signals across hun-
dreds of 30-second epochs. Despite this compression of the input
data, the model still achieved competitive sleep-metric estima-
tion, in the same broad range as pairwise human disagreement,
as illustrated by the gray boxplots in Figure 8.5. For example,
the mean absolute errors for TST, N1/N2 duration, N3 duration,
and REM duration were 15.5, 29.1, 22.7, and 14.9 min, compared
with mean pairwise scorer differences of 18.56, 31.96, 30.61, and
12.30 min, respectively. This comparison should be interpreted
cautiously, however, because the human disagreement values come
from pairwise scorer differences on a different dataset and therefore
serve only as a rough contextual benchmark rather than a direct
reference standard. These results suggest that direct estimation
can remain viable even when the model is trained on a highly
condensed representation of the overnight PSG. We do not in-
terpret this as evidence that simple models or condensed data
representations are always preferable, but it does suggest that
direct estimation of sleep metrics can be viable even with limited
models or data [262]–[264].

At the same time, the results on the multicenter dataset show
that bypassing the hypnogram does not solve the generalization
problem. When models trained on SHHS were applied directly to
SRMS without retraining, performance deteriorated substantially,
and most methods did not outperform a naive constant predictor.
This indicates that good in-distribution performance on a large
development cohort does not automatically translate into robust
performance on a new cohort [275].

A central issue in interpreting these results is that the target
quantity itself is uncertain when derived from human scoring.
Prior work has shown that hypnogram-derived sleep metrics vary
meaningfully across scorers, and for this reason, we do not treat
any single scorer-derived value as ground truth. Instead, on SRMS,
we used a leave-one-out consensus defined at the sleep-metric
level. This provides the closest observable proxy to the quantity
of interest and allows model-versus-consensus and scorer-versus-
consensus errors to be compared on the same scale. Under this
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benchmark, the results can be interpreted relative to the level of
disagreement already present among expert scorers, rather than
relative to an arbitrarily chosen individual scorer (see Chapter 7)
[17], [194].

This issue is not unique to sleep scoring. More broadly, work in
medical informatics has argued that clinical data should not always
be treated as fixed and uniquely determined ground truth, but
rather as the outcome of recording practices, interpretation, and
context-dependent decision processes [276]. From this perspective,
disagreement among scorers is not merely annotation noise to be
eliminated, but part of the reliability problem that any clinically
meaningful artificial intelligence (AI) system must confront. Our
use of leave-one-out metric-level consensus is consistent with this
view: rather than privileging a single recorded value, it treats the
target as an uncertain quantity that must be estimated relative to
expert disagreement.

Due to its very small parameterization, the HSI model could
be fit using scorer 1’s labels from only five recordings and then
evaluated on the remaining recordings under the same leave-one-
out consensus protocol, excluding scorer 1 from the reference set.
Even under this highly constrained setting, its errors were close to
the scorer-to-consensus range across the evaluated sleep metrics.
This result suggests that direct estimation of sleep metrics remains
feasible even with limited labeled data.

More broadly, these findings raise the possibility that some
useful sleep endpoints may be better modeled directly from physi-
ological signals than indirectly through discrete sleep stage labels
[258]–[260], [264]. The conventional staging pipeline and direct
sleep metric estimation should be viewed as alternative routes, with
the most appropriate choice depending on the intended endpoint.

These considerations are also relevant for recent transformer-
based foundation models for sleep analysis, such as SleepGPT
and SleepFM [185], [277]. Despite substantial increases in model
scale, complexity, and training data relative to earlier automatic
sleep-staging systems, reported performance on conventional sleep-
staging benchmarks still tends to lie within a relatively narrow
range. This suggests that sleep-stage-classification accuracy alone
may be an insensitive benchmark for comparing models, particu-
larly when the reference labels themselves are subject to substantial
expert disagreement. At the same time, such foundation mod-
els appear to learn representations that transfer across multiple
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downstream tasks, including sleep staging, spindle detection, and
disease-related classification. From this perspective, the metric-
level targets proposed in the present work may provide a useful
additional way to train and evaluate such models, by testing
whether improved representations translate into more reliable es-
timation of clinically relevant sleep endpoints rather than only
marginal gains in sleep-stage-label agreement.

This study has several limitations. First, the experiments were
conducted on a limited set of cohorts, and broader validation
across additional populations, recording environments, and scoring
settings is needed [275]. Second, the analysis focused primarily on
additive duration metrics rather than path-dependent measures
such as sleep onset latency or REM onset latency, which may
behave differently under direct estimation or uncertainty propaga-
tion. Third, the poor transfer from SHHS to SRMS shows that
model generalizability remains an open problem. More generally,
the present results reinforce that performance estimates in sleep
AI are constrained not only by model architecture and dataset
size, but also by the reliability and clinical relevance of the target
representation itself [276]. Finally, any proposed alternatives to
conventional sleep metrics should ultimately be judged by their
clinical usefulness and their ability to predict relevant outcomes,
rather than only by agreement with the prevailing scoring protocol
[259], [260], [264].

Future work should therefore proceed in two directions. One
is methodological: extending direct, uncertainty-aware estima-
tion of sleep metrics to a broader set of clinically used measures
and validating these estimates across more heterogeneous cohorts
[195], [196], [255]. The other is clinical: testing whether direct
signal-based estimates of sleep metrics or alternative signal-derived
sleep descriptors provide stronger or more reliable associations
with downstream outcomes than conventional hypnogram-derived
measures [258]–[260], [264].

8.5 Conclusion
When the endpoint of interest is a sleep metric, the hypnogram
should not automatically be treated as the primary prediction
target. In this study, approaches that reduced reliance on hypno-
gram decoding improved or matched conventional staging-based
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pipelines at the metric level, showing that performance in sleep
staging does not necessarily translate into performance in the
estimation of downstream sleep metrics. At the same time, poor
transfer to the external multicenter dataset showed that bypassing
the hypnogram does not, by itself, solve the problem of gener-
alizability. Automated sleep analysis should be developed and
evaluated at the level of the clinical or research endpoint of interest,
using reference standards that account for expert disagreement
rather than assuming that a single scorer-derived value is ground
truth.



Chapter 9

Human-AI collaboration
From explainable AI to co-creating mean-
ing

Full reference: E. Hardarson et al., 2024, “Human-AI Collab-
oration: From Explainable AI to Co-Creating Meaning”, ACIS
2024 Proceedings

9.1 Introduction
Recent advances in machine learning (ML) have given rise to
new forms of digital work [278], [279]. Such digital work can
involve dynamic configurations of people and algorithms that
collaborate in conducting tasks within practices across domains
[280], also referred to as human-AI collaboration. As a result, there
is a growing stream of literature on human-AI collaboration that
explores the complementarities between people and algorithms
in performing work and its challenges, such as human-AI team
dynamics [281], task division between human and algorithmic
agents [282], and establishing trust in human-AI relationships
[283].

Much existing research assumes that human-AI collaboration
can be improved by refining the explainability of ML algorithms to
people in digital work configurations [284], such as by improving
the transparency of ML decision making [283]. In essence, this
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approach seeks to tackle a root problem of ML, which is that the
process of generating these outputs is inscrutable [285] because
they are inherently opaque and difficult to interpret [286]. As
phrased by Faraj et al. (2018, p. 63): “even if a learning algorithm
is coded in a very simple and comprehensible way, understanding
how it arrived at its result can still be unclear, even to its developers,
due to the quantity and complex interaction of the data fed into
the algorithm”. This problem is also known as “the black box” of
AI [287].

However, this approach to explainable AI (XAI) has certain
limitations for human-AI collaboration, which arise from the fact
that ML processes are fundamentally different from human intel-
ligence [288], [289]. The traditional approach to XAI typically
addresses this problem by mimicking a domain-specific language
in the creation of explanations of algorithmic processes to be per-
suasive to humans working in a specific context [290]. However,
this is problematic because this approach risks producing an expla-
nation that is untrue to how the ML output was generated since
the process that underlies these algorithms is a statistical model
that learns to recognize complex patterns in large volumes of data
[129]. Against that backdrop, our aim is to outline an alternative
approach to XAI that can enhance human-AI collaboration.

To do so, we draw on framing theory, a theory of meaning-
making [291], to problematize a dominant approach to XAI in
human-AI collaboration and outline an alternative approach. While
the former rests on a persuasion-based approach, akin to strategic
framing, the new approach rests on a co-creation approach in
which humans and AI create meaning together, similar to inter-
active framing[292]. We selected framing theory because of the
theory’s past usefulness and future potential to approach questions
of digital transformation in organizations [293]. In the chapter that
follows, we outline and motivate this new approach by unpacking
and contrasting the different frames that underlie (1) the practice
of developing XAI that becomes encoded in ML algorithms by
using existing literature on XAI as a proxy for this practice and
(2) an existing practice of sleep diagnosis, which constitutes an em-
pirical case of a domain practice in this research. The alternative
co-creation approach to XAI constitutes the main contribution of
this chapter.
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9.2 Explainability in AI literature
XAI is a field of research that seeks to make black-box AI systems
more transparent and understandable to humans. The need for
XAI arises from the fact that AI systems, especially those based
on deep learning (DL) algorithms, are inherently opaque and diffi-
cult to interpret [130]. DL algorithms and other ML models are
not hard-coded rule-based systems but rather statistical models
that learn to recognize complex patterns in training data [129].
Whereas traditional rule-based algorithmic systems are inherently
explainable (illustrated in Figure 9.1), black-box ML models re-
quire additional explanation methods to be understandable to
humans (illustrated in Figure 9.2).

Rules Human

Prediction

Explanation

Figure 9.1: Transparent, rule-based model. Inherently explainable.

Black-box
ML Human

X

Prediction

Explanation

Figure 9.2: Black-box machine learning model. Explanation as
strategic framing, based on convincing message created with expla-
nation generating module, X.

There is no consensus in the literature on the definition of
“explanation” in the context of XAI [133]. The “explainability”
concept is itself ambiguous and has been subject to interpretation
and philosophical discussion for centuries [134], [135]. Generally
speaking, XAI aims to make AI systems more trustworthy by
providing explanations [136]. The approaches to XAI can be
divided into two main categories: interpretability and post-hoc
explainability [130], [137]. Interpretability refers to how easily the
model’s internal decision-making process can be understood by a
human and is an inherent property of the model. For example,
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a simple linear regression model is interpretable. Conversely,
post-hoc explainability refers to the methodology of generating
explanations after the model has made a prediction [130]. In this
chapter, we focus on text-based post-hoc explainability.

Various authors have criticized the post-hoc explainability
approach to XAI [294]. Babic and Cohen [139] argue that post-hoc
explanations are “insincere-by-design”, unable to make transparent
the actual reasoning behind an AI model’s decision. Rudin [138]
further criticizes post-hoc explanations for being unreliable and
misleading and argues for the use of interpretable models instead.
Nevertheless, research on post-hoc explainability continues to be
one of the dominant approaches in XAI research [130].

The transparency of the model internals is a central topic of
XAI research. According to Hulsen [136], the explanation should
reflect the models’ internals in a transparent way. The explanations
given by an XAI system should truthfully explain the inner process
of the AI model decision process [295], [296].

In XAI, explanations are viewed as an additional output of
the AI system [139]. The literature describes XAI as an AI that
produces reasons for its decision [296] or provides explanations
to human users [130]. In this way, explanations are framed as
one-way messages in the XAI literature. XAI systems are designed
to convince the user to trust the system [130], [133]. Explanations
are framed in a way that aligns with the background of different
stakeholders [136]. As such, the explanations are designed to be
persuasive and convincing. Merry et al. [297] point out that the
language used in XAI explanations should take the audience’s
background into account and could be either generic or domain-
specific. Jin et al. [295] argue that in a medical context, XAI
explanations should use terminology that is clinically relevant.
However, little research has scrutinized the implications of these
assumptions of XAI for human-AI collaboration in practice. To
do so, we now introduce framing theory as a lens to unpack XAI
in this context.

9.3 A framing perspective on XAI
Framing theory is a theory of meaning-making [291]. It focuses
on the application and formation of frames by different actors,
including individuals, groups, organizations, and even fields (ibid.).
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Frames have been described as interpretative schemes [298] and
meaning systems [299], as they consist of and are structured by
shared beliefs, assumptions, expectations, and pieces of knowledge
[300]. They provide meaning to action, as they function as vehicles
for interpreting experiences and guiding perceptions of action
possibilities [301]. Frames also concern actors’ views of specific
technologies, referred to as technological frames [300].

Framing refers to social processes that shape how frames are
structured and what they contain [302]. The literature has rec-
ognized different types of framing processes. Two of these are
strategic and interactive framing [292], which we find useful for
approaching human-AI collaboration. Strategic framing broadly
centers on how one actor seeks to impact another actor’s frame
through persuasion. As such, strategic framing focuses on the
design of unidirectional messages with rhetoric and language that
aim to convince someone else to adopt a particular frame [303].
In contrast, interactive framing centers on meaning-making as a
co-creation process, in which interactions between different actors’
power framing [304]. As such, it focuses on the generative potential
of exploring differences between frames via multiway interactions.

Additionally, people’s interactions with technology play a cen-
tral role in framing processes [299]. This is because actors’ frames
become inscribed in technologies via design choices [279], such as
in choices of what elements to include in interface design and what
data to use for training ML algorithms [305]. Thereby, frames
become embedded in and diffused via the design of XAI interfaces.
Different XAI interfaces can thereby reflect different views about
what constitutes a proper explanation as well as contain different
assumptions about what role the human actor working with the
algorithm should play in the human-AI collaboration. While some
XAI interfaces may be designed to persuade the actor of an algo-
rithm’s conclusion, as in conventional approaches to XAI (Figure
9.2), other interfaces may be designed to invoke co-creation of
meaning together with the actor on how to interpret and respond
to what the algorithm suggests [306]. One possible way to do
so is that the interface signals ambiguities to the human, which
triggers a cycle of reflection amongst the human who can, for
example, complement the ML decision-making process with their
unique intelligence such as human judgment [288] (Figure 9.3).
This is the central idea we put forth in this chapter. We now
proceed to demonstrate the need for an alternative approach with
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an empirical study of a sleep scoring practice in sleep medicine,
which reveals frame differences of XAI that complicate the reliance
on traditional approaches to XAI.
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Figure 9.3: Co-creating meaning through human-AI collaboration
within a rule-based framework.

9.4 Research method

9.4.1 Research context
In order to explore the framing of XAI in human-AI collaboration
in a practical setting, we looked at the use of XAI in sleep medicine.
In sleep medicine, like other highly regulated practices, clinicians
must follow an established framework of rules and guidelines in
their work diagnosing and treating sleep disorders. In this prac-
tice, the American Academy of Sleep Medicine (AASM) publishes
rules for how sleep data should be analyzed for clinical diagnosis,
including how sleep stages should be classified [209]. Sleep staging
is the process of classifying 30-second segments of sleep recordings
(epochs) into different sleep stages, such as light sleep, deep sleep
and rapid eye movement (REM) sleep [209]. This process is an
important step in the diagnosis of sleep disorders, such as sleep
apnea and insomnia. It is usually performed by sleep technolo-
gists, who classify sleep epochs using visual inspection of various
biosignals recorded during sleep, such as electroencephalography
(EEG), electromyography (EMG) and electrooculography (EOG).
The process of analyzing one night’s sleep takes about two hours
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for an experienced sleep technologist [12]. Although accurate au-
tomatic sleep staging algorithms have existed for several years,
they are seldom used in clinical practice without thorough manual
review. This is in part because of their black-box nature [15], [19].
Most of the automatic sleep staging methods use DL, and few
(if any) are based on the AASM scoring rules [9], [199]. Sleep
staging thereby represents a case of a domain practice [307] that
experiences problems of explainability in emergent configurations
of human-AI collaboration.

9.4.2 Data collection and analysis
Against this backdrop, we conducted a qualitative study with expe-
rienced sleep technologists to explore their views on XAI for sleep
staging. An open call for participation in the study was sent to
sleep experts involved in the Sleep Revolution project [160], specifi-
cally targeting individuals whose work involves the classification of
sleep stages using EEG signals. Eight sleep experts participated in
semi-structured interviews [308]. The participants had between 10
months and 20 years of experience in sleep staging (on average 10
years), working in Greece, Belgium, Finland, Sweden, and Iceland.
Five of the participants were men and three were women.

Figure 9.4: A screenshot of the interface shown during the inter-
view. The participant sees the polysomnography output from the
Noxturnal software and below it an estimated sleep stage with a
synthetic explanation provided for interview discussion.

The interviews had three phases: Ideation, exploration and



164 CHAPTER 9. HUMAN-AI COLLABORATION

reflection. During the ideation phase, the participants were asked
about their background in sleep medicine and their familiarity
with AI. They were asked to imagine using a hypothetical XAI
sleep staging system in a clinical setting and share their thoughts
about the explanations such an XAI system should offer. In the
exploration phase of the interview, the participants were shown
a mock-up graphical user interface for a hypothetical XAI sleep
staging system (see Figure 9.4). The interface showed multiple
30-second segments of sleep data from an existing sleep analy-
sis software called Noxturnal, (Nox Medical, Reykjavik, Iceland),
along with an estimated sleep stage. The participants were also
shown a hypothetical explanation, which was written by the re-
searchers (see examples in Table 9.1). Ten examples were explored
and each time the participants were asked if they agreed with the
sleep stage classification, how clear and valuable they found the
explanation, and whether the explanation matched their expec-
tations. In this way, these hypothetical explanations were a way
to make the participants reflect on and talk about ’what might
be’ in the scenario of integrating XAI in the clinical practice [309].
Finally, in the reflection phase, participants were asked general
questions about XAI for sleep staging and open discussion was
encouraged.

When creating the example explanations, we aimed to emu-
late different types of XAI explanations, such as attention-based,
feature importance-based, and rule-based explanations, using the
XAI taxonomies from Barredo Arrieta et al. [130] and Speith [310]
as a guide. The explanations were all text-based and written to
be plausible, but not necessarily correct. Table 9.1 shows some
examples of the explanations used. Technical terminology for fea-
ture names such as “permutation energy” and “mean curve length”
is adopted from Najdi et al. [311].

The interviews, which lasted around 45 minutes each, were per-
formed online, recorded and transcribed verbatim. The transcripts,
totaling 96 pages, were then analyzed in the Atlas.ti software using
thematic analysis [312]. We used an abductive approach for the
data analysis [313]. We reviewed the interview transcripts and
used inductive coding to find themes relevant to how the partic-
ipants viewed XAI for sleep staging. We then examined these
thematic codes in the context of existing XAI literature. We used
the notion of frames to guide our coding process, focusing on the
views, beliefs, and expectations that guide the sleep experts in
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Table 9.1: Examples of the explanations shown in the hypothetical
XAI interface used in the interviews.

Example Type of Ex-
planation

The permutation energy of the C4-M1 and F4-M1 signals are
above baseline and the relative power in the alpha band of
the F4-M1 signal is below baseline. The algorithm has been
trained to recognize these patterns as indicative of N2 sleep.

Interpretable
model

35.0% of the epoch consists of slow wave activity in the F4-M1
and F3-M2 signals (between 4.9 and 13.7 seconds and between
22.3 and 24.0 seconds).

AASM rule-
based

Classified as N2 with 70% confidence. Other suggested states
were wake (21%) and N3 (9%).

Uncertainty
quantification

The most important features were the Teager energy and the
mean curve length of the last 15 seconds of the E1-M2 and
E2-M2 signals, as well as the total power in the 2-F, 1-2 and
1-F signals.

Feature impor-
tance

Looking at the spectrograms of F4-M1 and F3-M2, the algo-
rithm paid attention to the left side of the signal, between 12
and 15 Hz.

Attention

The algorithm used is a convolutional neural network (CNN)
that was trained on a large dataset of PSG data.

Mechanistic

their work and shape their perspectives on XAI. Through this iter-
ative process, we identified four distinct elements of these frames,
which we elaborate on in the next chapter.

9.5 Explainability in clinical practice
The participants were all optimistic about the use of AI for sleep
staging. Some were hopeful that AI would reduce the time spent
on manual sleep staging, while others believed that AI could make
the process more consistent and accurate. However, they also
expressed concerns about the black-box nature of AI algorithms
and spoke of the need for XAI. The participants also universally
agreed with the need for AI systems to not just be accurate but
also explainable. As Participant 1 summarized: “I think [sleep
staging AI] is definitely the way of the future. I think it is going
to be growing with leaps and bounds. And I think it is going to
streamline the way that we are doing things. It is something that
can be very uncomfortable for those who have not used it in the
past [... but ...] is definitely going to mitigate a lot of confusion
and discrepancies [...]. So, if the AI is able to definitively give an
explanation as to why it evaluates the stage a certain way, I think
it will definitely lead to the acceptance of how that is scored ”.
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We will now detail the sleep experts’ frames that guide their
work of sleep staging across four dimensions, which shape their
views on the possible application of XAI in this practice

9.5.1 Rule-based models or pattern recognition
Before interacting with the XAI interface, the participants were
asked what type of explanation they would expect from an XAI
sleep staging system. All participants except one expected the
explanations to be based on the AASM scoring rules. For example,
Participant 5 imagined such a system would have “been trained to
tick all the boxes from the guidelines from the AASM [...] and just
use this grid like a list of checkboxes”.

Participants were often surprised when the first explanation
they were presented with did not follow the AASM rules and
terminology. The belief that AI sleep staging would operate using
rule-based models following AASM rules was especially strong
amongst some participants. When asked if AI systems that do not
follow AASM rules should be avoided, participant 5 said, “That
can’t be true because the model is trained based on the rules”.

However, the participants also recognized that sleep staging
could, in some situations, be performed with pattern recognition.
Indeed, the participants recognized that in some cases, they them-
selves and their colleagues use pattern recognition to classify sleep
stages. For example, Participant 3 said scoring is based on a “gut
reaction”. According to Participant 5, “we see the epochs and
actually, we are trained to see patterns. It’s pattern recognition
[...] for us because we just click, click, click, click. [...] We have
been trained, read books, and thousands of studies and we just
see the patterns”. However, when asked to explain the reasoning
behind assigning a sleep stage, all participants quoted AASM rules
or similar.

9.5.2 Interactivity and multi-way communica-
tion

Some participants hinted towards a hybrid approach, where AI
system would use ML pattern recognition in parallel with AASM
rule-based algorithms. Participant 6 was asked if sleep staging AI
based on pattern recognition should be avoided: “I think that there
should be maybe a middle way. Obviously if you train an algorithm



9.5. EXPLAINABILITY IN CLINICAL PRACTICE 167

with large datasets for pattern recognition, it is valuable and it can
be used. But at the same time, I think there should be some sort
of rule-based evaluation”. This points towards an AI system where
black-box ML models and humans collaborate within a rule-based
framework. The participants also expressed a desire to ask further
questions of the explanation, such as requesting more detailed
information about the specific features used.

9.5.3 Communication via familiar language
Participants universally agreed that the explanation should use
familiar terminology, grounded in the scoring rules. Participant
2 described the need for “common language, [...] the terminology
and not necessarily all the rules, but to use terms and words that
I am familiar with”. This raises a central question: Should the
explanation use the same terminology as the AASM rules, even if
the AI system does not operate using the concepts and logic of the
rules? Should the XAI explanation, for example, reference “sleep
spindles” (a term from scoring rules describing a specific pattern
in EEG signals) if the AI system does not use this phenomenon to
classify sleep stages?

9.5.4 Transparency of model internals
The majority of participants did not describe a need for the ex-
planation to reflect the AI system’s internal logic. Instead, they
preferred the explanation to “give you an explanation that you are
used to [...] even though that’s not necessarily how the model is
making its decision” (Participant 1). Participant 2 said that it
does not matter whether the explanation given by the AI system is
the “truth”, a true description of how the algorithm actually works,
elaborating that “it could use all these algorithms and digital tools
to work on the decision, but I would like the explanation to be more
familiar ”.

The participants seemed to make a distinction between the
method used by the AI system and the explanation provided by
the used: “AI is not a digital human brain. It uses completely
different ways of calculating things. So I know that the method is
this new thing, this innovation. So I would be ready to trust the
method as long as the explanation was clear to me, I don’t know.
For example, I use my eyes to find a K-complex. I don’t care which
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way the AI uses to find the K-complex as long as it tells me that
this is a K-complex ” (Participant 2).

Not all participants agreed with this view. According to Par-
ticipant 8, the explanation should not make the user think the AI
system is using features or phenomena from AASM scoring rules:
“if that is not actually what the algorithm is looking for or what the
algorithm’s decision is based on, I think it’s kind of lying”. Partici-
pant 6 spoke in a similar vein of the danger of the AI explanation
being misleading: “You shouldn’t make the AI explain something if
it’s not really using [it]. For example, it maybe shouldn’t be trying
to force out an explanation based on the rules because [...] it could
start just lying to you, making stuff up. That could be a danger
or problem. [...] It could be dangerous to force it to come up with
explanations if it starts saying things that really were not correct”.

9.6 Discussion
As the prevalence of human-AI collaboration expands across prac-
tices, located in many different sectors and industries, the need to
improve knowledge on topics such as human-AI team dynamics
[281], human-AI task division [282], and human-AI trust [283] will
grow. While XAI has emerged and solidified as a general solution
to improving human-AI collaboration, we still know surprisingly
little of how it can be integrated into and enhance practices within
different work contexts, each shaped by unique contextual factors
such as rules, norms, and cultures. Such contextual differences
can also be observed in the process of sleep scoring across various
countries or even workplaces [15], [16]. Therefore, we saw the
need for taking a critical look at existing, dominant assumptions
of XAI and investigating responses to it amongst practitioners
within a specific domain context, namely sleep medicine. The
challenges of dominant approaches to XAI also became apparent
in the interviews where the participants expressed skepticism to
how explanations are typically constructed in XAI. These findings
inspired us further to rethink dominant XAI approaches and moti-
vated the aim of developing an alternative approach to XAI. As a
theoretical lens to help us in this endeavor, we turned to framing
theory.

Hence, we are now positioned to compare the frames that
guide the dominant practice of post-hoc explainability in XAI,
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Table 9.2: Qualities of XAI where the target audience is domain
experts

Quality Conventional XAI
view of framing

Sleep experts’ view of framing

Strategic view of
framing

Interactive view of framing

Trans-
parency Transparent view of

model internals.
Not necessary or plausible to make
the process transparent.

Commu-
nication Explanation as a

one-way message from
ML algorithm(s) to
human.

Explanation as meaning-making
through communication between
human and ML algorithm(s),
embedded in a rule-based
framework.

Object view of
framing

Process view of framing

Model
framework Rule-based or pattern

recognition.
Rule-based and pattern
recognition.

Language Simple, familiar
language.

The language should use
terminology from the rules.

using the literature on XAI as a proxy for this practice, with our
findings of the frames that guide the domain practice we study
in this chapter. We see that these practices are guided by frame
differences. These frame differences are partially overlapping in
practice, but distinguishable on an analytical level. We believe that
these frame differences can hinder effective and creative human-AI
collaboration if not handled properly. Because of these frame
differences, any effort to refine the explainability of ML processes
for people in human-AI collaboration is likely to only be effective
for enhancing human-AI collaboration to a certain point. This is
because efforts to mimic a domain-specific language of practitioners
do not address the fact that ML processes are essentially statistical
processes of pattern recognition in data [129].

We identify frame differences across four dimensions (Table
9.2): rule-based vs pattern recognition models, transparency of
model internals, the familiarity of language, and one-way vs multi-
way communication and interaction. Taken together, these frame
differences motivate an alternative approach to integrating XAI in
different practices.

When it comes to the model framework, the literature on
XAI is built on the assumption that ML models are trained to
perform pattern recognition. Indeed, a software system based
on AASM rules would not require XAI techniques to explain its
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decisions. However, the sleep experts expected the AI system
to operate within the framework of the AASM rules, or at least
give explanations based on the rules. This suggests a different
view of XAI, where the AI system performs pattern recognition
within a rule-based framework, similar to how the sleep experts
themselves work. When it comes to interactivity and multi-way
communication, there is a similar difference in framing between
the XAI literature and the sleep experts. The XAI literature seems
to implicitly assume that the explanation is a one-way message
that the system “produces” or “provides”. In contrast, the sleep
experts expressed interest in asking further questions about the
explanation, suggesting a more interactive view of framing.

Although the XAI literature emphasizes the importance of
using familiar language in explanations, the sleep experts took this
idea further, insisting that the explanation should not only use
terminology directly from the AASM rules but also follow their
logic. Finally, the XAI literature asserts that explanations should
reflect the model’s internal logic. This is in stark contrast to the
opinion of many of the sleep experts, who did not emphasize the
need for a “true” description of the decision-making process of the
AI system. Instead, they preferred the explanation to justify the
decision in terms of the AASM rules. However, some participants
did express concerns about the explanation being misleading. This
difference in framing suggests that the sleep experts view the
explanation as a tool for making sense of the decision within the
context of the AASM rules, rather than as a reflection of the AI
system’s internal logic.

The shift we propose in this chapter from persuasion-based
XAI to co-creating meaning with AI entails two significant shifts,
as outlined in Table 9.2. The first is a shift from a strategic
to an interactive view on framing in human-AI collaboration.
In the former, practitioners are viewed as targets of convincing
explanations of ML processes, whereas in the latter, they are
viewed as active participants in meaning-making together with
AI decisions that signal ambiguities or even conflicts between
ML algorithms and rule-based systems. The second shift is one
from an object view of explanations in human-AI collaboration
to a process view of framing in human-AI collaboration in which
both AI agents and human practitioners play a part. In the
former, explanations of ML processes are static outputs in the
form of messages, whereas in the latter, they function as triggers
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of human reflection. The co-creation perspective we introduce
thereby addresses the limitations of current XAI methods, which
often struggle to adapt explanations to specific contexts while
accurately representing ML processes. The co-creation approach
also situates XAI as a social problem [140], [285], stressing the
significance of interactions between humans and AI in the creation
of meaning.

These insights have practical implications, as they point to
the fact that the design of XAI interfaces in a specific context
of human-AI collaboration should avoid relying on persuasion in
efforts to improve such collaboration. Rather, it should introduce
design elements that signal ambiguity and trigger human thinking
about what the ML response might mean. Such signals could
include design elements such as, for example, highlighting areas
of uncertainty [111] or disagreement between different prediction
methods, such as rule-based versus pattern recognition approaches.

Two important limitations should be noted. First, the study
was based on a small sample, which limits the generalizability of
the findings. Second, all participating sleep technologists were
already involved in the Sleep Revolution project. This may mean
that the participants were more accustomed to research activities,
more reflective about scoring practices, or more positively disposed
toward experimental AI tools than sleep scorers in other settings.

The next chapter explores ways to design and implement AI sys-
tems that allow humans to collaborate with ML pattern recognition
models within software systems based on transparent, rule-based
logic. Additionally, since this study was limited to text-based
explanations, techniques that rely on a visual representation of
information were not included [290]. Exploring the role of visual
representations in co-creating meaning with AI thus makes a ripe
area for future research.

9.7 Conclusion
This chapter has introduced a framing-based understanding of XAI
and its role in human-AI collaboration. With this lens, we have
problematized existing assumptions of the dominant approach to
post-hoc XAI and contributed an alternative approach to tackling
the black box problem in human-AI collaboration. This alternative
approach entails a shift from persuasion-based XAI to co-creation
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with AI. We hope that this view will enrich future research into
XAI as well as enhance human-AI collaboration in practice.



Chapter 10

The MARBLE
framework
Rules and patterns at multiple abstrac-
tion levels

10.1 MARBLE
The preceding chapters have shown that high predictive perfor-
mance is possible in AI sleep staging, but also that predictive
performance alone is not enough for clinically useful AI (Chapter
4). They further showed that epoch-by-epoch staging performance
does not translate directly into accurate downstream sleep metrics,
and that some of those metric targets are themselves uncertain
across expert human scorers (Chapters 6 and 7). Chapter 8.3
showed that sleep architecture metrics can, in some cases, be
estimated directly from PSG data rather than derived through
epoch-by-epoch staging. However, this introduces a new problem:
although direct metric estimation may better match the clinical
endpoint, it moves further away from the intermediate representa-
tions that human experts can inspect, verify, and contest. This
is a problem of relevance: the most useful representation of the
case depends on the level of the workflow at which the decision is
being made. We have also seen that important parts of the sleep
architecture analysis procedure can be translated into executable,
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auditable rules (Chapter 5), while effective human-AI collaboration
requires interactive systems that preserve human oversight and
accountability (Chapter 9).

Together, these findings point toward a neurosymbolic form of
decision support in which rule-based and pattern-based processes
operate across multiple abstraction levels. We call this the Multi-
ple Abstraction-Level Rule-Based Learning Engine (MARBLE).
MARBLE is not a single algorithm or model; it is a decision
support system architecture for embedding ML models within a
symbolic reasoning system, in such a way that the human user’s
role as the final authority is preserved and the system’s primary
contribution is to surface where human input is most needed.

Figure 10.1 shows a schematic overview of MARBLE, applied
to sleep analysis. The workflow is represented as a hierarchy of
abstraction levels (dashed regions), progressing from raw PSG
signals to micro-annotations, to epoch-level sleep staging, and on
to derived sleep metrics and the diagnostic procedure. Each level
is supported by two complementary paths: a rule-based pathway
that follows the AASM scoring rules and other clinical guidelines,
and a pattern-based pathway implemented as a black-box ML
model trained on data. The remainder of this section expands on
this framework and explains why pathways are kept in parallel
at every level rather than being collapsed into a single mode of
reasoning at each step.

10.1.1 Abstraction levels and pathways
We use the following working definition of an abstraction level in
MARBLE. An abstraction level is a stage in the analysis pipeline
defined by (i) a vocabulary of objects and (ii) a transformation
that produces those objects from objects at the immediately lower
level. Two processes operate at the same level if they consume
objects from the same lower-level vocabulary and produce objects
in the same level’s vocabulary, regardless of whether they do so by
symbolic computation or by statistical pattern recognition. Levels
are arranged in a strict linear order: each level depends only on
the level immediately below it. As a consequence, every output of
the system at any level can in principle be traced back through a
single chain of transformations to the raw input.
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10.1.2 Flags as the primary output
Because MARBLE runs two pathways at multiple levels, it pro-
duces multiple values for the same quantity. At the sleep metric
level, for instance, the rule-based pathway and the pattern-based
pathway each produce an estimate of N3 duration. MARBLE’s
primary output is therefore not an estimated quantity such as a
sleep stage or a metric, but a collection of warning flags raised
across the abstraction hierarchy as a function of how those parallel
estimates relate to one another. Two flag types are exposed to the
user.

The first is an uncertainty flag, raised when a pattern-based
model indicates low confidence in its decision. The uncertainty
flag for an epoch’s sleep stage is raised when the probability of the
majority class falls below a threshold τu, currently set heuristically
to 0.5. An uncertainty flag tells the user that the pattern-based
pathway has weak evidence for its prediction at the level concerned,
whether because of poor signal quality, ambiguous patterns, or
genuinely borderline cases.

The second type of flag is a discrepancy flag, raised when the
rule-based and pattern-based pathways at a given level produce
different conclusions. For categorical outputs, such as epoch-level
stage, this is straightforward: a discrepancy is a class mismatch.
For real-valued quantities, such as sleep metrics, we raise the flag
when the two estimates differ by more than a threshold τd, currently
set heuristically to 10% of the rule-based value. A discrepancy flag
tells the user that the two reasoning modes disagree at the level
concerned and that the disagreement deserves human attention.

Both thresholds are user-tunable parameters of the system. The
default values are currently chosen on heuristic grounds and rep-
resent reasonable initial values rather than empirically calibrated
decision boundaries; their refinement against clinical workflow
data is identified as future work in Section 11.5. In MARBLE,
discrepancy and uncertainty flags are the primary mechanism by
which the system indicates that human intervention is needed.

10.1.3 Why parallel pathways at every level
Running two pathways at every level may seem wasteful: why not
use rules wherever they apply and fall back on pattern recognition
only at the lowest level, where rules cannot reach? There are three
reasons.
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The first is protection from what is sometimes called the “com-
puter says no” situation. A purely rule-based pathway can reach a
confident conclusion on the basis of a single, perhaps borderline,
condition deep in the rule chain, with no internal mechanism for
noticing that the input was atypical. Pattern recognition at higher
abstraction levels acts as a sanity check against this. An ML
model trained to estimate N3 duration directly from a full-night
recording, for example, may not be as accurate as summing the N3
epochs of a rule-based hypnogram, but it will produce a sensible
estimate even when the rule-based pathway has gone astray on a
single problematic micro-annotation. The disagreement is what
alerts the system, and ultimately the user, that something has
gone wrong.

The second is that uncertainty propagates through systems of
rules in complex and unpredictable ways. ML models at lower levels
produce probabilistic predictions, but feeding those probabilities
through hard thresholds and discrete aggregation steps causes small
errors to cancel out, compound, or, in some cases, drastically alter
the outcome at higher levels. Maintaining a parallel pattern-based
pathway at higher levels gives MARBLE a second, end-to-end
estimate that is not subject to the same hard thresholds, so that
the two pathways together delineate a plausible range for the
quantity in question.

The third reason is that having both pathways at every level is
what makes the system useful as a guide to where human review
is needed. When the two pathways agree at a given level, the user
can move on; when they disagree, the user knows the disagreement
is local to that level and can drill into the evidence at that level
rather than having to inspect the entire pipeline. In this way, the
parallel structure is not just a redundancy mechanism but a tool
for relevance realization in the clinical decision process [143].

10.1.4 Relation to prior hybrid and neurosym-
bolic systems

The wider neurosymbolic AI literature has converged in recent
years on the view that pattern-based and rule-based reasoning
should be integrated rather than merely combined [144]. Most
existing neurosymbolic architectures, however, are designed for
general-purpose reasoning tasks and do not prescribe a specific
structural relationship between symbolic and neural components.
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MARBLE is more constrained: it ties the integration to the ab-
straction hierarchy of an existing regulated workflow, and its
primary output is the disagreement structure rather than a unified
prediction.

The novelty of MARBLE is therefore not the mere combination
of rules and learning. It is the explicit treatment of a clinical
workflow as a multi-level abstraction hierarchy in which both
reasoning styles operate in parallel at each level, and in which
the system’s primary contribution is to surface uncertainty and
rule-pattern disagreement as the focus of human attention. To
our knowledge, no existing system has been designed this way for
clinical sleep analysis, and the broader neurosymbolic and CDSS
literatures contain no architecture that combines all three criteria:
multi-level hierarchy; level-wise parallelism; and disagreement-as-
output, in the form proposed here.
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Figure 10.1: Schematic overview of the MARBLE (Multiple
Abstraction-Level Rule-Based Learning Engine) framework applied
to clinical sleep analysis. The workflow is represented as a hier-
archy of abstraction levels (dashed regions), progressing from raw
PSG signals (EEG/EOG/EMG) to low-level micro-annotations (e.g.,
spindles, K-complexes, REMs), to epoch-level sleep staging and the
resulting hypnogram, and further to derived sleep metrics that
are combined with other information in a diagnostic procedure to
produce a diagnosis. At each level, MARBLE pairs a rule-based
process (e.g., scoring rules and deterministic calculations) with a
pattern-based black-box counterpart (black rectangles) trained on
data, enabling a comparison between rules and learned statistical
evidence and supporting human oversight when the two pathways
disagree.
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10.2 SleepScorer: MARBLE applied to
sleep analysis

The MARBLE framework is a conceptual architecture for
decision support systems. To see what such an architecture looks
like in practice when applied to sleep analysis, we now describe a
concrete implementation. SleepScorer is a decision support system
for sleep architecture analysis based on MARBLE. A prototype of
the system is available for use at https://sleepscorer.com.

10.2.1 System architecture
SleepScorer is implemented as a web application with a Python
Django backend, the Django ORM over a relational database, and
a React frontend. PSG recordings are uploaded as EDF files and
loaded using MNE [204]. Signals are preprocessed and divided
into 30-second epochs, and the processed data are stored in the
database. The system uses the rule-based sleep staging from
Paper II as its rule-based epoch pathway, and the ML models from
Papers I and V as its pattern-based pathways at the epoch and
sleep-metric levels, respectively. At the micro-annotation level,
ML detectors for events such as sleep spindles, K-complexes, SWA,
and REMs run in parallel with signal-processing rules that check
the AASM-specified amplitude, frequency, and duration criteria
for each event type.

10.2.2 Navigating the abstraction hierarchy
The SleepScorer user interface is organized around the abstraction
hierarchy in Figure 10.1: a sleep report overview, a sleep met-
ric view, a hypnogram view, an epoch view (where signals and
micro-annotations are shown), and a micro-event view. The user
navigates between these views, keeping track of their current level
on the Analysis Level navigation bar at the top. Throughout these
levels, the system presents three “paths”, a pattern-based estimator
(ML models), a rule-based estimator (scoring rules and other logic)
and a manual override.

The user (typically a sleep technologist) begins at the sleep
report level (Figure 10.2), where they see patient metadata, record-
ing metadata, and a list of sleep metrics. With the “Show warnings”
toggle enabled, sleep metrics that need attention are marked with

https://sleepscorer.com
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Figure 10.2: SleepScorer report-level overview showing patient and
recording metadata, automatically derived sleep parameters, and
stage distribution. Warning icons highlight parameters that require
review due to uncertainty or disagreement between rule-based and
pattern-based pathways.



10.2 SLEEPSCORER 181

warning icons, and hovering the mouse over the warnings reveals
the reason for the warning.

Clicking the magnifying glass icon next to a sleep metric opens
the sleep metric view (see Figure 10.3). For N3 duration, for
example, the rule-based pane states the calculation explicitly: the
sum of N3-epoch durations in the hypnogram, by AASM rule;
while the pattern-based pane shows the estimate produced by the
heuristic signal intensity (HSI) and ViT models from Paper V,
together with the soft-aggregation method described there. If the
result is faulty, the user can correct it directly via the manual
override pane or by descending to a lower level. To do the latter,
they click “View in Hypnogram”.

Figure 10.3: Parameter-level view for N3 duration with pattern-
based and rule-based estimates shown side by side. The rule-based
pane states the explicit calculation (summing N3 epochs) and links
to the hypnogram. The user can manually set the N3 duration
using manual override.

The hypnogram view (Figure 10.4) shows two hypnograms.
One is rule-based and shows all epochs scored using the scoring
rules. The other is estimated from PSG signals using the HSI
or ViT models (pattern-based). Epochs are highlighted in yellow
where the two pathways disagree (a discrepancy flag) and in purple
where the pattern-based model is uncertain (an uncertainty flag).
Clicking on a flagged epoch opens the epoch view (Figure 10.5),
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Figure 10.4: Hypnogram view in the SleepScorer prototype, designed
to clarify where human oversight is most needed. The interface
displays the night’s hypnogram estimates (rule-based and pattern-
based) and overlays warning regions on the hypnogram: purple
marks uncertainty (low-confidence or weak evidence in the pattern-
based estimate) and yellow marks discrepancy (conflict between
rule-based and pattern-based outputs). Clicking on an epoch takes
the user to the epoch-level view for that epoch.

where the PSG signals are plotted with the underlying micro-
annotations. The same three panes (pattern-based, rule-based,
manual override) summarize the stage decision for the epoch: the
pattern-based pane reports the ML model’s stage probabilities (e.g.,
80% probability of N1); the rule-based pane shows the decision
implied by the AASM rules together with the chain of micro-
annotations from which it was derived; and the manual override
pane allows the user to set the stage directly.

The user can also change the rule-based stage by editing the
micro-annotations on which the rule-based decision was based, by
creating, editing, or deleting an annotation. Whenever the user
makes a change at any level, SleepScorer re-runs the affected parts
of the analysis pipeline, propagating the change upward. A single
mislabelled SWA annotation, for example, may flip an epoch’s
rule-based stage from N3 to REM, and if the epoch is early in the
night, the change can substantially shift REM onset latency, and
thereby the sleep report. In this way, the user can correct errors
where they originate.
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Figure 10.5: Epoch-level view in the SleepScorer prototype. The
top navigation bar (“Analysis Level”) shows the user’s current place
in the abstraction hierarchy (Sleep Report > Sleep Metric > Hypno-
gram > Selected Epoch). The PSG signals for the selected epoch
are plotted with the micro-annotations. Three decision panes sum-
marize the sleep stage decision for this epoch: the pattern-based
pane shows the ML model predicted stage probabilities; the rule-
based pane shows the stage predicted by the AASM rules; and the
manual override pane allows the user to set the epoch stage directly.
This example illustrates a rule/pattern discrepancy, pattern-based
suggests N1 while the rules say REM, resolved via a manual over-
ride. Higher-level quantities are then recomputed and propagated
upwards.
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10.2.3 The chat assistant
At every analysis level, SleepScorer provides an embedded chat
interface (Figure 10.6) in which the user can interact with an
assistant in natural language. The assistant does not generate
post-hoc explanations independently of the rule-based pathway.
The natural-language explanation mechanism developed in Paper II
produces a structured trace of the rule-based decision in clinical
language, and this trace is the only substantive input the assistant
receives about the recording in the current view. The assistant’s
role is to render that trace conversationally, to map user questions
to the relevant entries in the trace, and to clarify the meaning
of clinical terms. At the epoch level, for instance, a user asking
why an epoch was not classified as N2 is answered by reference to
the specific necessary criteria in the trace for which evidence was
lacking, such as an absent K-complex or spindle.

This design constrains the assistant to operate within MAR-
BLE’s commitments rather than against them. It does not elimi-
nate the failure modes of LLM-based systems entirely: the assistant
can still misrender or omit parts of a long trace, and its phrasings
should be treated as an aid to navigation rather than as a primary
source of clinical justification. The text rendered in the rule-based
pane of the relevant view remains the authoritative explanation.

Figure 10.6: Chat interface for querying decisions in the SleepScorer
system. Answers are grounded in the scoring rules and available
micro-annotations.
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10.2.4 Known limitations
Several limitations of the current SleepScorer prototype are worth
noting. The first concerns alert fatigue, a well-documented failure
mode of clinical decision support systems in which an excess of
warnings causes users to ignore them or override them by reflex
[314]. A closely related issue is the potential overreliance on
alerts [315]. The number of flags raised during a typical recording
depends on the thresholds τu and τd, which are currently set on
heuristic grounds. Calibrating these thresholds against clinical
workflow data, so that the rate of raised flags is informative rather
than overwhelming, is necessary before SleepScorer is deployed
beyond its current research setting.

The second concerns the agreement-on-error case, in which
the rule-based and pattern-based pathways agree but are both
wrong. MARBLE raises no flag in this case, and its design im-
plicitly assumes that the two pathways fail independently. This
assumption is plausible because the two pathways are constructed
from different sources of information — one from explicit rules over
micro-annotations, the other from learned statistical patterns over
raw signals — but it is an assumption nonetheless. Quantifying
the rate of joint failure on held-out data is identified as future
work in Section 11.5.

The third concerns calibration of borderline cases at the micro-
annotation level. When the underlying micro-annotations are
themselves uncertain, the rule-based pathway’s downstream con-
clusion inherits that uncertainty in ways the current implementa-
tion does not fully propagate. A more thorough propagation of
uncertainty from the micro-annotation level upward through the
rule-based pathway is a natural next step.

The fourth, already noted above, concerns the chat assistant.
Even with grounding in the rule trace from Paper II, the assistant
remains an LLM and inherits the failure modes of LLMs; users
should treat its output as a conversational view onto the underlying
trace rather than as an independent justification.

Fifth, the SleepScorer system has not been evaluated empiri-
cally. The prototype is presented here as a design artifact intended
to demonstrate that the MARBLE framework can be instantiated
end-to-end, with formal usability and clinical validation studies
left to future work.

Overall, SleepScorer illustrates what a rule-governed AI decision
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support system can look like in practice. It is not based on a single
perfect model, but a decision support system that (1) maintains a
clear separation between statistical pattern recognition and rule-
based logic, (2) surfaces discrepancies between the two modes, and
(3) allows the user to make corrections at the appropriate level.



Chapter 11

Discussion

The results of this thesis span six papers that address distinct
technical questions: architecture search, rule coding, simulation of
measurement error, regression modeling, and XAI. Taken together,
however, they converge on the overarching thesis questions: in PSG
sleep architecture analysis, what decisions should be automated
and how should they be justified? The contributions collectively
reveal a set of tensions: between statistical performance of ML
models and clinical reasoning; between ML evaluation metrics
and clinical relevance; and between XAI explanations and clinical
justifications.

11.1 Key findings
In Paper I, we used neural architecture search to demonstrate
how far pattern-based learning can be pushed for automatic sleep
staging. Given sufficient data and computational power, we can
find and train ML model architectures that learn to recognize sta-
tistical patterns in PSG signals, resulting in a highly accurate sleep
staging model. However, this is achieved without any reference
to the clinical framework of rules and guidelines. The model is
optimized solely for predictive performance. The predictions made
by the model are not guaranteed (and in fact highly unlikely) to
operate on the basis of AASM scoring rules.

In Paper II, we approached the same problem from the opposite
direction. Instead of training a model to recognize patterns, we
hard-coded the AASM scoring rules into executable logic. This
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produced a fully transparent staging model, where every decision
is justified by faithful reference to the scoring rules, in terminology
familiar to clinical staff. But the transparency comes at the cost of
performance. The algorithm’s accuracy is lower than DL models
such as the one we trained in Paper I. The shortcomings are not
arbitrary; the algorithm struggles to classify scenarios where the
scoring rules are ambiguous, such as for epochs of N1 or wake.
Sleep staging requires more than just following the scoring manual.
Human scorers use their judgment, common sense, and pattern
recognition to navigate ambiguity in the rules.

Paper III reframes the task of automatic sleep analysis by
calling into question the dominance of sleep staging ML. The
decision to focus ML research in sleep architecture analysis on
sleep staging classification has been shaped by historical and
practical reasons, such as the availability of training data with
epoch-level labels and the desire to emulate a time-consuming step
in the manual workflow. But our simulation results show that this
choice of abstraction level has consequences because the mapping of
staging errors to derived sleep metrics is non-linear, complex, and
often counterintuitive. The paper shows that prevailing evaluation
metrics of sleep staging ML, accuracy, and Cohen’s kappa, are
weak indicators of performance in sleep metric estimation and
hold limited clinical relevance. The paper motivates a shift in
abstraction levels, presenting sleep metric estimation as an obvious
candidate.

Paper IV strengthens this point by showing that human agree-
ment at the level of epoch-by-epoch staging does not translate
uniformly into agreement at the level of sleep metrics. Some sleep
metrics, such as TST, SOL, WASO, and SE, were reliable across
scorers, whereas others (especially metrics describing how sleep is
divided across NREM stages) were much less reliable. This leaves
human consensus sleep metrics as the most defensible proxy for a
“ground-truth” value.

Paper V builds on this finding by asking whether sleep metrics
should be estimated more directly from PSG data rather than
derived through a hypnogram. The paper investigates methods
that reduce or bypass reliance on the hypnogram, including soft
aggregation of hypnodensity and direct sleep metric estimation.
Because Paper IV showed that scorer-derived metric values vary
meaningfully, Paper V evaluates these methods against consensus-
based sleep metric references rather than treating a single scorer-
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derived value as ground truth. Under that framing, some of the
proposed methods achieve errors comparable to, and for some
metrics lower than, those of individual human scorers in leave-one-
out comparison against consensus.

This is encouraging, but also conceptually disturbing: should
we start using sleep metric estimation models as the “ground-
truth” if they are shown to consistently outperform human scorers?
Clinical sleep analysis can not be reduced to producing a handful
of summary metrics. Sleep metrics are a part of a broader system
of interpretation and decision-making, where human common sense
and intuition remain essential.

Paper VI reinforces this point by showing qualitatively that
training a high-accuracy black-box model that outputs convincing
explanations fails to solve the underlying issue. Interviews with
sleep technologists indicate that they expect AI to operate within
a framework of AASM rules and express decisions in familiar
terminology. They want to be able to examine decisions made by
AI, interactively querying and probing explanations made by the
system.

Together, these results sharpen the chapter-opening thesis
questions of what to automate and how to justify the result into
more concrete design decisions: where in the hierarchy of clinical
sleep analysis AI should be put, and when at that level it should
be symbolic and when it should be neural.

The dominant choice in the literature is to apply AI at the
epoch-by-epoch staging level. The work in this thesis suggests
that this choice is problematic and that moving upward in the
hierarchy, to sleep metric estimation, is more closely aligned with
clinical practice. But the hierarchy continues: why not automate
the creation of sleep reports directly from PSG signals? Should
diagnosis be automated end-to-end? At whatever level is chosen,
neither symbolic logic alone nor neural pattern recognition alone
is sufficient. A rule-based pathway loses performance where the
scoring manual is ambiguous (Paper II), while a pure pattern-based
system loses alignment with clinical rules (Papers I and V).

These design decisions are coupled. The abstraction level
imposes limitations on the available representations and on the
ways they can be evaluated (Paper III), and the choice of reasoning
mode interacts with the level. Rather than selecting a single level
and a single mode of reasoning, we propose a framework that
runs symbolic and neural processes in parallel at multiple levels of
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abstraction and uses their agreement (or disagreement) to guide
human-AI collaboration.

11.2 Answering the research questions
Returning to the four research questions stated in Section 1.1, the
contributions of the thesis support the following answers.

RQ 1 Under what conditions do conventional ML sleep
staging models and evaluation metrics fail to be clinically
useful? The thesis shows empirically that conventional ML
sleep staging models and the evaluation metrics (such as
epoch-level accuracy and Cohen’s kappa) are insufficient in
any practical sleep architecture analysis. A good epoch-
by-epoch staging agreement is no guarantee of adequate
predictive strength in sleep architecture metrics.

RQ 2 Are there targets and evaluation metrics that are
more robust and clinically relevant than epoch-by-epoch sleep
stage classification if the clinical task is interpreting sleep
architecture? The thesis shows that more clinically relevant
targets exist, especially approaches that move beyond the
hypnogram as an intermediate representation and instead
estimate sleep architecture metrics directly.

RQ 3 To what extent can clinical sleep scoring rules be
translated into an executable procedure, and where do ML
models provide support within that procedure? The thesis
shows that large parts of the clinical sleep scoring rules can
be translated into executable code. At the same time, it also
shows that these must be run in parallel with ML because
real signals are noisy and the rules are ambiguous.

RQ 4 What must a clinical sleep architecture analysis deci-
sion support system provide for human experts to collaborate
with AI models? The thesis shows that a clinically useful AI
decision support system must do more than return predic-
tions and static explanations. It must support interaction,
convey uncertainty, and explain how evidence from the input
data is used by the rules of the procedure. In particular,
it must make visible where rule-based and pattern-based
reasoning are in agreement and where they diverge. In this
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way, the human user remains the accountable decision maker,
while the system is used to navigate the multi-level decision
process.

Thesis questions In PSG sleep architecture analysis, what
decisions should be automated with ML, and how should those
decisions be justified? The thesis answers these overarching
questions by proposing that ML automation in PSG sleep
architecture analysis should occur at multiple abstraction
levels in the analysis hierarchy. The justification of decisions
should be grounded in the rules governing the workflow, with
ML contributing pattern recognition inside the wider decision
support architecture, rather than providing explanations or
justifications.

11.3 Limitations
The work presented in this thesis has some significant limitations.
In addition to the limitations listed in individual chapters (Chap-
ters 4-9), the thesis results are limited in at least three areas.

Firstly, all empirical results in the thesis rely on three datasets
(SHHS, SleepEDFx, and SRMS) and on the populations and record-
ing conditions of those datasets. SHHS is large but draws from an
older, predominantly community-dwelling cohort and uses record-
ing protocols that differ from contemporary practice. SleepEDFx
is small, and is scored under the R&K manual rather than the
AASM rules. SRMS comprises only 50 full-night PSG recordings.
Findings about inter-scorer reliability (Paper IV), the rule-based
system’s behavior on real signals (Paper II), and direct sleep metric
estimation under scorer disagreement (Paper V) should therefore
be read as descriptive of these conditions rather than as universal
claims. The generalizability of the results and proposed methods
is thus potentially limited, as shown in Paper V when the perfor-
mance of models trained on SHHS was severely degraded when
they were applied to SRMS. The rule-based pathway of Paper II
has been evaluated only on SRMS and the MARBLE architecture
of Chapter 10 inherits these limitations.

Secondly, the MARBLE and the SleepScorer prototype have
not undergone any clinical evaluation. SleepScorer is presented in
Chapter 10 as a design artifact intended to demonstrate that the
MARBLE framework can be implemented end-to-end. Whether
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the parallel rule-based and pattern-based pathways actually sup-
port clinical decision making, whether the flags they raise are
informative without being overwhelming, whether the explanations
are accepted by sleep technologists as relevant, whether unflagged
predictions are reliable enough to act on, and whether the system
saves time without degrading quality are all open questions. The
directions outlined in Section 11.5 are aimed at addressing them.

Thirdly, several of the empirical findings in the thesis are
evaluated against expert consensus. Paper IV shows that consensus
is not a fully stable reference at the level of individual sleep
metrics, but the rest of the thesis continues to rely on it because
no better reference is available. Deeper validation of any of the
proposed methods, including SleepScorer, will ultimately require
evaluation against external clinical outcomes rather than against
scorer opinion. There is also a circularity concern that is worth
naming: the same expert population that produces the consensus
also produces the labels on which the pattern-based models are
trained, so claims that a model approaches or exceeds consensus
performance are claims about agreement with a particular labeling
tradition rather than about physiological accuracy.

11.4 Looking beyond sleep
Sleep is far from the only domain where the integration challenges
described above arise, and the MARBLE framework is intended
to be useful beyond sleep medicine.

For the MARBLE framework to be applicable, three properties
must hold. (1) The task must be a multi-level decision proce-
dure (see Figure 11.1) in which high-level decisions are composed
of lower-level sub-decisions. (2) At each level, there must be
sufficiently explicit rules to support a rule-based pathway, with
intermediate artifacts that are inspectable and auditable. And (3)
there must be enough data and structure at each level to make
a complementary pattern-based pathway worthwhile, so that the
two pathways can be run in parallel and their disagreement used
as a signal for human oversight. Sleep architecture analysis fulfills
all three criteria. The AASM scoring manual codifies rules at all
levels; the workflow has explicit intermediate artifacts at multiple
abstraction levels, from micro-events through hypnograms and
sleep metrics to the clinical report; and large labeled PSG datasets
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Figure 11.1: A rule-based decision-making procedure, consisting of
processes at multiple abstraction levels. Process 1 consists of sub-
processes 1-1 and 1-2, which in turn consist of sub-sub-processes.

exist to train pattern-based models.
Many regulated domains share these properties to varying de-

grees. In medicine, radiology reporting has codified guidelines
and a hierarchy of intermediate artifacts. In education, the as-
sessment of students has rubrics and guidelines that function as
rules. In finance, credit underwriting and mortgage decisions sit
on top of regulations and procedures and are increasingly served
by ML-based credit scoring.

To illustrate what an implementation of MARBLE in another
domain could look like, Figure 11.2 sketches a hypothetical MAR-
BLE instance for mortgage application review. Mortgage decisions
are suitable as an illustrative case because they are regulated and
depend on both predictive assessments and explicit decision rules.
A credit score may summarize borrower risk, but it is only one com-
ponent in a wider decision procedure that also includes payment
ability, collateral, loan-to-value (LTV) constraints, documentation
checks, Central Bank rules, and institution-specific policy rules
[316]–[320].

In a hypothetical MARBLE mortgage system, rule-based proce-
dures would produce the auditable decision path, while ML models
would run in parallel to flag discrepancies, uncertainty, or cases
requiring human review. The system would therefore use ML to
support the regulated procedure, rather than replace it.

Figures 11.3 and 11.4 show how this could appear in a decision
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Figure 11.2: Multi-level mortgage decision pipeline for a financial
institution in Iceland. Raw application data and documentation are
transformed into intermediate variables and sub-assessments, which
feed an explicit rule-based decision procedure. Pattern-based ML
models provide parallel estimates at the same abstraction levels.
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Figure 11.3: Mortgage application overview in the demonstration
interface, showing the application summary, current recommenda-
tion, main decision components, and warnings requiring review.

Figure 11.4: Credit score view in the prototype interface. The
pattern-based analysis shows ML credit-score estimates, while the
rule-based analysis shows the scorecard and its supporting evidence.
Warning indicators flag discrepancies at lower abstraction levels,
such as LTV.
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support interface.1 The analyst begins with an application-level
overview and can drill down into any flagged component. At each
level, the rule-based pathway shows the formal basis for the current
value or decision, while the pattern-based pathway provides an
independent estimate. Disagreements between the two are surfaced
as warnings, and the user can investigate or override the system.

This mortgage example is only a demonstration. It does not im-
plement a validated scorecard or evaluate real mortgage decisions.
Its purpose is more limited: to show that the MARBLE framework
(multiple abstraction levels, parallel rule-based and pattern-based
pathways, drill-down on discrepancies, and human override) can
be expressed in a regulated domain that is structurally different
from sleep medicine.

11.5 Future work
This thesis opens several directions for future work. The Sleep-
Scorer prototype must be evaluated under conditions that resemble
clinical practice. A study with two complementary parts would
address most of the open questions identified in Section 11.3. The
first part could be a retrospective evaluation of SleepScorer outputs
against multi-scorer reference data already collected within the
Sleep Revolution project. This would make it possible to evaluate
the system’s predictive accuracy both at the level of sleep stages
and, more importantly, at the level of sleep architecture metrics,
against consensus-based reference values rather than against a
single scorer’s labels. The retrospective evaluation would also
support targeted analyses that the prototype’s design assump-
tions depend on but that have not yet been validated: that the
epochs flagged by MARBLE’s parallel pathways correspond pre-
domi to epochs where human scorers also disagree; that unflagged
epochs are reliably correct (the agreement-on-error case discussed
in Section 10.2.4); and that the flag rate produced by the cur-
rent heuristic thresholds is informative rather than overwhelming
once calibrated against scorer-disagreement data. The second part
would be a small prospective workflow study in which experienced
sleep technologists score a fixed set of recordings under two con-
ditions, with and without SleepScorer assistance. The relevant
outcome measures are time-to-score, agreement of the final scoring

1There is a recording of the UI at https://youtu.be/6edgoRQUmbw.

https://youtu.be/6edgoRQUmbw
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with the multi-scorer consensus, willingness to act on flags, the
proportion of system-suggested revisions accepted by the user, and
qualitative feedback on the explanations and on the chat assistant.

Together, these two parts would test whether MARBLE’s
design assumptions hold in practice and whether the system, as
currently implemented, produces a workflow that experts find
usable and trustworthy. Particular attention should be paid to
the unflagged cases in both parts of the study, since these are
presented to the user as safe to trust without further scrutiny and
are therefore the cases where any silent failure of the system would
do the most damage.

The broader claim of the thesis, that the MARBLE framework
is transferable to regulated decision support more generally, has
not been tested. Implementing MARBLE in a second domain,
with parallel rule-based and pattern-based pathways operating
at multiple abstraction levels and the same flag-driven model of
human oversight, would either strengthen the cross-domain claim
or expose dependencies on the specifics of sleep medicine. Suitable
candidate domains include clinical decision support outside of sleep.
The mortgage application demonstration described in Section 11.4
sketches what such an instance could look like outside the clinical
setting.

Future work should also explore clinical outcome validation
of alternative sleep metrics. Papers III and IV show that some
conventional sleep architecture metrics have substantial inter-scorer
variability and may not reliably reflect the physiological quantities
they are taken to measure. This raises a question that the present
thesis does not answer: whether alternative sleep descriptors, for
example, the heuristic signal intensity (HSI) metrics introduced
in Paper V, predict clinically meaningful outcomes better than
conventional hypnogram-derived metrics. A useful direction is to
replicate published studies that have used conventional metrics in
outcome prediction, for example, the work of Javaheri et al. [251]
on the association between N3 sleep and hypertension, on open
datasets such as SHHS, and to test whether HSI-based or direct-
estimation metrics produce stronger or more reliable associations.
Clinical outcomes provide an external source of truth that scorer
consensus does not.

Three further directions are worth listing briefly. The path-
dependent sleep metrics not covered by Paper V, sleep onset latency
and REM onset latency in particular, deserve their own treatment,
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since they may behave differently under direct estimation or un-
certainty propagation than the additive duration metrics studied
so far. And the micro-annotation models used in Paper II should
be replaced by separately validated event-level detectors, against
expert event-level annotations, before the rule-based pathway is
treated as a primary sleep stage scoring method rather than as an
auditable cross-check.
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Conclusion

This thesis investigated how AI and ML can be integrated into the
regulated workflow of polysomnography-based sleep architecture
analysis without sacrificing the justifiability of outcomes. The
argument developed across the six papers and synthesized in the
MARBLE framework of Chapter 10 is that AI integration in clin-
ical sleep analysis should not be framed as the automation of a
single prediction task, typically epoch-by-epoch staging, but as
the careful design of decision support across a rule-governed hier-
archy. Workflows should be implemented as multi-level executable
emulations of the rules, ML models should be inserted in parallel
at each level rather than concentrated at one, and discrepancies
between the rule-based and pattern-based pathways should be
used to guide human oversight. The human expert remains the
accountable decision maker.

Beyond this integration argument, the thesis produced several
specific contributions. Paper I introduced a data-local autonomous
LLM-guided neural architecture search framework for multimodal
multiclass classification, demonstrating that competitive sleep
staging models can be discovered automatically under data-locality
constraints typical of clinical settings. Paper II contributed, to
our knowledge, the first automatic sleep staging algorithm based
directly on the AASM scoring manual, showing that the task can be
automated in a way that remains faithful to the scoring rules rather
than learning them indirectly through human labels. Papers III
and IV established, first by simulation and then empirically, that
strong epoch-level staging agreement does not guarantee reliable
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sleep metric estimation, challenging an assumption that has been
implicit in much of the automatic sleep staging literature. Paper V
developed direct sleep metric estimation methods that bypass the
hypnogram and showed, on N3 duration, that a low-capacity model
can exceed the performance of some individual human scorers
when evaluated against expert consensus. Paper VI established
design requirements for human–AI collaboration in this setting,
and SleepScorer in Chapter 10 instantiated those requirements as
a working prototype.

Although the work is rooted in sleep medicine, the problem
it addresses, i.e., how to integrate AI into a regulated workflow
without losing the chain of justification that makes the workflow
defensible, is shared by many other domains. The MARBLE
framework is offered as a candidate design principle for that broader
problem. Whether it generalizes beyond sleep is a question for the
work that follows from this thesis rather than one settled by it.
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Paper IV supplement

A.1 Bland–Altman analysis
To characterize the distribution of scorer-versus-panel differences
at the metric level, we performed Bland–Altman analyses using
the same leave-one-out panel reference defined above. For each
recording i, scorer A, and sleep metric π, let

Y
(A)
π,i

denote the scorer-derived metric value and let

Ȳ
(−A)
π,i =

1

K − 1

K∑

B=1
B ̸=A

Y
(B)
π,i

denote the corresponding leave-one-out panel mean across the
other K − 1 = 9 scorers.

For each scorer-recording pair, the Bland-Altman signed differ-
ence was defined as

d
(A)
π,i = Y

(A)
π,i − Ȳ

(−A)
π,i ,

and the corresponding Bland–Altman mean was defined as

m
(A)
π,i =

Y
(A)
π,i + Ȳ

(−A)
π,i

2
.
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For each metric, pooled Bland–Altman summary statistics were
then computed across all scorer-recording pairs. Let

d̄π =
1

NK

N∑

i=1

K∑

A=1

d
(A)
π,i

denote the pooled mean difference and let

sd,π = sdi,A

(
d
(A)
π,i

)

denote the pooled standard deviation of the signed differences.
The 95% limits of agreement (LoA) were computed as

LoAlower
π = d̄π − 1.96 sd,π, LoAupper

π = d̄π + 1.96 sd,π.

Because the reference for each scorer is the mean of the remain-
ing scorers, the pooled mean difference d̄π is zero by construction
when aggregated across all scorers and recordings. Accordingly,
Table A.1 reports the pooled standard deviation of the signed differ-
ences together with the corresponding symmetric lower and upper
95% limits of agreement. Figure A.1 shows Bland–Altman plots for
selected metrics, with each point representing one scorer-recording
comparison.

Bland–Altman analyses showed tight agreement for SE, REM%,
and SOL, but wider spread and evidence of heteroscedasticity for
several NREM stage metrics and for ROL.
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Figure A.1: Bland-Altman plots for selected derived sleep metrics
using scorer-versus-leave-one-out consensus comparisons. Each point
represents one scorer–recording comparison. The solid red line
denotes the pooled mean difference, and the dashed orange lines
denote the 95% limits of agreement. The tightest agreement was
observed for SE and REM%, whereas SOL showed broader limits
of agreement; broader spread and larger outliers were observed for
several NREM metrics and for REM onset latency.
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Table A.1: Pooled Bland–Altman summary statistics from scorer-versus-
leave-one-out comparisons.

Metric SD of differences Lower 95% LoA Upper 95% LoA

TST 25.63 -50.23 50.23
N1 duration 19.49 -38.20 38.20
N2 duration 35.48 -69.53 69.53
N1/N2 duration 33.10 -64.88 64.88
N3 duration 30.78 -60.34 60.34
REM duration 13.25 -25.97 25.97
N1% 4.63 -9.07 9.07
N2% 8.05 -15.77 15.77
N1/N2% 6.89 -13.50 13.50
N3% 7.08 -13.88 13.88
REM% 3.00 -5.88 5.88
SOL 13.56 -26.58 26.58
ROL 30.41 -59.61 59.61
WASO 22.17 -43.45 43.45
SE 4.06 -7.96 7.96

LoA denotes limits of agreement.
Abbreviations: SD, standard deviation; TST, total sleep time; N1,
stage N1 sleep; N2, stage N2 sleep; N3, stage N3 sleep; REM, rapid eye
movement; SOL, sleep onset latency; ROL, rapid eye movement onset
latency; WASO, wake after sleep onset; SE, sleep efficiency.
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A.2 Pairwise sleep-metric disagreement

A.2.1 Pairwise scorer-versus-scorer sleep-metric
disagreement

To characterize direct disagreement between human scorers, we
analyzed all pairwise scorer combinations within each recording.
For recording i and scorer pair (A,B), the absolute pairwise dis-
agreement for sleep metric π was defined as

d
(A,B)
π,i =

∣∣∣Y (A)
π,i − Y

(B)
π,i

∣∣∣ ,

where
Y

(A)
π,i = Ψπ

(
H

(A)
i

)

denotes the value of metric π derived from scorer A’s hypnogram
for recording i.

Pairwise disagreement was computed for the full set of de-
rived sleep metrics analyzed in the study. These absolute pairwise
differences were then summarized across all scorer pairs and record-
ings using descriptive statistics, including the mean, median, first
quartile, third quartile, and maximum (Table A.2).
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Table A.2: Summary of pairwise absolute disagreement for derived
sleep metrics across all scorer pairs and recordings.

Sleep metric Mean
abs. diff.

Median
abs.diff. Q1 Q3 Max

TST 18.56 9.00 3.50 21.00 244.50
N1 duration 18.44 13.50 6.00 24.50 154.50
N2 duration 36.19 28.50 13.00 51.00 230.50
N1/N2 duration 31.96 24.25 10.50 43.00 233.00
N3 duration 30.61 23.00 10.00 43.50 207.00
REM duration 12.30 8.50 3.50 16.50 107.00
N1% 4.28 3.13 1.45 5.53 46.51
N2% 8.42 6.86 3.28 11.85 51.13
N1/N2% 6.91 5.25 2.42 9.67 45.93
N3% 7.05 5.29 2.27 9.72 39.15
REM% 2.99 2.27 1.02 4.17 20.09
SOL 6.59 1.50 0.50 5.50 178.00
ROL 16.87 3.00 1.00 11.00 374.50
WASO 16.17 8.50 3.50 19.00 235.00
SE 2.93 1.43 0.59 3.37 40.05

Values summarize absolute pairwise disagreement across all scorer
pairs and recordings.
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