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Abstract 

The application of machine learning is becoming a major area of interest within the field of 

sleep science. The domain of sleep science is shifting, due to the automation machine learning 

introduces. Automatic analyses are vital to minimise diagnostic time and provide as many 

people as possible with the help they require. Artefact detection plays a key role in the 

development of automatic tools especially concerning the potential misdiagnosis by automatic 

models. This study explores the use of a representation reinforcement learning model on 

multivariate time series for automatic analyses on artefacts in sleep study recordings. This 

study concerns sleep data from a dataset of 100 full-night recordings from a standard equipment 

setup for diagnosing sleep-related breathing disorders. The scoring was performed by expert 

sleep analysts using a new proposed artefact standard. Two approaches were developed, both 

an unsupervised approach and a supervised one. The unsupervised approach used clustering on 

the features that resulted from the representation learning model. To validate the resulting 

features several supervised classification models were implemented, and their performance 

evaluated. The finding suggested that representation learning has immense potential in the 

development of automatic analyses on data from sleep studies. The models validated the 

benefits in the application of representation learning on multivariate time series and both the 

unsupervised and supervised models showed high association to the artefact annotation. The 

models developed in this study can be further improved upon for even better results in the 

analyses of artefacts in sleep data. 
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Chapter 1 

Introduction 

In recent years there has been a revolution in the use of machine learning (ML) in the medical 

domain. This revolution has been fuelled by rapidly increasing computational power and the 

rapid increase of data (Hwang, 2018). The application of ML is becoming a major area of 

interest within the field of medical science. ML can be defined as a set of algorithms that are 

based on the idea to give a computer the ability to learn without being explicitly programmed 

(Shen et al., 2017). ML algorithms take data as input, apply analysis to it and output the 

predicted values (Handelman et al., 2018). ML models can identify patterns and trends in data 

based on input data and past experiences. Unsupervised learning is a sub-category of ML and 

is defined as methods where a model is trained on unclassified or unlabelled data (Handelman 

et al., 2018). Supervised learning is a sub-category of ML methods where a model is trained 

on labelled data (Goodfellow et al., 2016).  

Many complex problems can be solved by extracting simple features from the data input 

and using said features as an input into an ML model (Goodfellow et al., 2016). Understanding 

what features should be extracted can be complex and not always feasible with manual 

methods. One solution to this problem is representation learning. Representation learning 

identifies features that represent the data. This method commonly returns much better 
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representations than their hand-made counterparts. It can enhance a model's adaptability to new 

tasks. When comparing hand-made representations with representations returned from 

representation-learning algorithms, it is not only the quality of the features that can vary but 

also the time required for generating representative features. Representation learning 

algorithms can generate good features in a few minutes or hours, while hand-made features 

may need decades for a community of researchers (Goodfellow et al., 2016).  

A sleep study is a process of monitoring the biophysical functions of a sleeping subject. 

It is used for assessing sleep quality and diagnosing sleep-related disorders (Halson, 2019). 

Various vital signals are recorded in a standard sleep study intended for diagnosing sleep-

related disorders (Mostafa et al., 2019). Sleep-related disorders are a growing public health 

concern worldwide and affect a large part of the world's population. One such disorder is 

obstructive sleep apnoea (OSA) (Mostafa et al., 2019). It has previously been observed that 

OSA could be affecting more than 1 billion individuals worldwide in the group of 30-69 year-

olds (Benjafield et al., 2019). The current diagnostic processes on sleep study recordings (SSR) 

is done manually by an expert sleep analyst and is costly since it is labour-intensive (Halson, 

2019). Furthermore, medical facilities only have a small number of sleep diagnostic experts 

that are qualified to diagnose sleep-related breathing disorders, which leads to longer waiting 

lists. Consequently, there is considerable room for improvements in these processes (Mostafa 

et al., 2019). One such improvement is the use of ML, specifically deep learning to help 

identify, classify, and quantify patterns in medical data. 

Deep learning is a set of methods that automatically learn multi-level representations 

of the underlying modelling data (Lauzon, 2012). There are several reasons for the applicability 

of deep learning on problems related to SSRs. SSR data is complex because of the following 

characteristics. SSRs are high dimensional due to them consisting of a multivariate signal, 

which is problematic due to the increase in the volume of data and data sparsity. SSRs contain 
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long time series of multiple channels that make it difficult to analyse due to the sheer volume 

of data. The SSRs also differ between individuals and are of a time series nature. When 

analysing these time series they are visually observed and scored by experts. These 

characteristics align with the modelling of problems that ML methods have been applied to and 

have proven effective. The use of ML methods such as deep learning makes it possible to 

automatically identify and extract features necessary for analysing or classifying annotations 

and events. The deep learning methods provide the means to exploit hierarchical feature 

representations that are solely abstracted from the SSRs. In contrast, the traditional feature-

based methods involve designing features manually using the knowledge of expert sleep 

analysts (Roy et al., 2019). ML methods have achieved similar accuracy to the traditional 

feature-based methods (Hong et al., 2020). A combination of these methods has shown even 

better results in electro diagram analysis using an electrocardiogram (ECG). The most effective 

models have been using hybrid architectures, with convolutional neural networks (CNN) and 

recurrent neural networks combined with features designed by experts (Hong et al., 2020). The 

issue with the expert feature-based methods is bias, different standards, but foremost the 

financial cost (de Zambotti et al., 2016; Krakovská & Mezeiová, 2011). The proposed solution 

to this is utilizing the recent advances of deep-learning methods in the medical field for 

developing more accurate and standardised as well as less expensive, and unbiased approaches 

for analysing sleep data and diagnosing sleep-related diseases. 

If a part of a SSR has any kind of error, it can affect the final models or when performing 

automatic analyses. This can result in a model trained on bad data or wrong automatic 

diagnoses of disorders. These errors are referred to as artefacts in biomedical engineering. An 

artefact is defined in the dataset of this study as an event and is the part of the signal that 

includes any type of interference and is therefore not returning the true information of the 

physical input of the biophysical function measured. Artefacts can be categorised as 
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environmental, physiological and motion artefacts (Narayan, 2019). The various problems with 

detecting artefacts in SSRs have been argued by Saifutdinova et al. (2019), who states that the 

current algorithms do not perform well in detecting artefacts. The current algorithms do not 

perform well on multivariate signals and therefore base their results on an individual signal 

resulting in poor artefact detection. Deep reinforcement learning algorithms are often used in 

unsupervised representation learning models that handle data that has either no or sparse 

labelling (Saifutdinova et al., 2019), which is the case for artefacts in SSRs.  

This study sets out to investigate the usefulness of using ML and especially 

representation learning in the automatic analysis and detection of artefacts in SSRs. The aim is 

to explore the use of a representation reinforcement learning model on multivariate time series 

for automatic analyses on artefacts in sleep study recordings. An additional aim is to validate 

the resulting features by training a supervised classification model. The signals analysed are 

data from RIP belts, cannula, audio, and pulse oximeter. The study evaluates the benefits by 

observing a dataset that consists of one hundred full-night sleep measurements. The SSRs are 

from sleep studies that were performed for diagnosing sleep-related breathing disorders using 

self-applied equipment. 

 This dataset was scored by an expert sleep analyst that has proposed with others new 

methods in defining artefacts for more accurate artefact detection. The a priori hypothesis for 

this study is two-fold. Firstly, that the representation learning encoder implemented in this 

study would return features that correlated with the hand-made artefact features. The second 

part of the hypothesis is that a supervised classification algorithm trained on the features from 

the encoder to predict artefacts would give an AUPRC score higher than 0.60 on the test dataset. 

The model used in this study is an adjusted unsupervised representation learning model 

published by Franceschi et al. (2019) that learns features of the multivariate signal. The method 

is unsupervised and learns general representations from the multivariate time series. It solves 
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the challenges of analysing time series based on the varying length of inputs and the scalability 

of a large amount of data. The study utilises a representation learning encoder. The encoder is 

a convolutional neural network trained using a triple loss function with time-based negative 

sampling (Franceschi et al., 2019). This feature extraction method will give representations of 

the signals. The features are then used for observing the association between the model 

generated features and the artefact annotations proposed by the expert sleep analysts seen in 

Appendix A. Supervised classifications models are then used for validating the quality of the 

representation features. The classification models are trained on the generated features of the 

encoder using annotations from expert sleep analysts as labels.  

The overall structure of the study takes the form of six sections, including introduction, 

related work, methods, experimental design, results, and discussions. In the first section of the 

study, the introduction examined and explained the domain and the problems that this study 

concerns. The following section, Related Work is a literature review of studies on supervised 

and unsupervised learning methods both in the domain of sleep science and other general 

applications. The Method section concerns the general methods used in this study, defining the 

tools, algorithms and performance metrics used in this study. The Experimental Design section 

presents the implementation of the methods and the design. It is segmented into five phases. 

The first phase concerns the data exploration performed for this study. The second phase is 

about the pre-processing done on the dataset. The third is on the model design and design 

decisions. The last two phases concern the training phase of the model, and finally, the last 

phase is about the implementation of the model results. The following two sections of the study 

present the findings of the research and the conclusion of the whole study. The Result section 

examines several experiments performed using unsupervised clustering methods and 

supervised classification methods. The last section of the study discusses the results of the 

experiments and their implications.



 

 

 

 

 

Chapter 2 

Related Work 

The following chapter includes a literature review for this study. The chapter is divided into 

sleep monitoring where different methods are discussed. The second chapter is about the use 

of ML methods on sleep analytics data. The chapter is also divided into supervised and 

unsupervised methods and the studies relating to them.  

2.1 Sleep Monitoring 

There are several different methods used for monitoring and measuring sleep, and the main 

ones are described here below. Choosing which method to use for monitoring depends on the 

problem and the issue at hand (Halson, 2019). The model that is used in this study can be 

modified to suit different types of data in artefact detection. It would also be possible to 

combine different sleep monitoring techniques for better artefact detection. In this study sleep 

study recordings are used as an umbrella term for any type of sleep monitoring recordings, be 

it polysomnography or a self-applied somnography (SAS). The number of signals recorded, 

and techniques can vary. 

Full night Polysomnography (PSG), is the golden standard in the diagnostic of sleep-

related breathing disorders (Rundo & Downey, 2019). A PSG recording is most often manually 



2.1 SLEEP MONITORING 23 

 

scored by an expert sleep analyst. Disorders that PSG is used for diagnosing include central 

sleep apnoea (CSA), obstructive sleep apnoea (OSA) as well as sleep-related 

hypoventilation/hypoxia (Rundo & Downey, 2019). PSG records different biological signals 

of a subject, consisting of at least eleven channels (Bsoul et al., 2011). It allows for determining 

sleep stages and is commonly only used for diagnosing specific sleep disorders due to it being 

expensive, complex to set up and can cause disruption in sleep (Halson, 2019). PSG is useful 

for research purposes, especially when observing the impact of an intervention on sleep quality 

(Rundo & Downey, 2019). Activity monitoring or actigraphy are monitoring techniques that 

are done with small wearable devices (Halson, 2019). These devices have been found useful 

for longitudinal monitoring due to the low disruption on a subjects sleep and daily activities. 

The data from these devices record movement as a function of time. Algorithms and research-

grade sleep monitors using these techniques have been validated against PSG data in 

quantifying sleep and wake (Rundo & Downey, 2019). Smartphone applications are becoming 

more popular, as proposed by Halson (2019), where most subjects already have that 

technology. This allows the public to get an idea of the quality of sleep using motion detectors, 

questionnaires, audio, and video recordings. Some applications have been tested against PSG 

and reported to have little or no correlation between them when observing sleep efficiency, 

sleep staging, and sleep parameters. Researchers have no influence on most of the apps since 

the monitoring and scoring is intertwined and, in most cases, a black box. Self-assessment tools 

such as sleep diaries and sleep questionnaires are simple and cost-effective techniques for 

assessing sleep. Despite it providing an idea of the quality of sleep there are biases in terms of 

social desirability, expectations, and inaccurate recall of information. The information can be 

valuable combined with other monitoring techniques (Halson, 2019).  
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2.2 Machine Learning on Sleep Analytics Data 

There have been different methods of research for analysing sleep data, mainly on SSRs (Hong 

et al., 2020). The ones that have been proven to be most effective are ML methods, including 

but not constrained to deep-learning methods. This is due to the methods capability to exploit 

the hierarchical feature representations that are solely abstracted from the SSRs without much 

domain knowledge (Hong et al., 2020). In the literature review, there were no studies 

encountered that used unsupervised representation learning for analysing artefacts in the 

domain of sleep science. Nevertheless, studies have been performed on the application of ML 

methods in sleep staging, apnoea classification and regression scoring (Mostafa et al., 2019). 

2.2.1 Unsupervised Learning 

Franceschi et al. (2019) proposed new methods for doing analyses and forecasting on 

multivariate time series. There is a lot of work done on representation learning in the fields of 

natural language or video processing, but not much that deals with general use for multivariate 

time series on non-temporal data (Franceschi et al., 2019). The conference paper discusses the 

challenges when it comes to certain problems, such as, that real-life time series are rarely 

labelled, which is not always the case in the domain of sleep science. Other challenges are 

similar like the data is sparsely labelled, and the definitions of labels can vary. Due to these 

challenges, the paper proposes that unsupervised reinforcement methods are strongly preferred 

over supervised methods. 

The present study utilises a method proposed by Franceschi et al. (2019) for the 

representation of multivariate signals. This method is an unsupervised trained scalable encoder, 

implemented as a deep CNN. The loss function used for training the encoder is built as a triplet 

loss that uses negative sampling (Franceschi et al., 2019). This model is modified in this study 

to do analyses on multivariate SSR time series. 
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Nikkonen et al. (2019), set out to determine if an ANN could accurately estimate the 

apnoea-hypopnea index (AHI) and oxygen desaturation index (ODI). The uniqueness of the 

study was that it only used the blood oxygen saturation signal. Nikkonen et al. (2019) found 

that the accuracy of their neural networks was as high as 90.9% and 94.4% for predicting the 

AHI and ODI, respectively. This means that patients could get a fast and accurate diagnosis of 

OSA, cutting out some wait time and cost. The study used 1989 PSG recordings of patients 

with suspected OSA split into 90%, 10% test and training, respectively. An additional 99 

patients from the training set were also randomly selected to be a part of a validation set. All 

the signals were divided into 10-minute epochs with 98% overlap, then down-sampled from 4 

Hz to 0.5 Hz. A limitation of this study is that the neural networks can not differentiate between 

OSA and CSA. To properly diagnose CSA, it is required to look at the breathing effort of the 

patients which the SpO2 signal does not contain (Nikkonen et al., 2019). Another potential 

issue that could affect the accuracy of the diagnosis in this method could be a bad signal, or an 

artefact that could lead to the network predicted an incorrect diagnosis. 

2.2.2 Supervised Learning 

There has been a wide range of studies on using deep learning methods for detecting 

sleep apnoea where the model is trained on multivariate PSG signals. Mostafa et al. (2019) 

carried out a systematic review of 21 articles that focus on ML in the domain of sleep apnoea 

signals. Signals used in the articles vary, but ECG and airflow signals are the 

most prevalent. Choosing what sensor or signal is most promising for apnoea detection is 

something that has not been determined and will depend on factors such as data quality and 

dataset size. Most research has been carried out with a dataset of 8-100 PSG recordings but 

only a handful of studies with over 1000 recordings. Many have tried using raw PSG data as 

input, but usually, the classifier performed better when using a bandpass filter as noise 

reduction and normalisation methods. Deep neural networks outperformed typical networks 
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except for one of the articles, in that case, the hyperparameter was poorly configured. CNN is 

the most used neural network, but it is not possible to indicate that this is the best type of 

network due to how little research has been done. The best performing models were methods 

that used hold-out and cross-validation methods (Mostafa et al., 2019). 

Maali & Al-Jumaily (2013) use the same signals as the signals this study will concern 

and reviews the application of different types of neural networks (NNs) and epoch size for 

predicting sleep apnoea. The networks used in the study are Elman, radial basis function and 

feed-forward backpropagation, with feed-forward being of similar architecture as CNN, which 

is used in this study. The data used is airflow, abdominal and thoracic movement signals. The 

data was collected from five patients. The apnoea events are annotated and scored by an expert 

sleep analyst. The study analysed 30-, 60-, 90-, and 120-second window sizes and the ability 

to predict different lead times 30, 60, 90 and 120-second epochs. All signals were mean-

normalised, and for each epoch, windows features were extracted from each signal. Features 

were generated from coefficients of wavelet. The features were then put into the NN 

algorithms. It was found that increasing the lead time can indeed increase the performance of 

the prediction, with the feed-forward network generally performing the best. The study 

concludes by implying that using an ensemble of NNs with different lead times for varying 

patients should be considered in the future due to differing results between patients (Maali & 

Al-Jumaily, 2013). 

 



 

 

 

 

 

Chapter 3 

Methods 

The following chapter discusses the dataset in detail, defines artefacts, the tools used, and the 

encoder. The encoder is discussed in detail and how reinforcement learning is used. To validate 

the performance of the encoder supervised- and unsupervised learning methods are utilised. 

The chapter introduces the algorithms for the supervised and unsupervised methods and how 

their performance is measured. 

3.1 Dataset 

The dataset used for this study consists of 100 SSRs and was collected by The National 

University Hospital of Iceland (K. A. Ólafsdóttir, personal communication, April 26, 2021). 

The cohort for the sleep study were subjects that had a suspicion of sleep apnoea. The cohort 

consisted of both female and male participants where females had a BMI from 19.7 to 42.8 and 

the BMI of males from 17.5 to 52.5. The maximum, minimum and standard deviation of both 

weight and height of the participants in the study is shown below in Table 1. The monitoring 

equipment setup was a standard setup for diagnosing sleep-related breathing disorders. This 

was a self-applied procedure where half of the cohort got an in-person explanation on applying 

the sensors on themselves while the other half got a video demonstration. The measurement 
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consisted of data from a cannula, RIP belts, pulse oximeter, sound, and a device for measuring 

the position of the body. The scoring was done by an expert sleep analyst using a new proposed 

standard which was designed to improve artefact detection (K. A. Ólafsdóttir, personal 

communication, April 26, 2021). This standard can be found in Appendix A. The custom 

standard made it easier to compute the relation of features generated by the representation 

learning to artefacts. 

Table 1 Descriptive Statistics for the Summarised Characteristics of the Participants in the 

SSRs 

Scale Max Min Mean SD 

Female participants height in centimetres 177.0 161.0 180.7 4.6 

Female participants weight in kg 123.0 51.0 89.7 20.4 

Female participants body mass index in kg/m² 42.8 19.7 31.2 6.8 

Male participants height in centimetres 196.0 167.0 180.7 6.8 

Male participants weight in kg 171.0 58.0 97.1 20.2 

Male participants body mass index in kg/m² 52.5 17.5 29.7 5.6 
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3.1.1 Device and Signals 

The Nox T3 device combined with a Nonin 3150 Pulse Oximeter was used to collect the SSRs, 

which is intended for mobile recording of bio signals during sleep. The device monitors thorax, 

abdomen, nasal pressure, snore audio, position activity, SpO2, pulse, and plethysmography. 

The device has been clinically validated (Nox Medical, 2017). 

3.2 Tools 

Various tools were utilised in the processing of data, analytics, and model design. The data 

collection phase is out of the scope of this study, but the tools used for data collection are given 

in subsection 3.1.1 Devices and signals. 

Python was used for all data processing, the pipeline, and model design. Within Python, 

different modules were used. NumPy and Pandas were used as data containers. NumPy made 

it possible to store each signal for faster computations and efficient data storage. Pandas module 

was utilised for storing the scoring for each recording which made it possible to structure the 

data in tables to be easily modified and fast lookup. pyEDFlib is a module for reading SSR data 

from EDF files into Python. Keras is a Python module and an API for the ML module 

TensorFlow. The model was trained and written with the Keras module. Plotly and Matplotlib 

were used for data exploration. Noxturnal was utilised in exporting the SSRs and was a part of 

the data exploration phase, Noxturnal is an analysis and sleep reporting software. The data was 

stored on an Ubuntu server, and the computation development and training were done on the 

same server. The server was equipped with two GeForce GTX 1080 Ti graphical processing 

units and an Intel Core i7-7800X CPU, with 32 GB of RAM. 
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3.3 Artefacts and Scoring 

An artefact is defined as "Something observed in a scientific investigation or experiment that 

is not naturally present but occurs as a result of the preparative or investigative procedure." 

("Definition of Artefact," 2020). Artefacts can be categorised into environmental artefacts, 

physiological artefacts, and motion artefacts when it comes to biometric monitoring, including 

but not limited to EEG (Narayan, 2019). Environmental artefacts are artefacts that occur due 

to interference from the subject's environment, such as interference from power lines and 

electromagnetic interference, due to the device not being grounded. This interference is not of 

major concern in the present study. Physiological artefacts are distortion in the signal, caused 

by some other physiological features in the body. These are categorised as artefacts induced by 

eye movement, muscle tension, and cardiac activities. The last category is motion artefacts 

which are artefacts that produce the most significant interference. For example, caused by a 

change in the relative position of the device's electrodes on the skin, resulting in electrical 

coupling (Narayan, 2019) or the case of the present study, caused by the RIP-belts or cannula 

being poorly positioned. This is the dominant artefact of concern in this study.  

The standard used for artefact scoring and analysis has been proposed by the expert 

sleep analysts Dr. Erna Sif Arnardóttir and Kristín Anna Ólafsdóttir. The standard aims to 

improve artefact detection. In Table 2 the artefacts are defined, the full standard can be found 

in Appendix A. 
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Table 2 Artefact Definitions 

Name Definition 

Signal-Artifact_abdomen Bad signal or flat (min 3 min) 

Signal-Artifact_thorax Bad signal or flat (min 3 min) 

Signal-Artifact_flow Bad signal or flat (min 3 min) 

Signal-Artifact_oxymeter No signal or 127 (min 10 sec) 

Signal-

Artifact_oxymeter_value 

The signal returns a value but the incorrect value (min 10 

sec) 

Signal-Invalid_data_movement Manually scored – is on Rip flow signal (min 60 sec) 

Note. The artefacts are defined more thoroughly in Appendix A. 

 

3.4 Representation Learning Encoder 

The encoder model developed by Franceschi et al (2019) is designed with three requirements 

in mind; the first requirement refers to the efficiency of the model but it needs to be both time 

and memory-efficient for training and testing. The second requirement is that the model needs 

to handle an input of variable lengths. The final and most important criterion for the 

development is that it needs to extract good features from the time series (Franceschi et al., 

2019). Good features in terms of representation learning are the ones that make learning tasks 

easier (Goodfellow et al., 2016). For handling the time series Franceschi et al (2019) used a 

deep neural network with exponentially dilated casual convolutions. The model is implemented 
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as a stack of dilated convolutions. The stack is then mapped to a sequence of the same length. 

The model is casual because it only computes the n-th timestep of the output sequence from 

the values up until timestep n and no future input is used for the computation. Each layer of the 

network uses casual convolutions, weight normalisation, leaky ReLUs, and residual 

connections. The layers are then given an exponentially increasing dilation parameter. For the 

result of the encoder, the output from the network is put through a global max-pooling layer. 

The layer aggregates the information from the casual network into a fixed-size vector. The last 

step and the output of the encoder is a linear transformation of the fixed-size vector (Franceschi 

et al., 2019). 

3.5 K-means 

K-means is an unsupervised ML clustering algorithm. Clustering is the process of grouping 

similar data points together so that in each cluster the data points are more correlated to each 

other than to data points in different clusters (Alsabti et al., 1997). K-means identifies a k 

number of centroids, which are the centre of each cluster (Na et al., 2010). The optimal number 

of clusters can be difficult to determine and therefore, hyperparameter tuning was used with 

correlation as a performance metric. Another method used was the elbow method. 

The algorithm works by starting with k randomly selected centroids and clustering each 

data point to the nearest centroid (Na et al., 2010). It then attempts to optimise the positions of 

the centroids by calculating the mean of each cluster and using that as the new centroid position. 

The algorithm stops when it converges (Na et al., 2010). 
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3.5.1 Elbow Method for K-means 

To determine the number of k in K-means the moment of inertia over different k values is 

plotted. K is determined by looking at the elbow of the plot. The elbow is when a curve's slope 

flattens.  

Figure 1 Elbow Method Example 

 

Note. The determined number of clusters is marked by the red circle, in this curve, the value 

is around 15 clusters 

3.6 Supervised Classifiers 

Supervised learning classifiers attempt to predict what category a specific input belongs to, 

based on previously observed labelled examples (Goodfellow et al., 2016). 

3.6.1 Decision Tree Classifier 

Decision tree classifiers are simple but used frequently in ML (Tan et al., 2019). The leaf nodes 

in the tree are assigned a label and the non-terminal nodes contain certain attribute tests that 

help classify said label. Each time a non-terminal node has reached the condition the node is 

evaluated and passed on to the next node, this process happens recursively until a leaf node is 

reached or the maximum depth (Tan et al., 2019). There are many ways to determine the best 
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split for decision trees but in this study, entropy is used. To avoid overfitting the classifier, it 

uses the max depth. Minimum samples leaf determines how many instances each node holds 

until it becomes a leaf node, the smaller the minimum split the more precise the tree becomes 

but that increases overfitting on training data. 

3.6.2 Random Forest Classifier 

Random forest classifiers are an ensemble method, it constructs several decision trees on 

resampled subsets of the training data. The model then outputs the average predicted label from 

each tree (Brillante et al., 2015).  

3.6.3 Gradient Boosting Classifier 

Gradient boosting classifier is an ensemble method, similar to random forest as it typically 

constructs a set of decision trees, but gradient boosting builds its trees sequentially to reduce 

the number of errors from previously built trees (Brillante et al., 2015).  

3.6.4 Support Vector Machine Classifier 

Support vector machines (SVM) attempt to distinguish between two classes by linearly 

separating them with the optimal hyperplane (Suthaharan, 2016). The hyperparameters used 

are C, and max iterations. C refers to the penalty for each misclassified label which in turn 

controls the size of the decision boundary. The size of the decision boundary determines how 

well the SVM generalises. 

3.6.5 Bagging Classifier 

A bagging classifier is an ensemble method that fits a random subset of the dataset with 

replacement to base classifiers (Skurichina & Duin, 1998). The base classifier depends on the 

implementation, in the case of this study it is a decision tree classifier. The prediction of the 

classifier is then determined by voting or averaging. 
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3.7 Classification Performance Metrics 

3.7.1 Receiver Operating Characteristic Curve 

For plotting the receiver operating characteristic (ROC) the true positive rate (TPR) is 

calculated. TPR also known as recall, is the proportion of positive cases correctly identified. 

The False positive rate (FPR) is also calculated. FPR is the proportion of positive classes 

incorrectly identified (Saito & Rehmsmeier, 2015). ROC is a probability curve, it plots the TPR 

against the FPR for every classification threshold. “Area under curve” (AUC) is the area under 

the ROC curve. AUROC gives the probability of how the classifier distinguishes between 

classes. AUROC is measured between 0 and 1, the higher the AUROC the better the classifier 

distinguishes. 

3.7.2 Precision-Recall Curve 

Precision-Recall curve (PRC) is a curve that plots recall against precision. It is better at 

representing the performance of a classifier on imbalanced datasets compared to AUROC 

(Saito & Rehmsmeier, 2015). It is also more beneficial when favouring true positive 

classifications. 

3.7.3 Other Metrics 

F1 score indicates a model's accuracy, the metric combines information of precision and recall. 

Support refers to the number of times a class occurs in a dataset (Vasant et al., 2020).



 

 

 

 

Chapter 4 

Experimental Design 

 

The experimental design chapter is segmented into five phases as seen in Figure 2. The first 

phase, data exploration, concerns how the exploration was performed for this study and what 

software was used and implemented for making the exploration more efficient. Then data pre-

processing discusses both the pre-processing for the unsupervised and supervised models. Then 

the model design method is described. It shows which ML and analytics methods were used. 

The training phase is described and what practices were used in the training of the supervised 

and unsupervised models. The final segment of this chapter is the model result phase which 

concerns how results from the models were calculated and evaluated. 

 

Figure 2 Method Process 
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4.1 Data Exploration Phase 

The dataset was stored in the NDF format which is designed specifically by Nox Medical for 

their application Noxturnal. Using Noxturnal the data was explored and exported into files 

readable by pyEDFlib. The dataset consists of people with suspected apnoea. Where sleep 

experts mainly focus on signals from RIP belts, cannula, blood oximeter and sometimes sound 

for validation when scoring. These signals need to be analysed simultaneously when scoring 

both for validity and to detect complex annotations like artefacts (K. A. Ólafsdóttir, personal 

communication, April 26, 2021). 

Current artefact algorithms do not correctly detect all artefacts due to their focus on 

single-channel approaches (Saifutdinova et al., 2019). This is because of the level of 

complexity the multivariate factor introduces. Therefore methods that have the ability to handle 

multivariate time series are beneficial in detecting artefact annotations (Saifutdinova et al., 

2019).  

Signals used for the model of the present study were based on the standard signals used 

by sleep experts for diagnosing OSA. These signals are RIP belts both from the abdomen and 

thorax, cannula, and pulse oximeter. A visualiser for SSRs was developed using both Plotly 

and Matplotlib python data visualisation packages. This was done to analyse the characteristics 

of each signal which allowed for plotting periods of interest in each signal. The functionality 

to display which annotation occurs during the plotting period was implemented for validation. 

4.2 Data Pre-processing Phase 

In preparation for analysis on the SSR dataset, it had to be converted from the original format 

(NDF) which is provided by the T3 device to the European data format (EDF). EDF is the de-

facto standard for SSRs (Kemp & Olivan, 2003). The conversion was essential, considering 

there are no publicly available libraries for reading and analysing data from the NDF format. 
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The conversion process was more complex than initially anticipated. Currently, the only way 

to interact with an NDF file is through Noxturnal. The complexity was due to limitations in 

exporting the scoring and events from the SSR data. Noxturnal does not support exporting 

signal data with annotations. This resulted in a time-consuming manual method. The final 

method involves exporting recordings and annotation data separately. After the export, the 

annotation and signals are combined. This method has less precision in the timestamp of the 

annotations because Noxturnal does not currently support exporting timestamps in 

milliseconds. The final error of timestamps is at most one second. One second is not substantial 

compared to the length of most artefact types, which can be in the proposed standard from three 

minutes to the length of each recording. The error was considered acceptable and would not 

affect the results. 

18 out of the 100 SSRs from the dataset were exported and validated. The exported 

recordings contain a total of 47 hours of artefact annotations events. The next step of the data 

pre-processing phase was resampling the signals. All signals were resampled to the same Hz 

values. The resampled value varied by experiments. This was done by using the function 

resample from the Python library SciPy, which resamples data up or down using Fast Fourier 

transformation (SciPy.Org, 2021). Resampling is done to allow signals to be compared in each 

time step, both for analytics and model input purposes. Next, each signal was mean scaled 

using standardisation utilising the signal mean value and standard deviation. This was done to 

ensure that all signals were uniform. Equation 1 represents the formula used for standardisation 

where 𝑠𝑡 is the signal and t is the type of signal (Mostafa et al., 2019). Figure 3 displays the 

raw signals and Figure 4 displays the signal after standardisation.  

Equation 1 Standardisation 

𝑆𝑡 =  
𝑠𝑡 − µ𝑠𝑡

𝜎𝑡
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Figure 3 Non-standardised Signals 

 

Figure 4 Standardised Signals 

 

The exported SSR data included full-night measurements including a period where the 

subject is awake. The start and end of each measurement in the dataset were removed it was 

concluded not be useful for the present study, as the subject is not sleeping during that period. 

Each measurement has a start and an end annotation but due to an issue with exporting only 

the start annotation is included. To approximate the “end annotation,” the last annotation was 

picked in its place. 
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To be able to train the encoder on multiple SSRs and to produce comparable artefacts, 

the SSRs had to be standardised. The combination of SSRs was standardised rather than 

standardising each SSR separately. This made artefacts more generalised between individuals 

and made them easier to identify. The trade-off being a difference in each signal baseline 

between individuals resulting in representation learning returning features based on each 

recording. The solution of the present study was to validate the features against the recordings 

as seen in Appendix B. 

4.2.1 Implementation of EDF Sleep Analytics Module 

The EDF sleep analytics module was created to help analyse, extract, and clean the signals. 

The module is built upon pyEDFlib, which helps with the more low-level functionality. The 

module is class-based which makes it effective working with multiple EDF files. The most 

relevant functions implemented can be viewed in Table 3. Due to the modular and general 

nature of the module, it can easily be used for similar studies or analyses concerning EDF files. 
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Table 3 Module Functions 

Name Behaviour 

read_edf_annotation_file 
Returns all the annotations from the previously specified 

EDF file, stores an array of all annotations in the file.  

get_annotation_for_range 
Returns a dictionary of every annotation and its frequency 

in the given range.  

get_annotation_time_for_range 
Returns a dictionary with the time elapsed of every 

annotation in the given range. 

get_signal 

Returns a list of the requested signals in the requested 

sample frequency. It was imperative that the signals all had 

the same sample frequency to allow the signals to be 

compared in each time step. 

get_labels 

Takes in an array of epochs, returns an array of the 

corresponding annotation of each epoch. The label has the 

value 1 if it contains an artefact within a given threshold, 

0 otherwise. 

clean_signal 

Removes the specified annotations from the signals and 

removes the timesteps the annotations occurred at from the 

signal. 

 



42  CHAPTER 4. EXPERIMENTAL DESIGN 

 

4.2.2 Additional Pre-processing for Supervised Classification 

Additional pre-processing on the SSR data was required for training a supervised learning 

classification model. The dataset needed to be modelled as a classification dataset. A 

classification dataset has a set of attributes and one output attribute which is the class label. In 

the case of this study one instance corresponds to the following. The input is the epoch of a 

multivariate signal within a given time frame and the output is a Boolean value indicating if 

the epoch contains an artefact. The input variable corresponds to an epoch of a set size 

containing multiple different signals. The epoch has a start and end timestep and contains the 

multivariate signal sequence within that time range. The output attribute is a binary attribute; 

1 if an artefact is meeting a certain ratio threshold of the epoch, otherwise 0. The reason for 

using a binary attribute rather than the annotation from the artefact scoring is because each 

individual artefact annotation has a few instances in the dataset. Leading to a poorer 

representation of each class for model training. The pre-processing for building the 

classification dataset was the following. First SSRs were combined and split into epochs. After 

this, a function was called to retrieve the label/artefact Boolean value for that epoch. A 

classification dataset was then generated with the given parameters. This was done in a pipeline 

that adjusted the process to different epoch sizes, the number of recordings and sampling 

frequencies. 

Another pre-processing technique that was used on the resulting classification model 

was random oversampling (ROS). It was done because the classes were imbalanced. SSR had 

a different representation of the classes and therefore resulting in an imbalanced classification 

dataset. This leads to the artefact class of the classification dataset being poorly represented in 

training and testing. ROS helps balance classes by randomly adding more instances of the 

minority class. 
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4.3 Model Design Phase 

4.3.1 Representation Learning Encoder 

The unsupervised model implemented for this study was based on an unsupervised 

reinforcement representation learning model specifically designed for multivariate time series. 

The model was implemented as an encoder and the data from the SSRs was processed to fit the 

encoder. It is further described in section 3.4 Representation Learning Encoder of this study. 

Hyperparameters of the model were adjusted to fit the data from the SSRs. Random grid search 

was used for tuning the most important parameter, the K number of random samples. The K 

represented a tuning parameter for negative sampling. Another parameter that was adjusted to 

fit the SSRs was the window size for the unsupervised model. The in- and out channels were 

adjusted to fit the SSRs, the in-channel represented the number of signals used in each 

experiment. Several different output channels were tested in terms of the correlation and the 

final one used was 160. The parameter for the number of steps was adjusted for making the 

training time feasible within the time frame of this study. Further modifications were done on 

the base pure unsupervised encoder for the supervised model. A semi-supervised method was 

used for early stopping. The encoder was given the training labels as a parameter. It was also 

trained on epochs instead of a sample of the SSR dataset series similar to the unsupervised one. 
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4.3.2 Classification Model 

Classification models were implemented to help evaluate the quality of the encoder's features. 

Several different models were implemented and adjusted for the imbalanced dataset and the 

input data. Hyperparameter tuning was implemented for the models using random grid search 

over parameters that had proven effective in previous experiments in the literature. A pipeline 

was implemented that started with pre-processing the data, then training the unsupervised 

encoder with early stopping using training labels. The encoder was then run on the dataset and 

the outputted features were used as input for training the multiple models. As seen in the 

Method section of this study. The classification models used are the following: random forest 

tree, bagging using a decision tree, pure decision tree, gradient boosting, and support vector 

machine. The resulting trained models were then used for classifying the test dataset. The 

classification of the models returned was compared to the true classification and different 

performance metrics implemented. The different performance metrics and the classification 

model evaluation will be further discussed in chapter 4.5.4 Classification Result Phase. 

4.3.3 Model Pipeline 

Many studies have applied ML to SSRs. To get a better picture of the process and best practices 

several pipelines were modelled from similar studies and compared what they had in common. 

Next was developing the pipeline for this study seen in Figure 5. The decision was made to 

create a pipeline both for accessibility to others and for generalisability, making it easier to run 

the model and method on different kind of data. The pipeline was designed with general 

software engineering principles in mind. Best practices in the domain of data science were also 

met. Design decisions were based on generalisability, eliminating manual tasks, and making it 

easy to exchange input data. 
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Figure 5 Model Pipeline 
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4.4 Model Training Phase 

4.4.1 Training Unsupervised Encoder 

Training the model on all the SSRs was not feasible due to computational limitations therefore 

a different method was developed. This issue was handled by training one encoder that 

contained a sample of multiple SSRs, then using said encoder to get representations for the 

whole combination of SSRs. This made the encoder more familiar with more variety of data 

making it more generalised. The implementation is done by abstracting 30 samples from the 

combined data where each sample contains 10000 continuous timesteps.  

4.4.2 Training Classification Models 

The training process of the classification models was implemented with automation in mind. 

This was complex because for every change in epoch hyperparameter a new classifier was 

required to be trained and tuned. There was an automatic two-phase tuning algorithm 

implemented for this task. The most successful method was running a random grid search over 

parameters that mattered the most in the encoder, with value ranges from literature. As a 

performance metric, all classification models were trained on the features from the encoder and 

the highest AUROC was used as a performance metric. The next phase of training was using 

the best performing encoder on the training and test dataset. The representations from the 

encoder were then used for training the specified models with random grid search over 

hyperparameter combinations. 
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4.5 Model Result Phase 

4.5.1 Clustering 

Unsupervised clustering methods were both used for visualisation and feature combination. 

The clustering method used was K-means. The encoder was run on the dataset and the returned 

features were inserted into a K-means model. The model combined the features into clusters 

given an input parameter K. To determine a suitable value for the number of returned combined 

clusters, the elbow method was utilised. 

4.5.2 Visualisation 

The output from the model was visualised for a better understanding of the features returned. 

To visualise the output, K-means was used to cluster the representation. K was adjusted to 

observe how a different number of clusters affected the visualisation. Each cluster was then 

assigned a unique colour to differentiate them. The timesteps or window could also be 

adjusted to select which part of the recording or time range was visualised. Additionally, it 

displays any annotations that occur in the given time range. Figure 6 shows an example of 

how the output was visualised. 

Figure 6 Example of K-means Visualisation 

 

Note. The plot displays the flow signal over 3000 timesteps. Each colour represents a 

corresponding cluster resulted from the unsupervised model. 
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4.5.3 Association Between Generated Features and Annotations 

To see how the generated features represented the artefact annotations, a heatmap was created. 

The heatmaps implemented were particularly useful in comparing how well each feature 

represented an annotation. The heatmap shows how many timesteps each generated feature 

from K-means captures for each annotation. Preferably each generated feature should favour 

representing a specific annotation. 

4.5.4 Classification Results 

The results of the classification models were implemented by returning and plotting different 

performance metrics. The performance metrics were then plotted and collected into a 

comparison table as seen in the results. The two plots created were the ROC curve and the 

Precision-recall curve (PRC). Confusion matrices were calculated for each experiment. 

Classification score was calculated and a classification report with an f1 score and support of 

both classes were extracted from the predicted results. These performance calculations were 

done for all classification experiments and all models on both the train and test set. This gave 

precise knowledge on the different model's performance and delivered results on overfitting 

and balancing. The primary performance metric used for tuning hyperparameters were the 

AUROC and AUPRC. The confusion matrix was also analysed for training. The reason for 

choosing these metrics is mainly because the dataset is imbalanced and the model needs to 

perform well independent of the classification threshold. AUPRC is particularly good when 

trying to maximise the TPR, otherwise, the classifiers might never classify any artefacts since 

they can be quite rare. The general train and test scores do not give the required information on 

the model's behaviour on the imbalanced classification.



 

 

 

 

Chapter 5 

Results 

In this chapter, all the results of the study are presented and described. The first part concerns 

the results from the data exploration, characteristics of the dataset and statistics are calculated, 

and its features evaluated. Several examples of annotated signals scored by sleep experts are 

laid out. The chapter that follows presents the unsupervised results structured as three different 

experiments. The results of the experiments were then evaluated using a heatmap. The heatmap 

shows the association between the clusters that the unsupervised method returns and the hand-

made artefact annotation features. The supervised results section presents the results from the 

supervised methods implemented in the study. Performance metrics are calculated for each 

model and several performance plots are displayed. 
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5.1 Data Exploration Results 

The multivariate time series from the SSR dataset was evaluated in parallel to the artefact 

annotations scoring. Eighteen recordings were exported from the SSR dataset consisting of 132 

hours or 5.5 days of sleep. The total length of the artefacts scored in the exported recordings 

were 28667 minutes or 47 hours. The total time and ratio of each artefact can be seen below in 

Table 4. The dataset is imbalanced when it comes to class distribution where the artefacts 

annotation is only 26% of the dataset and the most common being artefact flow, consisting of 

22.8 percent of the timesteps in the dataset. 

Table 4 Total Time of Each Artefact in Exported Recordings 

Artefact Annotation Time in Set (hours) Ratio of Artefacts in SSR 

Artefact flow 30.2 22.8% 

Artefact abdomen 10.6  8.0% 

Artefact oximeter 2.4 1.8% 

Artefact oxygen value 2.3 1.7% 

Invalid data movement 1.6 1.2% 

Artefact thorax 0.7  0.5% 

  

Figures 7-9 display a window of the signal resampled to 1 Hz. The signal values are 

plotted over their corresponding timestep. Figure 7 shows 100 seconds of a standard 

multivariate signal with a minor limitation event from the annotated scoring at the end of the 

window. Figure 8 shows 100 seconds of a flow artefact in the multivariate signals. Figure 9 

shows 100 seconds of multivariate signals that include invalid movement event and apnoea 

event at around timestep 50. These exploration results gave a good understanding and valuable 

information for the next phases of the study. 
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Figure 7 Standard Signal 

 

Note. The signals and their corresponding colours are from abdomen belt: blue, thorax belt: 

green, flow: black and SpO2: red. 

Figure 8 Flow Artefact 

 

Note. The signals and their corresponding colours are from the abdomen belt: blue, thorax belt: 

green, flow: black and the artefact is on the flow signal. 

Figure 9 Invalid Data Movement 

 

Note. The signals and their corresponding colours are from abdomen belt: blue, thorax belt: 

green, flow: black. 
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5.2 Unsupervised Results 

Several experiments were performed on the encoder model. Model hyperparameter values used 

for the experiments can be found in Appendix C. Varying signals were used to assess the 

encoder’s ability to handle multivariate signals in detecting artefacts. The elbow method was 

used to determine the number of clusters used in the experiments. Figure 10 shows an example 

of the elbow method which was run on the encoder with three signals. It can be observed that 

when k reaches the value of 15 there is an elbow. The value of 15 clusters was chosen using 

the elbow method, but a different number of clusters can be viewed in Appendix B along with 

the association between generated features and SSRs. Thorax artefacts were not represented by 

any clusters since they were quite rare in the portion of the recordings used for the present 

study. 

Figure 10 Elbow Method 

5.2.1 One Signal Experiment 

An experiment on one signal was performed to assess the performance of the encoder in 

detecting a single artefact. The flow signal was chosen due to it having the biggest portion of 

artefacts. The dataset parameters are shown in Table 5. 
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Table 5 Dataset Model Parameters 

Parameter Name Parameter Value 

Signals Flow 

Hz 0.5 

Epoch size 60 timesteps 

Number of clusters 15 

Number of recordings 18 

 

Figure 11 demonstrates the results of the experiment, cluster 0 manages to capture 67% 

of the flow artefacts and the cluster consists of 78% flow artefact. 

Figure 11 One Signal Feature Association 

 

As seen in Figure 12 the blue part of the signals which represent cluster 0 consists of 

almost the whole artefact. In Figure 13 the same cluster also consists of a low amplitude flow 

signal which is not considered as an artefact. 
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Figure 12 Clustering on Artefact Flow 

 

Note. Each colour represents a different cluster resulted from the k-means clustering from the 

epoch data. The signals are condensed for displaying the difference between periods of the 

recording.  

Figure 13 Clustering on Low Amplitude Flow 

 

Note. Each colour represents a different cluster resulted from the k-means clustering from the 

epoch data. The signals are condensed for showing the difference between periods of the 

recording.  
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5.2.2 Three Signal Experiment 

An experiment on three signals was performed to test how well the encoder could detect an 

artefact with multivariate signals. The signals used were flow and the RIP belts. These signals 

are ideal since each signal has a corresponding artefact definition and are complementary to 

each other. The dataset parameters are shown in Table 6. 

Table 6 Dataset Model Parameters 

Parameter Name Parameter Value 

Signals Flow, Abdomen, Thorax 

Hz 0.5 

Epoch size 30 timesteps 

Number of clusters 15 

Number of recordings 18 

 

Figure 14 shows the result of the experiment, clusters 1, 3, 8, 11 and 12 are made up of 

42% flow artefacts and manage to capture 86% of the overall amount of flow artefacts. Cluster 

10 is made up of 75% abdomen artefacts and manages to capture 64% of the overall amount of 

abdomen artefacts. 
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Figure 14 Three Signal Feature Association 

 

As seen in Figure 15 there is an artefact flow from timestep 9000 to 9350. This artefact 

mainly consists of clusters 1 indicated in green and 8 indicated in pink. When the flow artefact 

ends, the signal is categorised into another cluster, indicated in black.  

Figure 15 Artefact Flow 

 

Note. Each colour represents a different cluster resulted from the k-means clustering from the 

epoch data. The signals are condensed for showing the difference between periods of the 

recording.  
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5.2.3 Six Signal Experiment 

An experiment on six signals was performed to test how well the encoder handles additional 

signals that are less critical for artefact detection in terms of association to artefact annotation 

scoring. The experiment was also performed to see how much the unsupervised model 

associates all annotations with multivariate signals. The signals used were flow, SpO2, pulse, 

Audio volume, and the RIP belts. The dataset parameters are shown in Table 7. 

Table 7 Dataset Model Parameters 

 

Figure 16 shows the result of the experiment, clusters 2 and 5 are made up of 54% flow 

artefacts and manage to capture 65% of the overall number of flow artefacts. Clusters 7 and 9 

are made up of 44% abdomen artefacts and manage to capture 45% of the total amount of 

abdomen artefacts. Cluster 4 is made up of 99% oximeter artefacts and manage to capture 60% 

of the total amount of oximeter artefacts. Cluster 13 is made up of 62% oxygen value artefacts 

and manage to capture 32% of the total amount of oxygen artefacts. Clusters 1, 3, 6 and 10 are 

made up of several annotations and manage to capture most of the apnoea and desaturation 

annotations. 

Parameter name Parameter Value 

Signals Flow, Abdomen, Thorax, Audio, SpO2, Pulse 

Hz 1 

Epoch size 100 timesteps 

Number of clusters 15 

Number of recordings 10 
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Figure 16 Six Signal Feature Association 

 

5.3 Supervised Classification Results 

The performance scores for the classification models are reported in the following sections. 

The dataset parameters are shown in Table 8 and Table 11. Several models were implemented 

receiving similar results on the classification problem and two of the configurations are shown 

in the following sections. Performance metrics used for the classification models are defined 

in 3.6 Supervised Classifiers and 3.7 Classification Performance Metrics. In Appendix C 

parameters used for the classification models are presented. 
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5.3.1 Model Configuration A 

The configuration used 3 signals and 6 SSRs for training and testing the model. And 

hyperparameters for the models were determined from experience and literature. The epoch 

size as seen in Table 8 is 14 timesteps using 0.97 Hz but these are the best resulting values of 

a few iterations of random grid search on the whole pipeline. 

Table 8 Dataset Model Parameters 

Parameter Name Parameter Value 

Signals Abdomen, Thorax, Flow 

Hz 0.97 

Epoch size 14 timesteps 

Recordings VK1-VK6 

Train set 0.70 

Test set 0.30 

Number of recordings 6 

 

Table 9 presents the performance result of several classification models on the test dataset. The 

best models in terms of correctly classified artefacts are gradient boosting, pipeline, and 

random forest tree. The best performance metric for the imbalanced dataset is AUPRC which 

is similar between the models achieving the highest score of 0.67. The performance of the 

classification model run on the training data is illustrated in Table 10. The performance scores 

are high and indicate overfitting. 
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Table 9 Test Performance for Classification Model 

 

Table 10 Training Performance for Classification Model 

Train set Bagging 
Decision Tree 

with Sampling 

Random 

Forest Tree 

Gradient 

Boosting 

Decision 

Tree 

Correctly 

Classified (%) 
97 100 98 100 94 

AUROC 0.97 1.0 0.98 1.0 0.94 

AUPRC 0.97 1.0 0.97 1.0 0.93 

Precision (0) 0.94 1.0 0.98 1.0 0.94 

Precision (1) 1.0 1.0 0.98 1.0 0.95 

Recall (0) 1.0 1.0 0.98 1.0 0.94 

Recall (1) 0.95 1.0 0.98 1.0 0.95 

F1-score (1) 0.97 1.0 0.98 1.0 0.95 

Support (1) 4001 4001 4001 4001 4001 

 

  

Test set Bagging 
Decision Tree 

with Sampling 

Random 

Forest Tree 

Gradient 

Boosting 

Decision 

Tree 

Correctly 

Classified (%) 
67 70 70 70 60 

AUROC 0.67  0.70 0.70 0.70 0.60 

AUPRC 0.64  0.67 0.67 0.66 0.59 

Precision (0) 0.62  0.67 0.67 0.68 0.58 

Precision (1) 0.72  0.73 0.73 0.72 0.62 

Recall (0) 0.74  0.71 0.71 0.68 0.57 

Recall (1) 0.60  0.69 0.69 0.71 0.63 

F1-score (1) 0.65  0.71 0.71 0.72 0.62 

Support (1) 1695 1695 1695 1695 1695 
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5.3.2 Model Configuration B 

The configuration used 3 signals and 10 SSRs for training and testing the model. The 

configuration used several models: bagging, pipeline, random forest tree, gradient boosting, 

decision tree, and a support vector machine. The hyperparameters for the models were 

determined from experience and literature excluding the tree-based ML which used tuned 

parameters. The tuned parameters were obtained from several iterations of a random grid 

search with cross-validation over the models. The epoch size as seen in Table 11 is 14 timesteps 

using 0.97 Hz but these are the same parameters as in the previous configuration using tuned 

parameters. 

Table 11 Dataset Model Parameters 

Parameter Name Parameter Value 

Signals Abdomen, Thorax, Flow 

Hz 0.97 

Epoch size 14 timesteps 

Recordings VK1-VK10  

Train set 0.70 

Test set 0.30 

Number of recordings 10 

 

The test performance of the model configuration is shown in Table 12. The best model 

in terms of the ratio of correctly classified instances is the random forest tree. This is expected 

because the hyperparameter tuning on the classification model focused solely on the tree 

methods since they had the best prior performance. The model classification used for the 

configuration had worse balancing on the representation of the two classes. This resulted in the 
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AUPRC being worse than in the previous configuration as seen in the table where the highest 

score is 0.35. The AUROC score is much higher, achieving a score of 0.66. The other 

performance metrics can be observed in the table. As shown by the SVM classifier, it has a 

high correctly classified score but if the precision, F1-score and recall of the artefact 1 class is 

observed the scores are 0. That means that the classified TP is 0 and the model always predicts 

the no artefact class. 

Table 12 Test Performance for Classification Model  

Test set Bagging Pipeline 
Random 

Forest Tree 

Gradient 

Boosting 

Decision 

Tree 
SVM 

Correctly 

Classified (%) 
68 61 75 65 64 71 

AUROC 0.65 0.60 0.66 0.59 0.59 0.50 

AUPRC 0.39 0.34 0.42 0.34 0.35 0.29 

Precision (0) 0.81 0.78 0.79 0.76 0.77 0.71 

Precision (1) 0.46 0.39 0.58 0.41 0.40 0.00 

Recall (0) 0.72 0.63 0.87 0.74 0.70 1.00 

Recall (1) 0.59 0.58 0.44 0.44 0.48 0.00 

F1-score (1) 0.52 0.47 0.50 0.42 0.44 0.00 

Support (1) 1655 1655 1655 1655 1655 1655 

 

The training performance for configuration B is shown in Table 13. The values show 

that random forest, and gradient boosting severely overfit to the training. This can be observed 

by the AUPRS and AURC and comparing them to the values of the test performance in Table 

12. The other methods indicate potential overfitting but that is expected because of the limited 

size of the training set. 
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Table 13 Train Performance for Classification Model 

Train set Bagging Pipeline 
Random 

Forest Tree 

Gradient 

Boosting 

Decision 

Tree 
SVM 

Correctly 

Classified (%) 
92  80 100 100 91 69 

AUROC 0.94 0.82 1.00 1.00 0.92 0.50 

AUPRC 0.80 0.58 1.00 1.00 0.77 0.31 

Precision (0) 0.99 0.93 1.00 1.00 0.97 0.69 

Precision (1) 0.81 0.62 1.00 1.00 0.80 0.00 

Recall (0) 0.90 0.76 1.00 1.00 0.90 1.00 

Recall (1) 0.98 0.87 1.00 1.00 0.93 0.00 

F1-score (1) 0.89 0.73 1.00 1.00 0.91 0.00 

Support (1) 4073 4073 4073 4073 4073 4073 
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Figures 17-18 show the performance of the different models on the test data visually. 

Figure 17 shows the performance on the test and training data. The random forest model seen 

in Figure 17 has the highest AUROC score for the test set. The plot shows the performance 

independent of the classification threshold chosen, the random forest and bagging classifier 

show much better results in terms of ROC as seen in the test plot. The support vector machine 

has a lower curve on the graph and therefore does not perform as well in classifying the artefact 

class. When observing the performance on the training set it shows that the curves are close to 

1 in the TP rate axis and close to 0 in the FP axis. This indicates overfitting of the model. 

Figure 17 Test and Training ROC Model B 
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Figure 18 shows the precision-recall curve of the model performance. The plot shows 

the best performance for the random forest classifier. Support vector machine classifier 

returned the worst classification as before in this model configuration as shown on the plot. 

The overfit of the models can be seen by comparing the two plots. The confusion matrices 

displayed in Appendix D confirm the overfitting of the training set and show the distribution of 

the predicted values. 

Figure 18 Test and Training PRC Model B 

 

 



 

 

 

 

Chapter 6 

Discussion 

The main aim of this study was to explore the benefits of using a representation reinforcement 

learning for automatic artefact detection in SSRs. This was achieved by designing and 

implementing unsupervised and supervised models. Considering the results and their 

implications regarding the benefits of using the proposed representation learning model in 

artefact detection, it is necessary to evaluate the results of the three experiments reported in 

chapter 5.2. The first experiment used the flow signal. The encoder trained reported a positive 

association to the hand-made artefact annotations. In another experiment performed in section, 

experiment 3, the encoder was trained on six signals. Comparing the results of experiment 1 

and experiment 3 shows evidence of the encoder handling the multivariate factor of the time 

series well. This evidence derives from the fact that in experiment 1 the encoder gave 

representations that associated with the flow artefact. When increasing the number of signal 

dimensions and annotations the artefact flow performance did not decrease significantly. 

Another compelling inside of the results is the characteristics of the misrepresented features. 

Although according to the artefact annotations scoring a part of the recording was not 

considered an artefact but the representation from the encoder gave strong indications of there 

being an artefact. When closely examining those instances as in experiment 1 displayed in 
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Figure 12 and Figure 13, the plot of the signals show that these instances have many 

characteristics and can in some cases be an artefact. When observing the result and its 

representations, a suspicion arose that the feature clusters from the representations were 

learning the characteristics of each SSR or in other terms learning the subject rather than the 

general features of the signals. This was observed in Figure 27 in Appendix B where the 

identification of a recording is used as a label or annotation. It confirmed the suspicion that 

some feature clusters did favour representing each recording. This was not considered a 

problem because other clusters had the identification annotation balanced between clusters. 

This resulted in features that were not associated with an individual recording. This could be 

used as evidence for confirmation on which cluster representation to choose for representing 

SSRs for general analytics and model processes. 

The additional aim of the study was to evaluate the features from the representation 

learning model by training supervised classification models on the resulting features and 

observing the model’s performance. Several classification models were implemented for 

validation purposes. Configuration B achieved the test score on imbalanced data of 0.75 with 

a lower AUPRC score. The highest AUPRC score of a model was 0.67 having a test score of 

0.70. The best classifier for both configurations was a random forest classifier. Both 

configurations overfitted to the training dataset. The overfitting was due to the oversampling 

of the minority class and the limited amount of data the resulting model used for training. The 

overfitting can be reduced with cross-validation. With the increased training time introduced 

by cross-validation, it would be more suitable to train the model on more SSRs (Goodfellow et 

al., 2016). In terms of the validation of features, the model achieved the intended results on the 

encoder. Despite the fact, the resulting classification not achieving higher AUPRC it can be 

improved as suggested in the Future Work section. 
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To assess the validity of the a priori hypothesis the score for the best classification 

model was evaluated in terms of AUPRC and the correlation between the best encoder's heat-

map and the hand-made artefact annotations observed. The first part of the a priory hypothesis 

stated that the encoder would return features that would associate with the hand-made artefact 

annotations. The heat-map from experiment 2 as seen in Figure 14, cluster 10 is made up of 

75% abdomen artefacts and manage to capture 64% of the overall abdomen artefacts. It was 

therefore concluded that the first part of the a priori hypothesis is confirmed. The second part 

of the hypothesis stated that a supervised classification algorithm could be trained on the 

resulting features from the encoder achieving a performance score higher than 0.60 AUPRC. 

The best classification model, configuration A achieved the AUPRC score of 0.67. As observed 

the score of the supervised classification is higher than the threshold from the hypothesis, which 

was 0.60, therefore it is concluded that the second part of the hypothesis has been confirmed 

and therefore the a priory hypothesis being confirmed. 

There are few extensive studies that have been performed on artefact detection using 

representation learning. It is a field within the domain of both medical and machine learning, 

that is currently underrepresented and there is substantial room for improvements in these 

methods which aligns with the evidence from Saifutdinova et al. (2019). Improving automatic 

artefact detection is essential for achieving accurate automatic diagnostics for medical 

purposes. It is also vital for the training and development of these automatic diagnostic tools. 

Poor automatic diagnostics can lead to misclassification of events (Nazari et al., 2018) and 

disorders having an extensive cost for both the society and the patients involved. Improving 

artefact detection and accounting for the artefacts in signals results in cleaner data (Chu et al., 

2016). Cleaner the data trained on the better representation can be generated and on said 

features better supervised and unsupervised automatic tools can be developed (Chu et al., 

2016). Saving time and resources for diagnosing disorders and preventing automatic analyses 
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from misclassifying events and disorders. This is especially true in the terms of sleep 

diagnostics where analysis is expensive and performed manually. Resulting in large waiting 

lists and people not getting the help they need within a reasonable time (de Zambotti et al., 

2016). 

6.1 Future Work 

The methods proposed and implemented in this study achieved the intended results, although 

there is room for improvement. The models would benefit from further hyper-parameter tuning 

resulting in higher performance of both methods. Another potential performance improvement 

and the most crucial factor would be to increase the amount of training data. This can be 

achieved by introducing overlap to the dataset or extracting more data from SSRs. According 

to previous studies on deep learning, such methods require a large amount of data to be able to 

perform well. This would potentially improve the represented features produced by the deep-

reinforcement encoder implemented in the study. The classification models would also benefit 

from additional data, from training on better or more representable features of the artefacts. It 

would also benefit in terms of a decrease in overfitting, resulting in a more generalised model 

with improved performance. For further research on the topic of using representation learning 

on multivariate time series used for artefact analysing, it would be beneficial to compare a 

number of different encoders and pre-processing techniques. It would be valuable to do 

experiments with different encoders and filters that have proven to perform well on rapidly 

changing signals.
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6.2 Conclusion 

The present study was designed to determine the use of a representation learning model 

designed for analyses on multivariate time series for artefact detection in SSRs. The benefits 

have been stated in the study and align with the application of representation learning in 

general. The benefits are shorter time spent on feature design and elimination of time-expensive 

manual diagnostics. The representation learning encoder implemented in the study achieved 

intended results returning features with association to artefact annotation scoring that were 

proposed and scored by expert sleep analysts. It was concluded that the model implemented 

for SSRs was beneficial for detecting artefacts. A priory hypothesis stating that the encoder 

would return representable features with association to the hand-made artefact scoring was 

confirmed. That was done by designing an association method for displaying and calculating 

the association between clusters and hand-made features. The second part of the study was 

designed to validate the returned features resulting from the representation learning encoder 

model. This was done by modelling the dataset as a classification dataset using an epoch of 

multivariate signal as an input variable and the Boolean value of that epoch if it contained an 

artefact as a label. Next, the encoder implemented was trained using early stopping with labels. 

Supervised classification models were trained on the classification dataset. A priory hypothesis 

of the present study stated that the classification models would achieve an AUPROC score of 

more than 0.6 and that was achieved and resulting in the a priory hypothesis being confirmed. 

Even though the study was a success and the a priory hypothesis were confirmed, there 

is a lot that can be done to improve the implemented methods. It was argued in future work 

that the model implemented in this study will need more data and training for it to become 

more optimal. There are several next steps discussed, such as experimenting with filtering, 

different encoders and doing further hyperparameter tuning. 
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Despite this study concerning SSRs using a typical setup for diagnosing sleep-related 

breathing disorders the principles and methods used and developed in this study can be applied 

using different signals and for detecting other annotations. The software and pipelines 

developed in the study were designed with general ability in mind and to make it easier to 

handle sleep signals from EDF+ files.  

Representation learning shows immense potential in the development of automatic 

sleep analytic models and is a valuable method to explore further. Hopefully, this study will 

assist in the advances on the revolution on sleep, and awake interest in the fascinating domains 

of sleep science and machine learning.
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Appendix A 

Control and Scoring of Artefacts 

Artefact scoring standard proposed by expert sleep analysts, Dr Erna Sif Arnardóttir Assistant 

professor, Department of Computer Science and Department of Engineering, Reykjavík 

University, Iceland, and MSc. Kristín Anna Ólafsdóttir specialist in sleep measurements, 

Department of Engineering, Reykjavík University. The goal of the proposed standard is to 

improve artefact scoring in sleep measurements. 

Categories of Artefacts 

Signal-Artifact_abdomen - bad signal or flat (min 3 min). 

Figure 19 Example of Artefact Abdomen 
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Figure 20 Example of Regular Artefact Abdomen Signal 

 

Signal–Artifact_thorax – bad signal or flat (min 3 min). 

Figure 21 Example of Artefact Thorax 

 

Figure 22 Example of Regular Artefact Thorax Signal 
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Signal-Artifact_flow- bad signal or flat (min 3 min). 

Figure 23 Example of Artefact Flow Artefact 

 

 

Signal-Artifact_oxymeter – no signal or 127 (min 10 sec). 

Figure 24 Example of Oximeter Artefact 
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Signal-Artifact_oxymeter_value – signal returning value but wrong value (min 10 sec). 

Figure 25 Example of Artefact Oximeter Value 

 

Signal-Invalid data –_movement – manually scored – is on Rip flow signal (min 60 sec) 

Figure 26 Example of Invalid Data 

 

Rules of Artefact Standard 

1. If the oximeter has an artefact (no/127 or value) then the period is invalid. 

2. If the movement has Invalid data movement- manually scored, then the period is invalid. 

3. If two out of three signals (abdomen/thorax/flow) have an artefact, then the period is 

invalid.  

4. The study is unacceptable if it is less than 4 hours.  
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Appendix B 

Additional Encoder Experiments 

Table 14 shows the hyperparameters used in experiments detailed in 7.2.1 and 7.2.2 

Table 14 Encoder Hyperparameters 

Note. The number of clusters varies between experiments.  

Association Between Generated Features and SSR 

Figure 27 shows the results of the experiment. This experiment is to analyse whether the 

method was just clustering individual SSRs instead of clustering the annotations. The 

annotations were replaced by SSRs, and each recording was assigned a number starting with 

0. Clusters 1, 3, 4 and 6 seem only to represent one SSR but other clusters are relatively 

balanced. 

Parameter Name Parameter Value 

Signals Flow, Abdomen, Thorax, Audio, SpO2, Pulse 

Hz 1 

Epoch size 1000 timesteps 

Number of clusters - 

Number of recordings 18 
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Figure 27 SSR Feature Association Heatmap 

 

Figure 28 Eighteen SSR Cluster Signals 

 

Note. Shows all 18 SSRs and how each cluster is represented by a colour. Each recording is 

about 25000 timesteps. 
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Cluster Experiment  

This experiment was done to show how different cluster sizes affect the outcome and to validate 

the elbow method. Figure 29 shows 5 clusters, everything seems to be balanced and the 

artefacts are not represented well. 

Figure 29 Five Cluster Experiment 

  

Figure 30 Fifteen Cluster Experiment 

 



84 APPENDIX B 

 

Note. Uses 15 clusters, the experiment strikes a nice balance between the number clusters and 

representing the artefacts. 

Figure 31 Thirty Cluster Experiment Heatmap 

 

Note. Uses 30 clusters, it represents the artefacts similarly but introduces a lot of redundant 

clusters making the heatmap more unreadable. 
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Appendix C 

Unsupervised Experiment Parameters 

Encoder Parameters 

Table 15 Unsupervised Encoder Hyperparameters 

Parameter Name Parameter Value 

Batch size 10 

Channels 40 

Depth 10 

Number of steps 20 

In channels - 

Kernel size 3 

Learning rate 0.001 

Number of random samples 10 

Negative penalty 1 

Out channels 160 

Reduced size 80 

Note. The number of channels varies between experiments, they are the number of signals used 

in each experiment. 
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Supervised Experiment Parameters Model Configuration A 

Encoder Parameters 

Table 16 Supervised Encoder Hyperparameters A 

Parameter Name Parameter Value 

Batch size 10 

Channels 40 

Depth 10 

Number of steps 1500 

In channels 3 

Kernel size 3 

Learning rate 0.001 

Number of random samples 5 

Negative penalty 1 

Out channels 320 

Reduced size 160 
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Decision Tree Classifier 

Table 17 Decision Tree Hyperparameters A 

Parameter Name Parameter Value 

Criterion entropy 

Maximum depth 50 

Minimum Samples leaf 5 

 

Random Forest Tree Classifier 

Table 18 Random Forest Tree Hyperparameters A 

Parameter Name Parameter Value 

Criterion entropy 

Maximum depth 50 

Minimum Samples leaf 5 

 

Gradient Boosting Parameters 

Table 19 Gradient Boosting Hyperparameters A 

Parameter Name Parameter Value 

Maximum depth 50 

Minimum samples leaf 5 
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Bagging 

Table 20 Bagging Hyperparameters A 

Parameter Name Parameter Value 

Warm start True 

Nr of estimators 0 

 

Supervised Experiment Parameters Model Configuration B 

Encoder Parameters 

Table 21 Supervised Encoder Hyperparameters B 

Parameter Name Parameter Value 

Batch size 10 

Channels 40 

Depth 10 

Number of steps 1500 

In channels 3 

Kernel size 3 

Learning rate 0.001 

Number of random samples 5 

Negative penalty 1 

Out channels 320 

Reduced size 160 
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Decision Tree Classifier 

Table 22 Decision Tree Hyperparameters B 

Parameter Name Parameter Value 

Criterion entropy 

Maximum depth None 

Minimum Sample leaf 1 

 

Random Forest Tree Classifier 

Table 23 Random Forest Tree Hyperparameters B 

Parameter Name Parameter Value 

Criterion entropy 

Maximum depth - 

Minimum Sample leaf 1 

 

Gradient Boosting Parameters 

Table 24 Gradient Boosting Hyperparameters B 

Parameter Name Parameter Value 

Maximum depth - 

Minimum samples leaf 1 
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Bagging 

Table 25 Bagging Hyperparameters B 

Parameter Name Parameter Value 

Warm start True 

Nr of estimators 0 
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Appendix D 

Heatmaps from Supervised Model Configuration B 
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Figure 32 Test Confusion Matrices Model B 
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Figure 33 Training Confusion Matrices Model B 

 

 


