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Abstract

Dreams reflect our general well-being, with symptoms of mental health disorders often manifesting
in our dream content. Dream analysis can be a powerful tool for identifying early symptoms and
monitoring mental health disorders. Developing a tool capable of automatic retrieval of dream con-
tent from sleeping subjects - a dream decoder - would allow for the retrieval of many more dream

experiences, allowing better understanding of a subject’s mental well-being.

Brain activity can be measured using electroencephalography (EEG), a relatively inexpensive, non-
invasive technique with high temporal resolution. With this technique, we can investigate recordings
of brain activity during dream experiences and compare them to recordings of no experience, inves-

tigating what dreams are.

This thesis is an initial contribution towards the dream decoder. The first step is to identify when a
subject is experiencing a dream. In this work, we experiment with deep learning (DL) and machine
learning (ML) to investigate to what extent it is possible to identify dream experiences from EEG sig-
nals. Principal component analysis (PCA) and common spatial pattern (CSP) in combination, and
power spectral density (PSD), are used for feature extraction. Multivariate empirical mode decompo-
sition (MEMD) is applied to improve the classification. Furthermore, we attempt to define the most
important regions for identifying dream experiences using permutation-based channel selection and
PSD representation, from which channel subsets are identified for further classification.

Two datasets are used: The Zhang & Wamsley (ZW) and the Tononi dataset, both publicly available
through the Dream EEG and Mentation (DREAM) database. They contain EEG data collected be-
fore awakening, paired with a verbal report of any dream experiences from which the recordings are
labeled. Recordings are made during non-rapid eye movement (NREM) and rapid eye movement
(REM) sleep.

The results indicate that dream experiences can be identified from EEG signals using ML. For the
Tononi dataset using 256 EEG channels, we obtain up to 0.993 accuracy, 0.994 F-score, and 0.987
kappa score using MEMD, PSD, and the extreme gradient boosting (XGB) classifier. For the ZW data
using 58 EEG channels, during NREM and REM sleep, we obtain 0.94 accuracy, 0.96 F-score and 0.84
kappa, and accuracy 0.998, F-score 0.998 and kappa 0.995, using MEMD, PCA, CSP, and the k-nearest
neighbor (KNN) classifier. Firm conclusions on important brain regions are not readily available, but

the results indicate areas in the parietal and frontal lobe.
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Sammendrag

Vér mentale helse og symptomer pa psykiske lidelser reflekteres ofte i dremmer. Drommeanalyse
kan veere et kraftig verktay for & identifisere tidlige symptomer og overvéke psykiske lidelser. A utvikle
et verktgy som automatisk kan hente dremmeinnhold fra personer som sover — en drommedekoder
- ville gjort det mulig 4 samle inn data fra dremmer, og derav gi en bedre forstéelse for en persons

mentale helse.

Hjerneaktivitet kan maéles ved hjelp av elektroencefalografi (EEG). EEG males ved a plassere metal-
lelektroder, ogsa kalt kanaler, pd hodebunnen for & maéle de elektriske strommene som forplanter
seg gijennom hodeskallen fra hjernen. Det er en ikke-invasiv, relativt billig teknikk med hey tem-
poral opplesning som ofte brukes i nevrovitenskapelig forskning og for utvikling av hjerne/maskin-
grensesnitt. Med denne teknikken kan vi undersoke hjerneaktivitet under dremmeopplevelser og

sammenligne dem med hjerneaktivitet uten opplevelser, for & underseke hva dremmer er.

Denne oppgaven er et forste bidrag til utvikling avdremmedekoderen. For 4 fa til dette er det forste
skrittet & identifisere nar en person dremmer. I denne oppgaven utforsker vi med maskinleering og
metoder for utregning av karakteristikker, for & undersoke i hvilken grad det er mulig & identifisere
dremmeopplevelser fra EEG-signaler. Prinsipal komponentanalyse (PCA) i kombinasjon med "com-
mon spatial pattern" (CSP), og spektraltetthet (PSD) er anvendt. "Multivariate empirical mode de-
composition" (MEMD) er anvendt for & forbedre klassifiseringen. Videre prover vi 4 kartlegge de vik-
tigste hjernedelene for & identifisere dremmeopplevelser ved & bruke permutasjonsbasert kanalvalg
og spektraltetthetsrepresentasjon, hvorfra vi velger ut et begrenset antall kanaler for videre klassifis-

ering.

To datasett brukes: Zhang & Wamsley- og Tononi-datasettet, begge gjort offentlig tilgjengelige gjen-
nom "Dream EEG and Mentation" (DREAM)-databasen. De inneholder EEG-data samlet inn for op-
pvékning, kombinert med en muntlig rapport om eventuelle drommer som hver maling er merket
med. Mélinger gjores under bdde non-rapid eye movement (NREM) og rapid eye movement (REM)

sgvn.

Resultatene indikerer av dremmeopplevelser kan identifiseres fra EEG-signaler ved & bruke maskin-
leering. For Tononi-datasettet far vi 0.993 neoyaktighet, 0.994 F-tall, og 0.987 kappa ved 4 bruke MEMD,
PSD, og "extreme gradient boosting". For Zhang & Wamsley-datasettet, for henholdsvis NREM og
REM sovn, far vi 0.94 neyaktighet, 0.96 F-tall, og 0.84 kappa, og 0.998 neyaktighet, 0.998 F-tall, og
0.995 kappa ved & bruke MEMD, PCA, CSP, og k-neermeste naboer. Hvilke hjerneomréder som er
viktigst kan ikke fastlds helt, men resultatene indikerer omrader i parietal- og frontallappen som be-
tydningsfulle.
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Chapter 1

Introduction

1.1 Background & Motivation

The United Nations Sustainable Development Goal 3 states "Ensure healthy lives and promote well-
being for all at all ages"!. The right to mental health is a basic human right, but mental health dis-
orders are still a worldwide problem. In 2019, 1 in 8 people worldwide lived with a mental disorder.
Anxiety and depression, the two most common disorders, affected 301 million and 280 million lives,
respectively. Other major disorders are bipolar disorder, post-traumatic stress disorder (PTSD), and

schizophrenia [3].

Symptoms of mental health disorders have been shown to correlate with dream content [4]. Fre-
quently experiencing nightmares is correlated with psychotic or mood disorders, higher suicidality
scores and more frequent suicide attemps, and is a symptom of PTSD [5]. Anxiety, depression, and
stress are also correlated with specific dream content, as shown in multiple studies [6-10]. Analysis of
dream content could provide valuable insight into a subjects mental health and well-being, allowing

for better treatment from healthcare professionals.

Dreaming is a state of consciousness where the brain constructs an imagined world in which we have
subjective, conscious experiences similar to wakefulness. Dreams occur during sleep, divided into
non-rapid eye movement (NREM) and rapid eye movement (REM) sleep. Dreams differ between
these two states: NREM dreams are reported as conceptual and thought-like, whereas REM dreams
are vivid, emotionally charged experiences [11-13]. Capturing dreams is a difficult task: Although we
experience multiple throughout the night, come morning most are forgotten. At most, one dream
is captured at awakening. To retrieve multiple dreams in one night the subject must be awakened
throughout the night to provide verbal reports of their experiences, a procedure which has negative

impact on sleep quality.

Developing a technological framework for decoding dream content on a sleeping subject - a dream
decoder - would therefore be a valuable tool for capturing early symptoms of mental health condi-
tions and to better understand the mental well-being of a subject. Advances within neuroscience have

shown that recordings of brain activity, such as electroencephalography (EEG) or functional magnetic

1United Nations. The 17 goals. Available at: https://sdgs .un.org/goals (Accessed: 27.05.2024)
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resonance imaging (fMRI), reflect what is happening within our minds; Sleep state, emotions, and
even the content of our minds can be identified using machine learning (ML) [14-16]. The devel-
opment of a dream decoder could thus be within reach. Such a device, capable of retrieving dream
content during sleep, would help psychologists and healthcare professionals diagnose and monitor
subjects with mental health disorders such as depression, anxiety, and PTSD. It would contribute to
the United Nations Sustainable Development Goal 3, by bettering the mental health of people.

1.2 Problem Description

Mental health conditions are a serious concern in modern society and tools for combating them are
crucial. One such tool is dream analysis, as symptoms of mental disorders such as anxiety, depression,
and PTSD have been shown to manifest in dream content. This requires retrieval of dream content,
which today is only possible through awakening the subject throughout the night.

A dream decoder, a device capable of retrieving dream content through interpretation of brain ac-
tivity, would allow for automatic collection of dream content. The process of dream analysis would
speed up drastically, allowing for earlier treatment and better understanding of mental health condi-

tions.

In this thesis we focus on the first steps for the conception of a dream decoder. First, we investigate
whether dreams can be identified through EEG data by experimenting with ML techniques. Second,

we make an effort into identifying which brain regions are most important for identifying dreams.

1.3 Objectives

The objective of the thesis is summarized in the following items:
1. Explore the possibility of identifying dreams based on sleep EEG data.

2. Identify important brain regions for dream experiences.

1.4 Approach

Two datasets have been used for this work: The Tononi dataset and the Zhang & Wamsley (ZW)
dataset. They are made available through the Dream EEG and Mentation (DREAM) database, which
contains datasets related to dream research [17]. Both contain EEG data of brain activity collected
during sleep preceding awakening, paired with a verbal dream report. For the ZW dataset, the record-
ings are labelled as dream experience (DE) or no experience (NE). They are made using 58 EEG chan-
nels during both NREM and REM sleep. For the Tononi dataset, the recordings are labelled DE, NE,
or dream experience without recall (DEWR). They are made using 256 EEG channels during NREM
sleep.

We have used ML and deep learning (DL) to investigate the possibility of classifying between primar-
ily DE- and NE-labelled recordings. Two feature extraction methods are tested: 1) principal compo-
nents analysis (PCA) and common spatial patterns (CSP) in a single pipeline, and 2) power spectral

density (PSD) calculation. Multivariate empirical mode decomposition (MEMD) filtering has been
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applied in an effort to improve the classification performances. Further analysis of the differences
between DE- and NE-labelled recordings, both spectral and spatial, is made with PSD analysis and
permutation-based channel selection. Classification is performed again on channel subsets selected

from the analysis.

1.5 Outline

Further on, the thesis is organized as follows:

Chapter 2 covers the theoretical background necessary for comprehending the work done in this the-
sis. It starts with an overview of brain anatomy, sleep, dreams, and EEG data, to provide the reader
with an understanding of what dreams are and how brain activity can be understood as signals.
Thereafter, techniques for signal processing and feature extraction is provided. Following this, the
ML algorithms used in this thesis, DL, and performance evaluation is explained. At last, theory on

data augmentation and channel selection is provided.

Chapter 3 is an overview of state-of-the-art studies regarding prediction of dream experiences, brain

activity for specific dream content, and frequency activity in sleep.

Chapter 4 describes the datasets, the DL model, and the methods used in this work. Each method is
described first in general terms, before specifying how it is applied for each dataset.

Chapter 5 contains the results obtained after applying each method. It is divided into three main
categories: The ZW dataset during NREM sleep, the ZW dataset during REM sleep, and the Tononi
dataset. For each category we present classification results using all available channels, frequency

analysis, and classification results from channel subsets.

Chapter 6 provides a discussion of the results by themselves and related to theory and literature re-

view, as well as possible limitations and future work.
Chapter 7 concludes the thesis.

Appendix A contains additional classification results, when only the top performing classifier for a

method has been shown in the results section for comparison between methods.

Appendix B and appendix C contain papers submitted for the 32th European Symposium on Artificial
Neural Networks, Computational Intelligence and Machine Learning. Both are based on findings

from this thesis.



Chapter 2

Theoretical Background

2.1 Brain Anatomy

The human brain is a remarkable and complex organ, serving as the epicenter of the nervous sys-
tem and the cornerstone of our thoughts, emotions, and behaviors.The brain is consists of the cere-
brum, the cerebellum, and the brain stem. Together with the spinal cord, it comprises the central
nervous system, the system responsible for controlling our bodily functions and processing sensory
information. The brain is also responsible for our cognitive abilities, such as thought and emotional
experiences. These abilities occur in the cerebral cortex, the grey matter covering the cerebrum. The
cerebral cortex is divided into the frontal, parietal, occipital, and temporal lobe, as shown in fig. 2.1,

each of which involved in specific tasks [13, 18].

The frontal lobe is located in the front of the hemispheres and is involved in important functions.
Among them are aspects related to personality, such as prospective memory, future planning, and
decision making. Speech and language are also engaged in the frontal lobe. The motor cortex is
located in the posterior of the frontal lobe and is tasked with movement control and movement plan-
ning [13, 18].

The parietal lobe, located posterior to the frontal lobe and superior to the temporal lobe, is tasked
with sensory information processing and somatosensory association. Most sensory information is
interpreted in this region. It creates the spatial understanding of the surrounding environment and

how we are located to it [13, 18].

The temporal lobes, located in the temporal regions of the cortex, are engaged in sound process-
ing and declarative memory. Sounds are linked to previously known meanings based on tones, in a
process called phonological representation. Declarative memory is the conscious recollection of con-
cepts and events, as well as objects. The temporal lobe is also engaged in determining the content of

vision, based on signals from the visual cortex [13, 18].

The occipital lobe contains the visual cortex and is tasked with processing and interpreting visual
stimuli. After processing, the information is sent to other regions of the brain for analysis and further
interpretation. The occipital lobe is located in the back of the cortex [13, 18].

The left and right hemisphere have different functionalities. The left hemisphere controls the right
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Figure 2.1: Anatomy of the human brain: The four brain lobes. Adapted from [13].

side of the body, speech, and research suggests that the left brain is associated with logical thinking
[19, 20]. It is connected with objectivity, reasoning and for being analytical. The right hemisphere
controls the left side of the body, does also contain some neurons needed for language, however,
this part of the brain is necessary to appreciate semantic subtleties of language, as well as emotional
content of speech. The right side is associated with imagination, intuition, creativity and emotions
[13, 21].

2.2 Human Sleep

A person spends on average around 25 years of life asleep. Why we sleep and its functions have been
debated for ages, but many questions are still open for debate. Sleep, which was previously consid-
ered a state of rest and inactivity, is now recognized as a highly organized and important state [13].

According to the hypothesis of synaptic homeostasis, sleep is necessary due to synaptic firings in
the brain during wakefulness [22, 23]. These firings cause synaptic potentiation in several cortical
circuits, as signals are transmitted between neurons. This causes saturation in the brain’s ability to
function. The role of sleep is to downscale synaptic strength so that homeostasis is restored. This is a
crucial process, as increased synaptic strength has various costs, such as higher energy consumption,
greater cellular stress, and changes in support cells. Downscaling, or renormalization of synaptic

strength, reduces the burden of wakefulness.

Human sleep is divided into two main states: NREM and REM, recognized by their different char-
acteristics. NREM sleep ranges from light to deep sleep, with gradually more synchronous brain ac-
tivity and an increased threshold for arousal. REM sleep is recognized by the appearance of rapid
eye movements, from which the name is derived. A sleeping subject alternates between these stages
throughout the duration of sleep. Throughout a night, lasting approximately 7 hours, the cycle occurs

4-6 times, each cycle lasting approximately 90-110 minutes [13, 24, 25].

In the case of sleep scoring by a human expert, sleep stages are scored using polysomnography (PSG),
where EEG, electrooculogram (EOG), and electromyogram (EMG) electrodes are used to monitor
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physiological parameters of a subject. The scoring is made on 30-second long epochs, sequentially

divided from the start of the trial. The quality of the collected data is dependent on the application of

electrodes at the beginning of the trial, making it an important part of sleep studies. Sleep is scored

in five categories, presented as follows [25, 26].

Stage W (wakefulness): The subject is awake or in the early stages of drowsiness. An epoch is
scored as W when more than 50% contains either alpha rhythms over the occipital, eye blinks,
rapid eye movements associated with normal or high chin muscle tone, or reading eye move-

ments. [26].

Stage N1 (NREM 1): This is the lightest sleep stage, indicating the transition from wakefulness
to sleep. There is a decrease in the high-frequent activity related to wakefulness, with the EEG
showing low amplitude, mixed frequency activity. An epoch is scored as N2 when this activity
replaces the alpha rhythm for more than 50% of the epoch [13, 25, 26].

Stage N2 (NREM 2): The subject is fully asleep, muscle tone decreases, respiration becomes
slower and more regular, and body temperature falls. It is characterized by the appearance of
K-complexes and sleep spindles in the EEG. K-complexes are recognized as a sharp, negative
wave followed by a slower, positive component. Sleep spindles are trains of sinusoidal waves
with frequency 11-16 Hz and a duration above 0.5 seconds. An epoch is scored as N2 if one or

more K-complexes or sleep spindles are present [13, 25, 26].

Stage N3 (NREM 3): This state is considered restorative, marked by decreased heart rate and
blood pressure, and stable breathing. An epoch is scored as N3 when more than 20% of the
epoch consists of slow wave EEG activity, which are slow waves of frequency 0.5-2 Hz and peak-
to-peak amplitude above 75 uV, The slow waves occurring in NREM sleep are not uniformly
distributed across the cortical surface, but rather asynchronously and locally distributed across

brain regions [24-27].

Stage R (REM): An epoch is defined as stage R when it contains the following phenomena: low-
amplitude, mixed frequency EEG activity without K-complexes or sleep spindles, low chin EMG
tone for the majority of the epoch and concurrent with REMs, and REMs at any position within
the epoch. Sawtooth waves, serrated waves of 2-6 Hz over the central region, often precede
burst of REM. Recent studies have also shown local low-frequency oscillations below 10 Hz
appearing during REM sleep, and dreams in REM being associated with the local decreases of

slow wave activity in posterior brain regions [25-27].

During REM sleep the brain activity of the subject increases. The activation is especially prominent

in the motor cortex, although the outputs of most signals are blocked. The output to the eyes is not

blocked, however, resulting in the characteristic REMs. The proportion of REM sleep decreases with

age; a newborn spends more than 50% of sleep in REM sleep, whereas adults spend around 20%
[13, 28].
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2.3 Dreams

2.3.1 The Nature of Dreams

Dreams are a state of consciousness and refer to the presence of subjective experiences during sleep.
They appear in all sleep stages, although with different characteristics, and often reflect everyday
events. While dreaming the subject creates an imagined world similar to, and experienced like, the
real one. Both contain similar perceptual modalities, especially visual and auditory, and have the
same content. Dream experiences differ, from ideas and kinds of thought to highly emotional and
perceptual experiences. There is a correlation between the waking and dreaming self with respect to
mood, imaginativeness, and concerns, and dreams mostly reflect the events of everyday life [12, 13,
29].

Dream reports collected after NREM and REM sleep differ in their content and characteristics. Dreams
during REM sleep are reported as complex, hallucinatory experiences as vivid as during wakefulness.
These experiences are often motoric, associated with both emotional content and sensory modalities,
and have a high level of bizarreness. They are also less connected to everyday life and often story-like.
The frequency of dream recollection when awakened in REM sleep is reported to be approximately
80-90% [11-13, 29].

NREM sleep dreams are often characterized by thought-like experiences, especially early in the night.
They contain less of the characteristics associated with REM sleep dreams and are instead reported
as more realistic, often containing material from recent real-world events. REM sleep dream charac-
teristics during NREM sleep dreams do however increase throughout the night, being more present
in reports collected after late night NREM sleep. Around 5-10% of NREM dream reports are indistin-
guishable from REM dream reports in perceptual and emotional content. Dream recall is less frequent

from NREM sleep, reported at approximately 50% [11-13, 29].

2.3.2 Models of the Dreaming Brain

The activation-synthesis hypothesis proposed by Hobson and McCarley suggests that random sen-
sory signals originating from the brainstem, when transmitted to the forebrain, give rise to dreams
[30]. According to this hypothesis, the forebrain automatically generates dreams by processing in-
formation from brainstem circuits and comparing it with stored memories. Furthermore, during the
generation of dreams, the brainstem exhibits increased activity, particularly in the sensorimotor cir-

cuits associated with sensations and movement.

Okuma proposed the hypothesis of sensory image-free association stating that during the first REM
burst, impulses originating in pontine reticular formation stimulate the entire brain, including the
sensory and visual systems, as well as the hippocampus [31]. As a result, the subject accesses and
consciously observes the sensory representations stored in memory. Unintentional or surprising as-
sociations are then formed with the initial sensory image. As multiple REM bursts occur, more uncor-
related sensory images are provoked, and the previous images are combined into a story: a dream.
The dreamer will incorporate sensory images into the dream, regardless of how it fits, explaining
bizarre dreams. Furthermore, both external and internal sensory stimuli may be integrated into the

content of the dream.
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To explain the connection between dreams and what happens in our brain activity, Hobson updated
the activation-synthesis model to a three-dimensional state space model [32]. The model is referred
to as AIM, and stands for activation, information flow, and mode of information processing. The di-
mensions are meant to capture the information processing capacity of the system, how much of the
information which is processed that comes from the outside world, whether it is reflected in behav-
ior, and lastly, in which way the information in the system is processed. The model helps to under-
stand how our consciousness changes when dreaming in different stages of sleep and wake. Using the
model, they show that the conscious states of waking, NREM and REM sleep differ in three clear and
measurable ways. The three measurable ways are the three parameters forming the axes of the state
space model, AIM; activation, information flow and mode of information processing. Using these

three parameters, it is possible to distinguish the conscious states of wake, NREM and REM.

Nielsen presented a theory explaining why dreams can be recalled from NREM sleep, and not only
from REM sleep [33]. Nielsen argues that dream recall from NREM sleep can be explained by "covert"
REM sleep processes, i.e. processes known from REM sleep appear during NREM sleep. Although
evidence has pointed out that cognitive activity, or mentation, appears in all sleep stages, Nielsen
distinguishes dreams from mentation. He defines dreams to contain sensory stimulation, whereas
mentation is thought-like. Mentation is the most common form of dream recall from NREM sleep,
whereas dreams with sensory stimulation are more common from REM sleep. Nielsen further hy-
pothesizes that the more apparent the dream recall from NREM sleep is, the more covert REM sleep
processes are active. This suggests that the more vivid the dream recall from NREM sleep is, the more
the observed cognitive activity will resemble that of REM sleep, and less like NREM sleep without
dream recall. Nielsen points to several findings that could support his hypothesis, including the state
of intermediate sleep (sleep transitioning from NREM to REM sleep), processes during sleep onset
that resemble REM sleep, and that covert REM sleep occurrences are more likely during REM sleep

deprivation.

Another theory states that dreaming and REM sleep are controlled by different brain mechanisms,
presented by Solms [34]. Solms states that, while REM sleep is controlled by the cholinergic brain
stem mechanisms, dreaming is controlled through a forebrain mechanism, presumably dopamin-
ergic. The argument is that dreaming can be altered without affecting REM sleep and vice versa.
Dreaming can be preserved with brain stem lesions that affect REM sleep and can be eliminated by
forebrain lesions that do not affect REM sleep. The theory states that dreaming is a two-stage pro-
cess; a cerebral activation, and if activation engages the dopaminergic circuits of the ventromesial
forebrain, dreaming occurs. The relation between high occurrence of dream recall during REM sleep

is explained with REM sleep being a state of enhanced cerebral activity.

A recent suggestion is to consider dreams in the context of off-line memory consolidation that occurs
during sleep. This point of view was proposed by Stickgold and Wamsley in 2017 [11]. Dreaming is
believed to involve the reactivation of memories and emotions from previous experiences. However,
the theory emphasizes that dreams are not the same as replays of specific events from the day; rather,
they consist of fragments of experiences combined with facts, memories, and images stored in the
brain. Dreams are believed to be the result of developed mechanisms that facilitate sleep-dependent

memory consolidation and integration.
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2.4 EEG Signals

The brain consists of millions of neurons that play a crucial role in transmitting information between
the human body and the brain itself. It also regulates both internal and external sensory responses,

as well as motor functions [35].

Caton discovered the existence of electrical brain activity, known as EEG, in 1875 [36]. Later, in the
1920s, Hans Berger demonstrated that EEG could be recorded from the human scalp [37]. EEG is the
noninvasive measurement of the brain’s electric fields, achieved by placing electrodes on the scalp to

record voltage potentials generated by current flow into and around neurons [38].

The main objective of EEG is the evaluation of dynamic cerebral functioning, which means real-time
assessment and monitoring of brain activity and functioning, and can be used to analyze brain func-
tions in health and disease [36]. The primary source of these signals is believed to be generated by
cortical pyramidal neurons located in the cerebral cortex, which are oriented perpendicularly to the
brain’s surface. The detectable neural activity that gives rise to EEG is the collective sum of inhibitory
or excitatory postsynaptic potentials originating from thousands of pyramidal cells near each elec-
trode [39].

Therefore, EEG signals can be understood as the collective electrical activities of groups of neurons.
Since neurons are excitable cells with intrinsic electrical properties, their activity generates electrical
and magnetic fields. These fields can be detected from various distances from the sources; with elec-
trodes at a short distance, from the cortical surface, or at a longer stance (for example, from the scalp)
[40].

The sinusoidal rhythmic activity observed on the EEG is believed to represent oscillatory communi-
cation between the cortex and deeper subcortical structures. These communication loops manifest
when the cortex is at rest or not engaged in specific tasks. However, when the cortex is tasked with
performing a function, its electrical activity becomes desynchronized and faster electrical rhythms
with lower amplitude become dominant until the cortex completes the task and returns to resting
state [39].

Observing EEG recordings reveals that brain activity manifests as brain waves with sinusoidal pat-
terns. These waveforms can be categorized on the basis of various properties, including frequency,
amplitude, shape, and the placement of electrodes on the scalp. Generally, the waves are measured
from peak to peak, with amplitudes ranging between 0.5 to 100 V. Among these waves, certain fre-
quency bands have emerged as fundamental components of brain activity. These bands are shown in
table 2.1 [35, 41].

2.4.1 Artifacts

Artifacts are unwanted components that appear from other sources. They incorporate into the recorded
EEG data, misguiding the actual cerebral activity present. There are two main divisions of artifacts;
physiological artifacts emerging from internal sources and non-physiological artifacts emerging from
external sources. Eye movements, muscle activity and cardiac activity are often causes of physiolog-
ical artifacts that could be present in EEG data. While, non-physiological artifacts are often caused

by environmental interference and electrode issues, such as electrode movement and poor electrode
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Brain wave | Frequency band
Slow wave 0.5-2 Hz
Delta 0-4 Hz
Theta 4-8 Hz
Alpha 8-13Hz
Beta 13-25 Hz
Gamma > 25 Hz

Table 2.1: Associated frequency bands of some brain waves [26, 42].

contact [43, 44].

In practice, biological and environmental electrical artifacts often disrupt EEG signals, making it chal-
lenging to accurately identify normal rhythms and pathological patterns. Fortunately, skilled and
attentive observers can recognize distinguishing characteristics in these artifacts. Moreover, the ap-
proaches for using EEG signals involves directly using the raw signals from the scalp, or preprocess
the collected data. By performing preprocessing, it becomes possible to eliminate artifacts and dis-
card unreliable EEG channels. This approach also enables the extraction of brain activity from the
noisy EEG signals [39, 45].

2.5 Multivariate Empirical Mode Decomposition

The MEMD algorithm is an extension of the empirical mode decomposition (EMD) algorithm. Due
to the non-linear and non-stationary nature of EEG signals, conventional analytical tools like fast
Fourier transform (FFT) are not typically used with EEG signals. However, EMD, developed by Huang
et al. [46], being a data-driven algorithm, proves to be more suitable for handling nonstationary sig-
nals that undergo changes in frequency structure over short time periods. The application of EMD
offers the advantage of capturing similar underlying features as the real EEG signals [47].

The EMD algorithm decomposes the original signal into a finite set of amplitude or frequency mod-
ulated components, named intrinsic mode function (IMF)s. Each IMF represents a nonlinear oscilla-
tion of the real signal in the temporal domain, thereby preserving features across both temporal and
frequency domains. IMFs are defined according to two conditions; 1) the number of extrema and zero
crossings must be equal to each other or differ at most by one, 2) the mean value of the envelopes de-

fined by the local maxima and the local minima is zero [47, 48].

The IMFs are computed through an iterative process called the sifting algorithm. After extracting the
first IME the residual r (k) = x(k) — d (k) is used for extracting the remaining IMFs until the remaining
residual is a monotonic function or a function only containing one extremum. The algorithm is de-
picted in fig. 2.2. Using the EMD, the original signal can be represented as a set of N IMFs, {ci(k)}ﬁ.i 1

and a residue signal, r(k), as shown in eq. (2.1) [48, 49].

N
x(k) =) ci(k) +r(k) 2.1)
i=1

As the EMD algorithm sequentially removes the most oscillatory components of the signal, until a

10
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Finding position of all the extrema of x’(k)

|

Find the lower and upper signal envelopes by interpolating between
the minima and maxima; epin (k) and emqy (k) respectively

l

Compute the local mean m(k) =

emin(K)+emax(k)
2

Calculate the «oscillatory mode» by subtracting
the mean from the signal: s(k) = x'(k) — m(k)

If s(k) fulfills the stopping criteria, d(k) = s(k) is defined as an
IMF, if not, set x'(k) = s(k) and repeat the process from step 1

Figure 2.2: The EMD algorithm explained step by step [48].

residual signal is left, the algorithm often extracts IMFs going from high to low frequencies. That
is, the first IMF extracted usually contains the highest frequency components. The EMD algorithm
is processed channel-wise, using only one channel at a time. The properties of EMD has made it

appropriate in the analysis of non-linear and non-stationary signals [48].

In contrast to EMD, the MEMD ensures a consistent number of IMFs across the channels in the sig-
nals. Since EMD is a data-driven algorithm, processing signals channel-wise, the number of gener-
ated IMFs may vary depending on the characteristics of the signals. A varying number of IMFs leads
to desynchronization of the weights associated with each IMF. The desynchronization makes it chal-
lenging for the system to properly learn and distinguish between different classes or categories, and
will therefore affect the performance of the classification system negatively. The consistent number
of IMFs generated by the MEMD are therefore contributing to improving the classification perfor-

mance and preventing weight desynchronization [50].

The MEMD algorithm operates by identifying common scales in all EEG channels and extracts the
most relevant signals while also adaptively eliminating noise. Unlike the EMD algorithm, which
computes the local mean of the original signal using the average of the upper and lower envelopes,
MEMD uses multiple n-dimensional generated envelopes. The envelopes are generated by first taking
signal projections along different directions in n-dimensional spaces. Extremes are then computed
from these projections and interpolated component-wise to obtain the desired multidimensional en-
velopes of the signal. In addition, the local mean is computed using the average of these generated
envelopes. This approach allows for a precise estimation of local means, facilitating the extraction of

IMFs from multivariate signals [48].

2.5.1 Noise-assisted Multivariate Empirical Mode Decomposition

The noise-assisted multivariate empirical mode decomposition (NA-MEMD) algorithm is an exten-
sion of the MEMD algorithm, forming a multivariate signal, which consists of input data and noise in

11
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separate channels. The MEMD algorithm is then applied to the data containing the noise channels.
The resulting IMFs corresponding to the noise are subsequently discarded, leaving only the IMFs that
represent the components of the original signal [51].

The NA-MEMD is mainly introduced due to dealing with some of the limitations of EMD. The EMD
needs a sufficient number of local maxima and minima to work effectively. Moreover, the mode-
mixing problem of EMD where the algorithm mix different signal components into a single IME and
the fact that it function for univariate data, meaning that it only works for one channel at a time,
are all challenges of the EMD algorithm. Adding noise in a controlled manner, instead of adding it
directly to the data has given the advantage of being able to separate components of the signal more
effectively, with more accurate frequency estimates, while reducing the mode-mixing problem. The
application of NA-MEMD is therefore beneficial if prone to the mode-mixing problem, and it has also

proven to be working well in brain computer interface (BCI) systems [51].

2.6 Feature Extraction

Feature extraction is used as a technique to reduce dimensionality and capture the most relevant
information from the data [52]. The extracted features give varying performances when input to a
classifier. Ineffective features selected for model training will result in lower model performance,
while selecting the right features that accurately represent the underlying EEG signal will improve

model performance [53].

Feature extraction can be performed manually or automatically. Manual feature extraction tech-
niques are often time-consuming and are generally used in combination with ML classifiers such
as k-nearest neighbors (KNN) and support vector machine (SVM). Automatic feature extraction is

often present in DL methods [54].

Some hand-crafted feature extraction techniques are PSD, PCA and CSP.

2.6.1 Power Spectral Density and the Fast Fourier Transform

PSD, or power spectrum, is a common method for EEG analysis and feature extraction [55-57]. PSD
reflects the distribution of the signal power over frequency. It is calculated from the discrete Fourier

transform (DFT) as

10
PSD(k) = N|X(k)| , (2.2)

where N is the number of samples in the signal and X the DFT of the signal.

The DFT is a transformation of the signal from the time domain to the frequency domain, used for
power spectrum analysis [58]. The DFT of a signal is widely computed using the FFT, an algorithm

that reduces the computational power. The DFT of a signal x is defined as

N-1 )
X =Y x(me 2N, (2.3)

n=0

12
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2.6.2 Principal Component Analysis

PCA is a technique used to transform data into principal components. These components are a linear
combination of the initial data, and reducing the number of them is often the main goal of PCA.

Principal components are calculated from the initial data x by

Xpca = ATX, (2.4)

where A is a matrix of orthonormal eigenvectors of S, calculated by

IS-=AIl=0, (2.5)

where [ is the identify matrix and A are eigenvalues.

To reduce the dimensionality of the data, the number of principal components is chosen based on
the amount of information loss accepted for a given problem. Each principal component carries a
certain variance. Dimension reduction is done by selecting a number of principal components that

accumulate to a certain percentage of the total variance [59, 60].

2.6.3 Common Spatial Pattern

CSP is a technique for transforming multichannel data into a low-dimensional spatial subspace [61,
62]. The technique is data-driven and supervised. Spatial filters which maximize the variance for one
class and minimizes it for the other are calculated, making it easier to classify between them. The

initial multichannel data is transformed into the spatial subspace by:

Xcsp=WTX, (2.6)

where W is calculated by

wz,wT =D,
2.7)
w,wl=1-D

where Z; is the covariance matrix for class i, D is a diagonal matrix, and I is the identity matrix. This

problem is solved by finding a matrix P such that

P +3,)PT =1 (2.8)

This process is called whitening the matrix Z; + X,. This is used to define S; = PZ[PT,I € {1,2},

whereby an orthogonal matrix R and D is calculated such that

13
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SI'=RDRT,
2.9)
SI'=RU-D)RT,
where S, follows from the definition S; + Sy = I. The spatial filter matrix is then calculated as
w=RTp (2.10)

2.7 Machine Learning

ML emerged as a field of study from the traditional statistics and the artificial intelligence (AI) com-
munities. ML is a form of applied statistics, where the parameters of an algorithm are optimized for a
given task on a given set of data. Unlike Al tasks that aims at replicating human thought processes for
solving complex problems, the ML tasks learn from data to perform these complex tasks. The algo-
rithms convert empirical data into practical models, and these models are not explicitly programmed,

they rather undergo training to learn [63-66].

Multiple tasks can be performed using ML, with a common one being classification. In a classification
task, the algorithm is tasked with deciding which of k categories a given data sample belongs to. The
algorithm produces a function f: R" — {1, ..., k} for k categories. The function is found by training the
algorithm, where it iterates over a portion of the dataset over multiple epochs. Classification is a form
of supervised learning, which is when the algorithm learns to associate a given output with a given
input. Classification between two categories is referred to as binary classification, while classification
of multiple categories is referred to as multi-class classification [66].

ML algorithms have parameters which affect the performance of the algorithm. The parameters avail-
able depend on the model architecture. They can be understood as a set of weights updated when
training an algorithm. Hyperparameters are parameters not adapted by the algorithm itself, but must
instead be defined by the developer. There are many techniques for choosing the parameters, such

as using previous experience or values used in similar experiments [66].

2.7.1 Machine Learning Algorithms

There are a multitude of various ML algorithms, each with its own architecture for learning. Different
algorithms have different strengths and weaknesses depending on the task at hand. This section

provides an introduction to the algorithms used in this thesis.

K-Nearest Neighbors

KNN is an ML technique used for classification and regression tasks. It operates as a nonparametric
learning algorithm, thus avoiding constraints imposed by a fixed number of parameters, often con-

sidered to have none. Instead, the algorithm uses a straightforward function of the training data.

Unlike some other algorithms, it does not involve a defined training stage. Rather, during the test, it

identifies the KNN of the test sample x within the training data X. Using this information, it generates

14
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the output y corresponding to the test input x, achieved by averaging the corresponding y values in
the training set [66].

Extreme Gradient Boosting

Extreme gradient boosting (XGB) is an ML algorithm that is based on the foundations of decision
trees. The algorithm constructs short and simple decision trees iteratively, and because of its high
bias, each tree is often referred to as a "weak learner". When constructing the subsequent tree, the
objective is to train it to predict what the previous weak learner couldn’t achieve. In this manner,
each weak learner aims to correct the errors of its predecessor. This iterative process continues until
the predefined stopping criteria are met. XGB therefore provides fast training and the ability to be

parallelized [67].

Support Vector Machine

SVM is an ML algorithm similar to logistic regression, however, this technique does not provide prob-
abilities. It is driven by the linear function
wlx+b (2.11)

and yields a class identity as its output. The output is predicted as positive if the linear function 2.11

produces a positive value and negative if it gives a negative value.

SVM can be represented in terms of dot products between examples. For instance, using SVM, the
expression 2.11 can be reformulated as depicted in eq. (2.12). Here, x denotes a training sample, and
a represents a vector of coefficients. This formulation allows the substitution of x with the output of a
specified feature function ¢(x). Subsequently, this function can be employed to give the dot product
in eq. (2.13).

m .
wa+b=b+Za,-xTx(’) (2.12)
i=1

k(x, xP) = p(x) - p(x) (2.13)
The outcome of eq. (2.13) is referred to as a kernel. The Gaussian kernel, expressed in eq. (2.14)

k(u,v) =N (u—- ;0,621 (2.14)

is one of the most commonly used kernel, and is also known as the radial basis function (RBF) kernel.
Conceptually, the RBF kernel can be compared to a template matching process. If a training example
x is linked with a training label y, it effectively serves as a template for class y. The RBF kernel has a
large response when a test point x’ is close to x, in terms of Euclidean distance. This indicates that
x' is very similar to the x template. Following this, the model places a large weight on the associated
training label y. In this way, the prediction will combine these training labels, weighed by the similar-

ity of the associated training examples [66].
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Random Forest

Random forest (RF) is an ensemble method that operates by training numerous decision trees simul-
taneously through bootstrapping, followed by aggregation. The decision trees are trained indepen-
dently in parallel, each on different subsets of the training data, utilizing various subsets of available
features. The uniqueness of each decision tree is ensured by bootstrapping, thereby reducing the
overall variance of the classifier. Moreover, when combining the decisions of the trees to make the
final decision, the classifier consequently demonstrates good generalization capabilities [68].

2.7.2 Deep Learning

DL represents learning methods from data and is a subset of ML, where the algorithm is a deep neu-
ral network (DNN). A DNN is inspired of biological computational networks, called artificial neural
network (ANN)s. ANNs consist of an input layer, one or several hidden layers and an output layer, as
shown in fig. 2.3 [66, 69].

The term "deep", in DL originates from the learning process being done through multi-layer neural
networks [70]. A DNN is composed of two or more hidden layers and multiple mathematical func-
tions, connected in a chain. The function f is approximated by

Fx) = VY G 0)), (2.15)

for an n-layered network. Each function layer is composed of unit functions, called neurons, work-
ing in parallel. The algorithm learns the value of the parameters 8 which result in the best function
approximation. The learning is performed, updating the mathematical relationships, using an algo-
rithm called backpropagation. The backpropagation algorithm calculates the derivatives inside the
DNN. The learned relationships during training can further on be used to make predictions of the
data input to the DNN [66].

Input layer Hidden layers Output layer

0
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Figure 2.3: The architecture of an ANN.
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Convolutional Neural Network

A convolutional neural network (CNN) is a specialized neural network used for processing data with
a grid-like topology. CNNs have been successful in practical applications such as computer vision or
time-series analysis. The common layers of a CNN is depicted in fig. 2.4, with a NxM matrix as input

and 3 classes as output.

Convolutional Layer

Pooling Layer
Fully Connected Layers

Input Layer

Figure 2.4: The architecture of a CNN.

These networks uses convolution, a type of linear mathematical operation. Data is given as an input
to the convolutional layers, which return a feature map as an output. The feature map is obtained
doing a convolution product between a matrix representation of a portion of the data and another
matrix with a set of learnable parameters, referred to as a kernel. The main motivation of using convo-
lution is sparse interactions, parameter sharing and equivariant representation. Sparse interactions
typically refers to the process of making the kernel smaller than the input, so that fewer parameters
are stored, reducing the memory requirements. Parameter sharing is the use of the same parameter
for more than one function in the model. Equivariant representation refers to the property of the
output changing in the same way as the input changes [66].

Another operation frequently used in convolutional networks is pooling. The main function of pool-
ing is to provide translation invariance by reducing the original size of the data and the feature maps.
The pooling function reduces the size by replacing the output of the net at a certain location with
summary statistics of the nearby outputs [66, 71].

In the final layer of the CNN, a classification layer takes the feature map as input and returns the
predicted class. The classification layer is referred to as fully connected, since all inputs of the layer
influence all the outputs of the layer [66].

2.8 Performance Evaluation of Classifications

The goal is to create the best possible real-world applicable algorithm, but for most applications, it
is impossible to achieve zero error. Algorithms are often evaluated in benchmarks, where different
algorithms are measured against each other on the same problem. They can also be evaluated on the
basis of a required threshold based on safety, cost-efficiency, or consumer-appeal. Evaluation is made
with performance metrics. Choosing the right metric for a specific problem is vital for understanding

the performance of an algorithm [66].
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To ensure that an algorithm works in the real world, a portion of the available data is separated for
test purposes. This data is called the test set, and the other portion is the training set. The separation
of the training and test set ensures generalization and the ability to perform well on new data. During
training, the algorithm attempts to reduce the training error by updating it’s parameters to fit the
labels of the training set. The algorithm is evaluated by predicting the labels of the data samples in
the test set and calculating the test error [66].

Two challenges arise during training algorithms: underfitting and overfitting. Underfitting occurs
when the algorithm is unable to sufficiently reduce the training error. Overfitting occurs when the
model performance is much higher for training data than for test data. These issues are combated
by altering the capacity of the algorithm. When underfitting occurs, the capacity of the algorithm is
not high enough - the model is too simple. Overfitting occurs when the capacity is too high. The "no
free lunch" theorem states that no ML algorithm is universally better than any other. An algorithm
performs best when the capacity is appropriate for the complexity of the task. Finding the appropriate
capacity is an important task when developing ML algorithms [66].

For DL algorithms, this can be monitored during training by separating a part of the training set in
a validation set. After each training epoch, the performance is evaluated using the validation set.
This is used to guide the selection of hyperparameters and for introducing regularization techniques,
such as early stopping criteria and the reduce learning rate algorithm. Early stopping monitors the
performance of the validation data and stops training when no further performance increase is made
after a predefined number of epochs. Reduce learning rate monitors in the same way, but reduces the

learning rate when the performance increase is insufficient [66].

A possible problem when dividing the available data into train and test sets is that the test set is too
small, resulting in a greater statistical uncertainty around the estimated performance. A lucky divi-
sion could result in an unrealistically high performance estimation, and vice versa. Cross-validation
is introduced to combat this; With k-fold cross-validation training and testing is performed over k
divisions. The test error is then estimated as the average test error over k folds, resulting in a lower
statistical uncertainty. All available data is divided into k random partitions; during trial i, partition i

is used as a test set and the rest as a train set [66].

The most common performance metrics are calculated using a confusion matrix, which contains
four counts: true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN), as
shown in fig. 2.5 [72].

Accuracy, precision, and recall are calculated with these counts. Accuracy is the proportion of cor-
rectly predicted samples over total samples (see (2.16)). Precision is the proportion of correctly pre-
dicted positive samples over all predicted positive samples (see (2.17)). Recall is the proportion of
correctly predicted positive samples over all true positive samples ( see (2.18)) [66, 72].

P TP+ TN 016
ccuracy = .
Y TP+TN+FP+EN

.. TP
Precision= — (2.17)
TP+ FP
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Figure 2.5: The structure of a confusion matrix.

TP
Recall = ——— (2.18)
TP+ FN

The F-score evaluates the relationship between precision and recall. These two metrics are often
sacrificed for each other, depending on whether the importance is to be precise or to identify all
positive samples. The F-score summarizes the precision and recall performance in a single metric, as

given in (2.19).

2% Precision * Recall
F—score= — (2.19)
Precision+ Recall

The area under receiving operating characteristic curve (AUROC) is a metric typically used for eval-
uating binary classification, but can also be used to evaluate multiclass classification. The curve de-
scribes the relationship between false positive rate (FPR) and true positive rate (TPR). The metric
ranges between 0 and 1, where 1 indicates a perfect performance and 0.5 a random performance.
AUROC can be misleading for highly imbalanced datasets and should then be evaluated together

with other metrics [72].

Cohen’s kappa, known as the kappa score, measures interrater reliability. The metric measures the
agreement between the true and the predicted labels, while taking into account the expected perfor-
mance of the algorithm. The kappa score ranges from -1 to 1, where 1 indicates a perfect performance
and 0 a random performance. The interpretation of the range of kappa score is depicted in table 2.2
[73].

Kappa Score Range | Interpretation
0.00-0.20 Poor Agreement
0.21-0.40 Slight Agreement
0.41-0.60 Fair Agreement
0.61-0.80 Substantial Agreement
0.81-1.00 Almost Perfect Agreement

Table 2.2: Interpretation of kappa score ranges [73].

19



CHAPTER 2. THEORETICAL BACKGROUND

2.9 Data Augmentation

Although DNNs have become a popular choice for signal classification, it comes with the challenge
of collecting large datasets. Annotation processes, such as when collecting dream reports, are time-

consuming and require human experts for sleep staging in real time.

Performing classification without enough representative data, meaning for instance an unbalance
in number of samples for each class, may lead to overfitting or weak generalizability of the classifier.
Thus, data augmentation emerges as a promising technique to enhance the performance of decoding
models and the most effective way of solving the limitations of obtaining sufficient training data [74,
75].

Data augmentation is a type of regularization technique that aims to improve generalization. The
primary objective of regularization methods is to incorporate information into the underlying ML
model, enabling it to better encapsulate the general characteristics of the data. In line with this, data
augmentation aims at increasing the robustness and accuracy of ML models, thereby giving models
with well performance on small and poorly representative data. Data augmentation mitigates the
limitations of unbalanced datasets by using appropriate data augmentation techniques, where exist-

ing training data are used to generate more training samples [75].

2.10 Channel Selection

EEG data is collected from electrodes, called channels, positioned across the scalp to capture elec-
trical activity. Having many channels may effect the classification performance by decreasing the
performance due to irrelevant or redundant information. To address this issue, channel selection al-

gorithms play a crucial role in identifying optimal EEG channels for a specific application [76, 77].

The application of automatic channel selection has three main purposes. First, it reduces compu-
tational complexity by choosing the relevant channels and, thereby, extracting the most important
features. Second, it reduces overfitting by decreasing the amount of memorization of noisy and un-
necessary data from the channels, thereby improving performance. Third, it is applied to reduce the

setup time for some applications, such as BClIs [76, 77].

Permutation-based channel selection is a technique where channels are selected for subsets by their
individual importance. It is a computationally cheap method which identifies the most informative
channels. The algorithm for calculating each channel importance is called permutation feature im-
portance (PFI). The steps of the algorithm are as follows [78, 79]:

1. Create a baseline model using training data.
2. Calculate the baseline performance by evaluating the model on the test data.

3. For each feature i, randomly shuffle the data within (permute), for all samples, to corrupt the

feature.

4. Use the baseline model to evaluate the performance on the test data with the corrupted feature.
The importance of feature i is the difference between baseline performance and performance

on the corrupted feature.
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Channel selection can also be done using a multi-objective evolutionary algorithm. Evolutionary
algorithms are population-based stochastic search algorithms which mimic natural evolution. A set
of possible solutions are formed into a population, where they are evaluated and ranked depending
on algorithm. The best solutions go through crossovers and mutates to create a new generation of
populations, which are again evaluated and ranked. This process iterates until a termination criteria
is fulfilled [80].

Non-dominated sorting genetic algorithm (NSGA)-II is an optimization evaluation algorithm which
determines a set of optimal solutions for a multi-objective problem on a single simulation run. It uses
non-dominated ranking to evaluate and rank the solutions. A solution is considered non-dominated

if there is no other solution with a better evaluation value [81].
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Literature Review

3.1 Prediction of Dream Experience

3.1.1 NREM and REM Sleep

Siclari et al. investigated the neural correlates of dreaming during both NREM and REM sleep [82].
Using the serial awakening paradigm [83], participants were awakened at 15-30 minute intervals and
asked if they, right before awakening, had been experiencing anything, where experience was defined
as "any kind of mental activity". Three categories emerged from the reported cases: dream experience
(DE), dream experience without recall (DEWR), and no dream experience (NE). Data were captured
using 256 high-density EEG channels. The researchers calculated the power spectral density at source
level, in both alow frequency (1 - 4Hz) and a high frequency (20 - 50Hz) band to investigate differences
between the reports. For NREM sleep, differences were found in both frequency bands. Both DE and
DEWR exhibited a decrease in low-frequency power in the parietal-occipital region, compared to NE.
The same parietal-occipital region also showed an increase in high-frequency power, when compar-
ing DE to NE. No significant difference was found between DE and DEWR. For DE versus DEWR,
an increase in high-frequency power was found in the medial and lateral frontoparietal regions. No
differences were found between DEWR and NE. For REM sleep, differences were also found in both
frequency bands. DE showed both a decrease in low-frequency power in the parieto-occipital region
and an increase in high-frequency power in frontal and lateral regions, compared to NE. The findings
thus highlight a parieto-occipital region as a potential neural correlate for dreaming in both NREM
and REM sleep. For REM sleep, dreaming could also be correlated to the frontal and lateral regions.

The study conducted by Zhang and Wamsley investigated the EEG correlates of dreaming [84]. They
used high-density EEG recordings, with 58 electrodes on each of the 40 participants. The subjects
were awakened at different stages of sleep and asked to provide a dream report. The awakenings
were done during sleep onset, REM sleep, and N2 sleep. The correlates of dreaming found calculating
the mean power spectral density in five a priori frequency bands; slow oscillations (frequencies below
1 Hz that remained after 0.1 Hz high pass filtering), delta (1-4Hz), theta (4-7Hz), alpha (8-12Hz) and
beta (13-35Hz). The results unveiled distinct patterns in the EEG activity. Dream imagery during the
transition to sleep was associated with increased absolute power in frequencies below 7 Hz. During

periods of decreased relative power below 1 Hz and increased relative power above 4 Hz, dreaming
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occurred in N2. However, for REM sleep, no EEG predictors of dreaming were observed.

3.1.2 NREM Sleep

Another study performed by Siclari et al. investigates dreaming during NREM sleep [85], as an ex-
tension to the previous research investigating the neural correlates of dreaming [82]. They wanted
to identify how the hallmarks of NREM sleep, sleep spindles and slow waves relate to dream experi-
ences. The study used the serial awakening paradigm on 14 subjects using high-density EEG of 256
electrodes [83]. They used PSD for calculating spectral power changes associated with different types
of slow waves. Source modeling was used for evaluating the cortical localization of high-frequency
power increases after slow waves. They showed that reports of dreaming had fewer, smaller and shal-
lower slow waves, and faster spindles, compared to reports of no experience. This was especially
prominent in the central and posterior cortical regions. They also found an indicator of successful
recall of dream content; a minority of very steep and large slow waves in the frontal areas, occurring

during decrease of slow wave activity and linked with increase of high-frequency power.

Scarpelli et al. investigated the EEG correlates of dream recall from NREM sleep awakenings [86]. The
researchers wanted to test two hypotheses: Whether dream recall share similar brain mechanisms
to those involved in encoding of episodic memory during wakefulness, or if dream recall depend on
the amount of synchronized EEG activity during sleep preceding the awakening. Data was collected
from 14 healthy subjects, who were asked to maintain a regular sleep-wake habit and to keep a sleep
and dream diary for the week preceding the experiments. The subjects were awakened in N2 sleep
and filled out a sleep and dream report. The experiment did not consider when the subject could
remember to have dreamt, but not the content - defining this as no recall. The data was collected by
PSGrecordings using an EEG cap with 28 EEG channels and a sampling rate of 250 Hz. The recordings
were high-pass filtered with a 3-second time constant and low-pass filtered at 30 Hz. For the analysis
the power spectra for each channel were computed using FFT, log-transformed, and divided into
delta, theta, alpha, sigma, and beta bands for statistical analysis. The researchers performed paired -
tests to see whether dream recall and no recall differed. The main finding from the study is that dream
recall is predicted by a lower delta wave activity over the left hemisphere compared to no recall. The
work points to that dream recall is dependent on the amount of synchronized EEG activity and that

dream recall is more likely when subjects exhibited greater brain activation.

A study aiming to identify dreamful or dreamless sleep using unsupervised ML, based on feature
extraction of EEG spectral power, was conducted by Wong et al. [87]. They employed the same
serial-awakening paradigm as Siclari on nine participants [82, 83]. Two teams were involved in the
experiments: the data team, responsible for measuring the participants’ EEG activity during sleep
and collecting dream reports, and the analysis team, tasked with predicting the presence of a dream
experience during NREM (N2 and N3) sleep. The data team provided 54 one-minute PSG recordings
of NREM sleep stages 2-3 in balanced proportions, with half containing dreamful sleep and the other
half containing dreamless sleep. The analysis team attempted to separate dreamful and dreamless
sleep using an evidence accumulation clustering approach with modifications. The results showed
that EEG spectral power could not be effectively used to detect specific patterns distinguishing the
classes.
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3.1.3 REM Sleep

A study performed on the dream emotion evaluation dataset (DEED) dataset has been conducted by
Moctezuma [88]. The experiments were done using 6 EEG channels on 38 subjects who were awak-
ened after REM sleep, followed by providing a dream report. For the classification, feature extraction
using discrete wavelet transform (DWT) on the data was fed into multiple classical ML algorithms,
and raw data was fed into the CNN model, EEGNet. The study considered three separate classifi-
cation tasks: Neutral emotion versus positive/negative emotion, positive versus negative emotion,
and dreamless versus dreamful sleep. The resulting accuracies were 0.85 + 0.02 for dream versus
dreamless sleep, 0.64 + 0.03 for positive versus negative emotional dreams, and 0.66 + 0.02 for neu-
tral versus negative/positive emotions in dreams. The results show that EEGNet gave the best metric
scores and the lowest standard deviation. Furthermore, the NSGA-II algorithm was used for optimiz-
ing the selection of EEG channels. The results were almost identical to the accuracies obtained in the

classification of dreamless and dreamful sleep [88].

The findings of Siclari received criticism from Ruby, who stated that neural correlates of dream-
ing have not yet been identified [89]. One of the points highlighted was that the serial awakening
paradigm did not consider the possibility of a subject experiencing a dream without any recall of the
experience. This is different to Siclari’s definition of DEWR, which are dream recalls without recall of
specific content. Such instances are merged with NE. Consequently, dreamful and dreamless sleep
might have gotten mixed in the no-dream collection. Furthermore, Ruby points to that previous and
later EEG studies using the serial-awakening paradigm have resulted in different and inconsistent re-

sults.

3.2 Brain Activity for Specific Dream Content

Horikawa et al. conducted a study to investigate whether visual experience during sleep onset (sleep
stage N1 and N2) is represented by brain activity patterns shared by stimulus perception during wake-
fulness [90]. The study involved three subjects, using fMRI and PSG for data collection and sleep
scoring. The subjects were awakened during sleep onset and provided a verbal report describing
their visual experience before awakening. The procedure was repeated until minimum 200 awaken-
ings for each subject was attained. The subjects were awakened on average every 342 seconds. Words
describing visual objects or scenes were extracted from the verbal reports and mapped to a lexical
database where semantically similar words are grouped together as synsets in a hierachical structure.
The words were grouped into base synsets that appeared in at least 10 reports from each participant.
The data collected from the fMRI was labelled with a visual content vector where each element indi-
cated the presence or absence of a base synset in the verbal report. A ML decoder was constructed
by training SVMs on fMRI data measured while the subject viewed images related to the synsets and
subsequently used for prediction. The results indicate that content-specific patterns in brain activity
is highly consistent between perception and sleep-onset imagery. Neural measurements could thus

be used to uncover the subjective visual contents of dreaming.

A study conducted by Dresler et al. combined brain imaging and lucid dreaming to show that a pre-
defined motor task performed in a dream elicits similar neuronal activation as when performing the

task during wakefulness [91]. Six subjects, who had trained and practiced lucid dreaming for several
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years, participated in the study. Data was collected using fMRI and near-infrared spectroscopy dur-
ing early morning REM sleep. The subjects were tasked with indicating a lucid dream by performing
a left-right-left-right (L-R-L-R) eye movement. They should then clench the left hand 10 times, per-
form a new L-R-L-R movement, and clench the right hand. The sequence was performed for as long
as possible, with the L-R-L-R indicating a hand switch. Two subjects succeeded in performing the task
during lucid REM sleep. The subjects performed both actually executed and imagined hand clench-
ings during wakefulness for comparison. The results show that hand clenching during lucid dreaming
elicits neuronal activity in the sensorimotor cortex. This activity is similar to that of an imagined hand
clenchings, which overlaps with the elicited activity during executed hand clenchings. The study in-
dicates that specific motoric contents of REM dreaming can be visualized by neuroimaging.

Siclari et al. investigated whether differences in high-frequency power could identify specific con-
tents of DEs during REM sleep [82]. They found a correlation between high frequency and the dimen-
sion of thinking in the frontal regions of the brain and the dimension of perception in the parietal, oc-
cipital and temporal regions. Specifically, they found that DEs containing faces were associated with
increased high-frequency activity in a temporo-occipital region, which during wakefulness is asso-
ciated with face perception. Increased high-frequency activity in the right posterior parietal cortex,
an area involved in spatial perception, was found for DEs with a definite spatial setting. Moreover,
DEs with reports of the sense of movement were associated with high-frequency activity in an area
involved in the perception of biological motion and in viewing body movements. Additionally, DEs
containing speech were found to have increased high-frequency activity over a left posterior region

corresponding to an area associated with speech and language called Wernicke’s area.

3.3 Frequency Activity in Sleep

A study investigating the presence and cortical distribution of negative delta waves in REM sleep was
conducted by Bernardi et al. [92]. 16 subjects participated using high-density EEG, 256 channels.
They used independent component analysis (ICA) to remove potential ocular, muscular and electro-
cardiograph artifacts. For the detection of delta waves, they used an algorithm based on the analysis
of consecutive signal zero-crossings. Following this analysis, they found two clusters of delta waves
with distinct characteristics; 1) a frontal-central cluster with 2.5-3.0 Hz called sawtooth waves, 2) a
medial-occipital cluster with frequencies below 2 Hz. The sawtooth waves were found to occur in
bursts and were associated with increased gamma activity and rapid eye movements. They share
many characteristics with ponto-geniculo-occipital (PGO) waves. These waves were found to have
an occipital-temporal and a frontal-central component, using source modeling. The slower waves,
however, displayed a negative correlation with gamma activity and were also found in NREM sleep.
The findings indicate a spatially and temporally heterogeneous state of REM sleep.

Vijayan et al. performed a study exploring activity in brain regions during REM sleep [93]. They used
EEG, EMG and EOG for sleep scoring and recordings characterised as REM sleep were used for further
analysis. The recordings were taken on total five subjects diagnosed with epilepsy. The subjects were
monitored using intracranial depth electrodes, where the distal-most contacts focused on the medial
temporal and frontal regions. The results showed rhythmic waves of neuronal activity in the frontal

area, where theta and beta waves dominated. The waves were especially prominent in the frontal
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lobe called the dorsolateral prefrontal cortex, and the anterior cingulate cortex.

A review summarizing the role of PGO waves in dream formation is presented by Gao et al. [94]. PGO
waves originate in the pons and propagate to the lateral geniculate nucleus of the visual thalamus and
the occipital cortex. Their pathway could be interpreted by the brain as visual information, leading
to the visual hallucinations experienced as dreams. PGO waves start to appear during the transition
from NREM to REM, and are then persistant throughout REM. The authors suggests that the PGO
waves may have a role in physiological functions during REM sleep such as memory consolidation,

unlearning, brain development and plasticity, and mood regulation.
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Methodology

This chapter documents the materials used and the methods applied for the project. Each method is

first presented in general terms, then detailed for each dataset.

4.1 Materials

4.1.1 The Zhang & Wamsley (ZW) Dataset

The Zhang & Wamsley (ZW) dataset is presented by Zhang and Wamsley [84, 95] and made available
through the DREAM database [17]. The data was collected from 28 subjects sleeping in the labora-
tory, where they were awakened throughout the night to provide a dream report. The subjects were
instructed to verbally describe "everything that was going through your mind just before I called"
whenever awakened. They were encouraged to give all details on their experience, regardless of con-
sidering whether it was a dream or not. If they could not remember an experience, they reported this.

The participants’ sleep onset was determined through online PSG monitoring, and they were subse-
quently awakened up to 13 times to report their experience. Of these awakenings, up to 10 occurred
within the initial hour of the night, shortly after the onset of sleep. As a consequent, the reports from
the sleep onset phase encompassed different NREM sleep stages. Later on, the subjects were awak-
ened after at least 10 minutes of PSG-defined N2 and 5 minutes of PSG-defined REM. In this way,
one N2 sleep and one REM sleep report were collected. Upon morning awakening, a final subjective

report was reported, irrespective of the sleep stage.

The EEG recordings were conducted using a high-density electrode cap containing 58 EEG electrodes
positioned according to the international 10-10 system. Data were captured at a sampling frequency
of 400 Hz using a Grass-Telefactor AURA amplifier equipped with a high-pass filter set at 0.1 Hz. The
average between the left and right mastoids, channel A1 and A2, are used to reference the EEG chan-

nels.

They collected 308 samples in total, each minimum 73 seconds long, with a label assigned as either
NE or DE. The label was decided by two independent judges, who did not know the sleep stage, and
followed the definition of dreams used in the study; a mental experience recalled from sleep. Of these,
181 were in during N1 and N2, referred to as NREM, 26 in REM and the remaining were collected at
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the last epoch before the report was "wake" and in N3. Overall proportions of the sleep stages and the
class distribution of ZW dataset are illustrated in table 4.1.

ZW Dataset
Sleep Stage | Percentage | No Experience | Dream Experience
N1 25%
N2 34%
N3 2% 23% 77%
REM 8%

Table 4.1: Sleep stage and class distribution for the ZW dataset [95].
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Figure 4.1: Distribution of the classes No experience and Dream experience, in the NREM and REM
sub-datasets of ZW.

Furthermore, in all experiments, electrodes Al and A2 were selected as reference nodes. The experi-
ments were divided into two parts: one focuses on classifying DE and NE during NREM sleep, while
the other focuses on REM sleep. To accomplish this, the entire dataset was partitioned into the sleep
stages N1, N2, and REM, by extracting the labels corresponding to the sleep stages. Subsequently, N1
and N2 were merged and collectively referred to as NREM. The unbalanced class distributions for
each of the sub-datasets are depicted in fig. 4.1.

Each recording in the sub-datasets was segmented to obtain more data. The length of each segment
was determined through analysis testing with various segment lengths: 0.25, 0.5, 1, 2, 3, 4, 5, and
10 seconds. Among these, 0.5-second segments were chosen for the NREM dataset, while 2-second

segments were chosen for the REM dataset, as they gave the highest performances.

After the segmenting, the NREM sub-dataset contained 26458 segments in total, while the REM sub-
dataset contained 936 in total.

4.1.2 The Tononi Dataset

The dataset Tononi Serial Awakenings, referred to as the Tononi dataset, is presented by Siclari et al.
[82, 96]. It is made available through the DREAM database [17]. The experiment was conducted with
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the serial awakening paradigm, where the subject sleeping in the laboratory were awakened during
N2 sleep throughout the night. Subjects were awakened by a computerized sound that lasted 1.5
seconds. The subject then reported whether they had a dream experience or not through an intercom,
which was noted by the researchers. The reports were divided into three classes: Dream experience
(DE), dream experience without recall (DEWR), and no experience (NE). The class distribution is 42%
DE, 19% DEWR, and 39% NE.

The dataset contains a total of 261 recordings from 36 subjects. The number of recordings and sub-
jects available in the dataset differs from the numbers presented in the dataset description [96], which
report 240 recordings from 32 subjects. Recordings were performed using a 256-channel high-density
EEG system, with a sampling rate of 500 Hz. Sleep stage scoring was performed over 30-second
epochs. Each recording consists of the last 120 seconds before awakening.

For further work, the recordings were divided into 2-second long segments, low-pass filtered with a
cutoff frequency of 45 Hz, and resampled at 150 Hz. These values were shown through experimenting

to give the best classification performance.

4.1.3 Deep Learning Model

EEGNeX is a CNN-based DL model developed for EEG-based classification tasks [97]. During devel-
opment the researchers identified four key pillars for their design: Spatial filtering, spatial feature
extraction, temporal feature extraction, and model parameter space and performance stability. The
design is a continuation of the EEGNet model [98]. EEGNeX has a three-part architecture exclud-
ing input and classification parts, as seen in fig. 4.2. The first part, responsible for spectral feature
extraction, is composed of two two-dimensional convolutional layers. The second part is a depth-
wise two-dimensional convolutional layer, acting as a spectral filter. The third part performs spatial
feature learning with two two-dimensional convolutional layers. The classification part consists of a
single dense layer and an output.

4.1.4 Development Tools
Software

The code for this project is developed using the Python programming language, which allows the use
of multiple toolboxes related to data engineering and ML. The work requires handling multidimen-
sional time series in the form of EEG signals, making Python a suitable choice. For data processing,
the most used toolboxes are pandas, numpy, scipy, and MNE-python [99-102]. ML and DL algorithms
have been created mainly using scikit-learn, tensorflow, and keras [103-105]. Github is used to facili-

tate collaboration throughout development and to make the project available after finishing.

Computational Resources

Experiment configurations with high computational complexity were performed using Idun, a com-
puting cluster at NTNU for rapid testing of high-performance computing software [106]. The cluster
is equipped with 185 compute nodes, 8264 CPU cores, and 210 GPUs . The combination of ML tasks

1As 0f 02.06.2024: NTNU (2024) Idun - High Performance Computing. Available at: https://www.hpc.ntnu.no/idun
(Accessed: 02.06.2024)
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Figure 4.2: Architecture of the EEGNeX Model [97].

and EEG data with a high number of channels is computationally heavy, making Idun a valuable re-

source.

Artificial Intelligence Tools

The Al tools Copilot by Microsoft?, ChatGPT by OpenAI®, and Github Copilot have been used dur-
ing the development of this project. Copilot by Microsoft and ChatGPT have been accessed through
the web application, where they have been used primarily for code-assisting in the form of generat-
ing examples on how to use specific toolboxes and for debugging, but also for explaining technical
concepts. Github Copilot is used as a plug-in feature in Visual Studio Code, where it suggests code
completions and can develop simple code based on comments. These tools have proven valuable
in the project, as they allow asking direct questions about specific topics using natural language. All

information obtained is cross-checked with other sources, as the tools can provide false information.

4.2 Data Filtering Using MEMD

The MEMD was employed on the data as a filter with the aim of enhancing classification performance.
This filter eliminates unnecessary frequency components by constructing a new signal based on a
subset of IMFs. Three IMFs closest to the original signal, determined by Euclidean distance, were
selected. The number of IMFs was determined experimentally to maintain consistency. These three

2Microsoft (2024) Copilot. Available at: https://copilot.microsoft.com
30penAl (2024) ChatGPT. Available at: https://chatgpt . com
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Figure 4.3: Process of obtaining MEMD-filtered signal from raw signal.

IMFs were then combined to reconstruct the MEMD-filtered data. In the case of the signal containing
only two IMFs, the third IMF contains only zeroes. The process of obtaining the MEMD-filtered signal

for one signal is shown in 4.3.

All experiments using MEMD-filtered data are based on applying MEMD on all channels, except for
one experiment in Tononi, exploring the use of MEMD on only a subset of 10 channels. This was done

to explore the differences of using MEMD before and after channel subsets were chosen.

4.2.1 The ZW Dataset

The process of using MEMD as a filter was applied to both the NREM and REM sub-datasets of ZW.
The MEMD was applied on the total recording of 73 seconds, obtaining the MEMD-filtered data. The
MEMD-filtered data was subsequently segmented into 0.5 seconds and 2 seconds for NREM and REM

data respectively before being used as input for the classification tasks.

4.2.2 The Tononi Dataset

For the Tononi dataset MEMD was applied on the 2 second long segments before being used as input
to the classification tasks. Because of the computational load, only 2000 2-second segments were

used.
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An additional effort, for comparison to the ZW method, was made by applying MEMD to the last 73
seconds of 36 recordings with all 256 channels, before segmenting the MEMD data into 2 seconds.
Channel subsets of 29 and 10 channels were used as input to the classifiers.

It was in interest to apply the same methods across two different datasets, to see the effect of various
methods, such as applying MEMD-filtered data. In order to compare the experiments performed
on Tononi with the experiments on ZW, it was necessary to have as many similar configurations as
possible. Meaning that, since the experiments of ZW were performed using 73 seconds recordings, it

was necessary to use the same for Tononi.

The NA-MEMD algorithm was applied on the Tononi data using 2-second segments on 10 channels.
This was done with the intention of increasing the performance, compared to only using the MEMD
algorithm as a filter. For this, 4 channels of noise where generated and concatenated with the other
10 channels. This resulted in 14 channels of data, that were used as input to the MEMD algorithm,
extracting the IMFs of the data. Further on, the three closest IMFs in terms of Euclidean distance were

extracted and used for classification, just as when obtaining the MEMD-filtered signal.

4.3 Feature Extraction and ML Algorithms

Two main feature extraction methods are used: 1) Data transformation with PCA and CSP, 2) PSD
calculation, both on raw and MEMD-filtered data. Classifications are performed with classical ML
algorithms. For all methods, the metrics accuracy, F-score, precision, recall, AUROC, and kappa score
are calculated. The classifications are performed using five-fold cross-validation with a train-test split
ratio of 80-20.

4.3.1 PCA, CSP, and ML

The first method used for classification is with PCA and CSP for feature extraction, before input into
ML algorithms. CSP is selected as it has shown to be useful in previous research on EEG classification
tasks [107-109]. PCA and CSP are defined as two models, which are trained to fit the data at hand. The
data is separated into train and test sets, where the train set is first used as input to a PCA model. The
PCA learns from the features and returns PCA-filtered data. This data is used as input to a CSP model,
which learns from the PCA-filtered data and returns CSP-filtered data. The data is then standardized
by subtracting the mean and scaling to unit variance. The models are now fitted to the data and is

used to transform the test set.

For both the PCA and the CSP the number of components returned are equal to the number of chan-
nels. Although PCA is commonly used to reduce the dimensionality of the data, this proved, during
experimenting, to reduce the classification performance. This results in a higher computational load,

but without a performance trade-off.

Classification is performed using KNN, XGB, and SVM with RBF kernel. For KNN, classification is
performed for k € (1,10) and the k with the highest performance is selected.
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The ZW Dataset

PCA, CSP and ML was used on ZW, both for NREM and REM data in order to classify DE versus NE.
For both sub-datasets, the method was applied using raw or MEMD-filtered data.

The Tononi Dataset

The PCA, CSB, and ML pipeline was applied for both raw and MEMD-filtered data. For the raw data,
three class configurations are used: 1) DE versus NE, 2) DE versus NE and DEWR, and 3) DE and
DEWR versus NE. For the MEMD-filtered data, only DE versus NE is investigated. To investigate the
role of PCA-filtering in the PCA, CSP, and ML pipeline on the MEMD filtered data, the MEMD-filtered
data is also used directly as input to CSP, without using PCA.

4.3.2 PSD-Based Classification

The other approach is to use PSD as a feature for classification, as previous studies have shown differ-
ences between DE and NE based on this feature [27, 82, 84, 86]. PSD is calculated for each time-series
in the data, and the average value across all frequencies is used as the feature. For the raw data, the
average PSD value is calculated over each channel. For the MEMD-filtered data, the average PSD is
calculated over each IMF in each channel. The average PSD values are then used as input to the clas-

sifiers.

The classifiers are KNN, XGB, and SVM with RBF kernel. For KNN, classification is performed for
k € (1,10) and the k with the highest performance is selected.

RF classifier has not been used for this approach due to observations of performances in previous
experiments.
The ZW Dataset

In order to classify DE versus NE using NREM or REM sub-datasets of ZW, only the MEMD-filtered
data was applied when using PSD and ML. This is due to observations from previous experiments.

The Tononi Dataset

The PSD and ML pipeline was applied for both raw and MEMD-filtered data. For the raw data, three
class configurations are used: 1) DE versus NE, 2) DE versus NE and DEWR, and 3) DE and DEWR
versus NE. For the MEMD-filtered data, only DE versus NE is investigated.

4.4 Deep Learning Classification

The chosen DL algorithm for this project is EEGNeX. This model was shown in a benchmark study
to outperform other state-of-the-art models in EEG-based classification tasks, demonstrating an in-
crease in accuracy from 2.1% to 8.5% [97].

All tasks were performed using the default parameters of the algorithm, with the adaptive moment
estimation (ADAM) optimizer and categorical cross-entropy as the loss function. The hyperparame-

ters were tested through experimenting for each task. The metrics accuracy, F-score, precision, recall,
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ZW dataset
Sub-datasets | Epoch size | Batch size
NREM 80 16
REM 83 16

Table 4.2: Epoch and batch sizes for the classification tasks within the ZW dataset

AUROC, and kappa score are calculated for performance evaluation. Each task was performed using
five-fold cross-validation with a train-test split ratio of 80-20 to reduce the statistical uncertainty of
the metrics.

4.4.1 The ZW Dataset

EEGNeX was applied to both NREM and REM sub-sets of ZW, using raw or MEMD-filtered data as
input, to classify DE versus NE.

The epoch and batch sizes chosen for the sub-datasets within the ZW dataset are presented in ta-
ble 4.2. The epoch size is determined based on an analysis of several runs of the training.

The batch size was determined through hyperparameter optimization, leveraging the Python library
Hyperopt. Hyperopt was applied for this, as it serves as a valuable tool for doing distributed asyn-
chronous hyperparameter optimization [110].

Early stopping and reduce learning on plateau were also tested, but discarded due to no increase in

performance.

4.4.2 The Tononi Dataset

The hyperparameters to choose were the number of epochs and the batch size. Each classification
was run over 120 epochs and a batch size of 64. The number of epochs was selected through ex-
perimenting, with the objective of finding an appropriate value which resulted in neither over- nor
underfitting. The batch size was selected as the highest possible power of two to increase compu-
tational time, while respecting the program’s memory capacity. Two regularization algorithms, early
stopping and reduce learning on plateau, were tested and discarded as they failed to improve perfor-

mance.

Based on the three classes in the dataset, three configurations are chosen for classification: 1) DE
versus NE, 2) DE versus NE and DEWR, and 3) DE and DEWR versus NE.

4.5 Data Augmentation Using MEMD

Maintaining dataset balance is important to prevent biases toward classes with a higher number of
samples. To achieve this, data augmentation techniques are applied to rebalance the imbalanced
datasets. The objective is to generate additional artificial samples for the underrepresented class,

thus ensuring a more equal distribution across classes.

In this project, MEMD is used for data augmentation. The MEMD technique is employed to decom-
pose real EEG signals into their respective IMFs, combining one IMF from each segment to create a
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new artificial augmented data sample. In this way, MEMD serves as a tool for data augmentation.

A set of random segments, equal to the number of IMFs in the artificial segment, from the NE class
within the training dataset was chosen for further processing. Although the MEMD algorithm main-
tains a consistent number of IMFs across channels, this consistency is not ensured across segments.
Each segment could vary in the number of extracted IMFs, and it were therefore necessary to pre-
define a number of IMFs for the new artificial segments. This quantity was determined through an
observation of IMF extraction from multiple segments and choosing the number corresponding to
the majority of the segments. Based on this, 6 IMFs were designated as the preferred count for each
segment. Meaning, during the selection of segments for further processing, they were eliminated if
containing less than 4 or above 6 IMFs. This aimed to ensure that the resulting augmented segments
would come from similar segments, since they had almost the same number of IMFs across segments.

In instances where segments contained only 4 or 5 IMFs, IMFs of zeros were added.

Following the extraction of IMFs from segments, they were sorted into a list encompassing all IMFs
across channels and segments. Subsequently, one random IMF from each segment for each channel
was selected, ensuring that the 6 IMFs for each channel did not originate from the same segment, nor
the same IMF number. Meaning that, for instance in channel 1, IMF 1 could be picked from segment
2, IMF 2 from segment 5, IMF 3 from segment 1, IMF 4 from segment 3 etc. Finally, the selected IMFs

for each channel were summed together, resulting in a new complete artificial segment.

This process was iterated multiple times, with each iteration involving the selection of train and test
splits through random partitioning of the original dataset. Consequently, the augmented segments
were effectively constructed from the entirety of the dataset. Thereafter, for classification purposes,
the original data was divided into train and test sets, with the augmented data incorporated into the
train set to ensure balance. Following this, classification was executed on the balanced training set
and evaluated on a subset of the original dataset, the test set. This means that the augmented data
samples used in training could be constructed of IMFs from the test set.

4.5.1 ZW with Data Augmentation

The technique of MEMD for data augmentation has been employed on the NREM sub-dataset from
ZW. As illustrated in fig. 4.1, it exists an imbalance in the distribution of NE and DE. Consequently,
data augmentation has been used to generate artificial NE samples, thereby balancing the sub-dataset.

The number of augmented segments were chosen based on the difference between the number of DE

samples and NE samples in the train data:
needed_segments = number_of_DE —number_of NE 4.1)

If the amount of needed segments was bigger than the total number of augmented segments, we
chose the total number of augmented samples instead. The total number of augmented samples

were 12171 samples. This was repeated 5 times, for each fold in the 5-fold cross validation.
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4.6 PSD Analysis on MEMD-Filtered Data

An effort to understand the difference between DE and NE is made using MEMD-filtering and PSD
calculation. By evaluating the power produced in the channels we identify where brain activity is oc-
curring for both DE and NE. Each IMF in the MEMD-filtered data is sorted into one of four frequency
bands: delta, theta, alpha, and beta, defined in table 2.1. The gamma band is not included in the
analysis, since previous studies have not included gamma, and the sleep scoring manual provided by
AASM do not mention it [26, 82]. The sorting is made by finding the frequency corresponding to the
maximum value of the PSD of the IME The grand average PSD for all IMFs is calculated for each band,
for each channel, is made for both DE and NE. The ratio between the PSD of each class, calculated as

PSD(X
Ratio= (2ps)

= (4.2)
PSD(XnE)

is presented in a topographic map. They display the PSD ratios across all channels, for each of the

four frequency bands.

4.6.1 The ZW Dataset

The topographic map for the PSD ratio for NREM data from ZW is created using 73 second long seg-
ments into the MEMD algorithm. For this data we have investigated the recordings to identify poten-
tial outliers, and removed them before creating the topographic map. This is done by plotting and
visually inspecting the power spectra of all channels for each recording. The remaining recordings

are used to calculate the PSD ratio for the topographic map.

For the REM data from ZW, we also used 73 second long segments to create the MEMD-filtered sig-
nals, however, the analysis of potential outliers in the signals was not performed.

4.6.2 The Tononi Dataset

For the Tononi dataset two topographic maps are presented: The first where the MEMD-filtering
is applied on 2 second segments, and the second where MEMD-filtering is applied on 73 second
segments. This is done to investigate how the length of the data before applying MEMD affects the
topographic map.

The topographic maps are plotted for PSD ratios between 0 and 2, where 1 equals equal ratio. This is

to clarify when the PSD of a DE sample is stronger than of NE, and vice versa.

4.7 Channel Selection

Using a subset of EEG channels instead of high-density EEG proves beneficial in reducing the dimen-
sionality of the data and the computational cost for training the ML models. Employing all chan-
nels can be overly time-consuming, making computations unfeasible, especially for BCIs or real-time
classification using EEG signals. In addition, the importance of the channels could be reflected in im-

portant brain regions to classify dream experiences. Hence, channel selection has been implemented
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[111]. In this project the main channel selection algorithm is permutation-based channel selection,
but an alternative channel selection using PSD ratio has also been made.

Permutation-based channel selection is implemented as explained in section 2.10:
1. A baseline model is selected and trained on the training data.
2. The baseline performance is calculated by evaluating the baseline model on the test data.

3. For each available channel k for all epochs in the test data, the data within is randomly shuffled
(permuted) to corrupt the channel. The baseline model is evaluated on the test data with a
corrupted channel and channel importance k is defined as the difference between the baseline

performance and the new evaluation.

In our work we have used kappa to measure the performance of both the baseline and after channel
permutation. The importance of channel k is the difference in kappa performance: A positive value
indicates that the performance after permutation decreases, indicating that the channel is important.
Anegative value indicates that the channel is detrimental to the performance. The algorithm returns a
vector of channel importances for all available channels. To select an n-channel subset, the channels
are ordered by importance and the top n channels selected.

The other channel selection method is to utilize the PSD ratios between DE and NE. Channel sub-
sets are then selected based on which channels have the highest difference. Each channel is given an
importance based on the highest PSD ratio difference from 1 across the four frequency bands, calcu-
lated as

Importance=|Ratio—1| (4.3)

The ratio offset by 1 is to also capture when the ratio is low. The n channels with the highest impor-
tance are used for an n-channel subset. In the case of no available ratio in a particular channel, the
PSD ratio is set to 1.

4.7.1 TheZW Dataset

For the NREM and REM dataset of ZW, permutation-based channel selection has been applied on
raw or MEMD-filtered data using two methods; 1) PCA, CSP and KNN, 2) EEGNeX. The importance
of each channel, based on the performance delta is presented in a topographic map. The important
channel subsets of 29 and 10 channels are extracted from the permutation-based channel selection

and further used in classification of DE vs NE.

For the PSD-based channel selection, MEMD-filtered data of 73 second recordings are used as input,
both in the NREM and REM dataset of ZW. The 29 and 10 most important channels in terms of highest
PSD ratio are then used in classification of DE vs NE. For NREM, PSD as a feature in comination with
XBG is used, while for REM, PSD and KNN is used.

For the REM dataset of ZW, the approach has also been further developed, by removing the first IMF
of all signals and then reconstruct the MEMD-filtered signal using the three closest IMFs. This is
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performed with the purpose of removing the high-frequency components, as the first IMF contain
any high-frequent noise present.

4.7.2 The Tononi Dataset

The data from Tononi has been tested on channel subsets of 50, 30, 20, and 10 channels to investigate
the performance on fewer channels. This has been done for the raw data as input to EEGNeX and to
the PCA, CSP, and ML pipeline. Channel subsets have been defined using permutation-based channel
selection with the respective method as base. The channel importances are further represented in a

topographic map.

A channel subset defined using the PSD ratio has been used as input for the MEMD, PSD, and ML
pipeline. The last 73 seconds from 36 recordings, with all 256 channels, were used as input to the
MEMD algorithm. We have defined subsets of 29 and 10 channels using the PSD ratio of these signals.
This experiment is performed in the same way as for the ZW dataset to compare the two results using
the same method, albeit with different channels as input to MEMD. The 29 and 10 channel subsets
from PSD ratio are compared to two subsets of 29 and 10 random channels to investigate whether the
PSD ratio-based channel selection improves the performance.

Permutation-based channel selection was used to identify a 10 channel subset used for experiment-
ing with four different methods to increase the performance on a small subset. The base model is PSD
and XGB with MEMD-filtered data. The subset was selected from the raw data and used as input to
MEMD. The first and second method was with the regular IMF selection, by selecting the three closest
IMFs. The three IMFs were tested on both PSD and XGB and CSP and XGB. For the third method the
IMF selection was modified to ignore the first IME as this one typically contains noise, tested on PSD
and XGB. The fourth method was made with the NA-MEMD algorithm using 4 noise channels and
selecting the top three IMFs, including the first. The data was tested on PSD and XGB. These methods
are compared to selecting the same channel subset after MEMD-filtering of all 256 channels before
classifiying using PSD and XGB.
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Results

Our experimental results are divided into three main categories: ZW NREM data, ZW REM data, and
Tononi Data. The results obtained with the different methods are presented; Classification with all

channels, PSD analysis and channel importance, and classification using channel subsets.

5.1 Classification Using the ZW Dataset During NREM Sleep

Here, we present the classification performed with the ZW dataset for DE vs NE when subjects were

awakened during NREM sleep.

In the first approach to classifying DE vs NE in NREM sleep, we used 58 EEG channels. The techniques
used are 1) PCA, CSP, and ML, 2) PSD and ML, and 3) EEGNeX. We present the classification perfor-
mance obtained using raw data and balancing the dataset with artificial data augmentation. We also
present results with and without MEMD-filtered data as input to the classifiers. The low-passed fil-
tered data is referred to as the raw data throughout the section.

To understand which EEG channels are more important for the classification task, we present a topo-

graphic map obtained with permutation-based channel selection.
We also show a PSD-based quantitative analysis of DE and NE brain activity during NREM sleep.

We repeated the classification process using channel subsets selected with the permutation-based

channel selection or the PSD-based analysis.

5.1.1 Classification Using 58 Channels

Figure 5.1 shows the classification performance for DE vs NE using the ZW dataset during NREM sleep
with the 58 channels and different feature extraction techniques in combination with ML algorithms.
There are two configurations represented for both figures in fig. 5.1, 1) the original NREM data, 2) the
original NREM concatenated with augmented NE samples. The number of augmented samples are
added to the train set used during training of the model, and the amount of augmented samples vary
based on the amount of needed segments to obtain a balanced train set, as explained in eq. (4.1) in

section 4.5.1.
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ZW NREM: Classification and data augmentation
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Figure 5.1: Classification performance for DE vs NE with and without data augmentation, using
different ML algorithms (left) and EEGNeX (right).

PCA and CSP for feature extraction in combination with KNN classifier using the original data, gets
the highest classification performance with 0.89 accuracy, 0.93 F-score, 0.93 precision, 0.93 recall,
0.86 AUROC and 0.71 kappa. The lowest performance was obtained with the SVM (0.89 accuracy, 0.8
AUROC and 0.65 kappa) and RF (0.86 accuracy, 0.75 AUROC and 0.57 kappa) classifiers.

When incorporating artificial data samples in the training data, there is no improvement, except for
the RF classifier, showing an increase in all metrics, except for recall, which decreases 0.002, while the
other metrics increase 0.002-0.004 for accuracy, F-score and precision, 0.009 for AUROC and 0.015
for kappa. For all the other classifiers, KNN, XGB and SVM, the performance decreases. For KNN
the performance decreases between 0.002 and 0.017, while for recall it increases with 0.004. For XGB,
precision and AUROC remain the same, while kappa have a maximum decrease of 0.003. For SVM,

performance decreases between 0.007 and 0.105 for all metrics.

For EEGNeX all metrics, except recall, have higher performances when using data augmentation. The
increase is less than 0.04 for accuracy, F-score and precision, 0.07 for AUROC, and 0.13 for kappa.
As kappa and AUROC are metrics that are heavily dependent on class balance, it could explain the
greater increase for these metrics. Even though the performance increases, it is still lower than using
PCA, CSP and KNN with raw data.

The standard deviation of the metrics when using EEGNeX is higher than for the metrics when using
classical ML. We can also see for EEGNeX that the standard deviation of the metrics increases when
applying data augmentation, which indicates a lower robustness than classical ML algorithms.

Another approach of classifying DE and NE in NREM has been done using 58 channels and MEMD-
filtered data as input to the classifiers, depicted in fig. 5.2 and fig. 5.3. The techniques used are 1) PCA,
CSP for feature extraction and different ML algorithms, 2) PSD for feature extraction and different ML
algorithms, and 3)EEGNeX.

For PCA, CSP and ML, the use of KNN classifier gives the highest performance, using MEMD-filtered
data (fig. 5.2), with 0.94 accuracy, 0.96 F-score, 0.95 precision, 0.97 recall, 0.91 AUROC and 0.84 kappa.
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ZW NREM: Classification with MEMD-filtered data
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Figure 5.2: Classification performance for DE vs NE with raw or MEMD-filtered data, using PCA, CSP
and different ML algorithms (left) and PSD and different ML algorithms (right).
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Figure 5.3: Classification performances for DE vs NE with with raw or MEMD-filtered data, using
EEGNeX.

When using raw data, the metrics decrease with 0.05 accuracy, 0.03 F-score, 0.02 precision, 0.04 recall,
0.05 AUROC and 0.13 kappa. The MEMD-filtered data as input increases the performance for all
classifiers, except for the precision, AUROC, and kappa metric of RE

The subfigure on the right in fig. 5.8 shows the results of using PSD for feature extraction and different
ML algorithms as classifiers. PSD in combination with XGB yields the highest performance with 0.92
accuracy, 0.95 F-score, 0.91 precision, 0.99 recall, 0.82 AUROC and 0.72 kappa. The SVM classifier

gives the lowest performance, with a kappa of 0.13.

All the metrics increase when using MEMD-filtered data with EEGNeX; 0.099 accuracy, 0.06 F-score,
0.099 precision, 0.002 recall, 0.21 AUROC and 0.39 kappa (fig. 5.3). The standard deviation is also
higher for EEGNeX when using MEMD-filtered data, than raw data. However, the increase when using
the MEMD-data is still high enough to be a better option than using raw data, as the minimum kappa
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Figure 5.4: Topographic map showing the channel importances for NREM data, using raw or
MEMD-filtered data, extracted using permutation-based channel selection. The 10 most important
channels are indicated with a yellow circle.

value when using MEMD-filtered data (0.686) is still higher than the maximum kappa value when
using raw data (0.424).

Overall, the KNN classifier in combination with PCA and CSP, using MEMD-filtered data outperforms

the other methods using feature extraction and ML classifiers and EEGNeX.

5.1.2 Channel Importances and PSD Analysis

The topographic map of channel importances obtained from permutation-based channel selection
for NREM data, using raw or MEMD-filtered data with two techniques; PCA, CSP and KNN or EEG-
NeX, is shown in fig. 5.4. When using PCA, CSP, and KNN with raw data, the most important channels,
based on the performance delta of kappa, show predominant activity in the parietal lobe, with some
distributed across the frontal and parieto-occipital regions. This indicates that these respective areas
are significant for classifying DE and NE. When applying MEMD-filtered data to the feature extraction
techniques (PCA and CSP) and subsequently to the KNN classifier, two of the channels are moved to
the left parietal and frontal regions, while the rest remains.

Looking at the topographic maps of EEGNeX (fig. 5.4), also created with permutation-based channel
selection, the most important channels are rather predominantly located in the frontal and central
regions, while two of the channels lay in the parietal region. Using MEMD-filtered data with EEGNeX
emphasizes the left frontal area, meaning that dreams in NREM sleep could contain elements of log-
ical thinking.

The important regions marked in the topographic maps of PCA, CSP and KNN compared to the one
of EEGNeX, exhibits significant differences. The maximum performance delta is also higher for KNN
(0.56) than for EEGNeX (0.33). Therefore, the channel subsets of KNN is more important than for
EEGNeX, as the removal of channels effects the performance significantly.

The PSD ratio (DE/NE) based channel importances, calculated on the NREM data using the MEMD-
filtered data is shown in fig. 5.5. The topographic map of each frequency band is presented, revealing
different patterns of activity for DE and NE.

In delta band, more activity is observed for NE compared to DE, with only a small part in the central

region showing increased activity for DE. For theta band, the DE activity is prominent in the parietal,
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Figure 5.5: Topographic map showing average PSD ratios (DE/NE) for MEMD-filtered NREM data.

temporal and frontal region, showing more activity for DE than in delta band. For the alpha band,
most of the activity is centered around neutral, not highlighting any particular regions for either DE
or NE. Looking at the map in beta band, the dominating activity of DE is limited to a small area on
the right frontal lobe. The frontal, central and occipital regions are however dominated by NE activity

and this activity is also visible in the location of the 10 channels with highest PSD ratio.

While the majority of the important channels lie in the beta band, one channel in the theta band
captures the dominant activity of DE in the right parietal area. Since most channels are in the beta

band, the 10 most important channels extracted from the PSD analysis are more representative of NE

activity.
Frequency Band | No. of IMFs Placed in Band | No. of IMFs with Freq of Max amplitude < 0.5Hz
Delta 20508 18679
Theta 474 0
Alpha 888 0
Beta 2142 0

Table 5.1: Summary of IMFs in DE for different frequency bands in NREM ZW

Frequency Band | No. of IMFs Placed in Band | No. of IMFs with Freq of Max Amplitude < 0.5Hz
Delta 6534 6041

Theta 117 0

Alpha 283 0

Beta 548 0

Table 5.2: Summary of IMFs in NE for different frequency bands in NREM ZW

Looking at 5.1 and 5.2, there are a clear majority of IMFs placed in the delta band, for both DE and
NE. The amount of IMFs placed in delta band with a frequency below 0.5 Hz are illustrated, of where
91% of IMFs for DE and 92% for NE. The frequency of the IMFs are decided calculating the frequency
of the maximum amplitude in the PSD of the corresponding IME

5.1.3 Classification Using Channel Subsets

Figure 5.6 shows the classification performances of applying PCA, CSP and KNN, and EEGNeX with
permutation-based channel selection, on raw or MEMD-filtered data. For each of the methods, both a
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Figure 5.6: Classification performances for DE vs NE, with raw or MEMD-filtered data, using PCA,
CSP and KNN (left) and EEGNeX (right). Permutation-based channel selection is used for choosing
the channel subsets.

channel subset of 29 and 10 are shown. The results of 58 channels are shown for comparison reasons.
Overall, using permutation-based channel selection, the channel subsets when using PCA, CSP and
KNN achieves the highest performance with 0.92 accuracy, 0.95 F-score, 0.95 precision, 0.95 recall,
0.89 AUROC and 0.79 kappa when using 29 channels. For 10 channels the metric scores are 0.86 in
accuracy, 0.91 F-score, 0.89 precision, 0.92 recall, 0.78 AUROC and 0.59 in kappa.

Looking at the scores when applying EEGNeX, the values show higher standard deviation when using
MEMD-filtered data than raw data.

In general for both figures in fig. 5.6, the AUROC and kappa value drop more than the other metrics,
when the number of channels in the subset is decreased, both for the raw and the MEMD-filtered
data. As AUROC and kappa are metrics dependent on class balance, the wide range of the metric
scores could be explained by this. However, they decrease less for the MEMD-filtered data, meaning
that the values are not solely dependent on the balance of the data, but also on the quality of the
data. Nonetheless, while data quality plays a significant role, achieving a balanced dataset is essential
for reaching its maximum potential. This implies that while enhancing data quality may lead to an

increase in metric scores, a balanced dataset remains important for attaining the optimal value.

Figure 5.7 show the classification performances of using PSD for feature extraction and XGB as clas-
sifier, with all 58 channels and the subsets of channels chosen through the PSD ratio-based analysis.
The XGB classifier is shown based on the results obtained from fig. 5.2. Subsets of 29 and 10 are
shown giving 0.9 accuracy, 0.94 F-score, 0.9 precision, 0.99 recall, 0.79 AUROC and 0.67 kappa for 29
channels, and 0.86 accuracy, 0.92 F-score, 0.86 precision, 0.97 recall, 0.7 AUROC and 0.49 kappa for
10 channels. Also, here, as observed in fig. 5.6, the AUROC and kappa metrics decreases more than
the other metrics when the channel subsets are reduced. We also see that the 10 best channels yield

higher performance than 10 random channels.

Overall, comparing the channel selection methods, the technique of applying PCA, CSP and KNN
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Figure 5.7: Classification performances with MEMD-filtered data, using PSD and XGB. The channels
are chosen by the highest average PSD ratio (PSD of DE divided by PSD of NE for each channel),
across subjects.

with permutation-based channel selection gets the highest performance.

5.2 Classification Using the ZW Dataset During REM Sleep

In this section, the classification performances of DE vs NE with REM recordings in the ZW dataset

are shown.

Our first approach for classifying DE vs NE in REM sleep was done using 1) PCA, CSP, and ML, 2) PSD
and ML, and 3) EEGNeX. The performances are presented using 58 channels with raw or MEMD-

filtered data. Also here, the low-passed filter data is referred to as the raw data.

Furthermore, to identify the important channels used for the classification, topographic maps based

on permutation-based channel selection were created.

The topographic maps created based on a PSD-based quantitative analysis of DE and NE during REM
sleep are also presented.

The channel subsets extracted from the permutation-based channel selection and the PSD-based

analysis are further used in classification tasks for DE vs NE.

5.2.1 Classification Using 58 Channels

The classification performances of using the feature extraction techniques, PCA, CSP and PSD, in
combination with different with ML algorithms, with raw or MEMD-filtered are shown in fig. 5.8 and
fig. 5.9.

The highest performances with an accuracy of 0.998, F-score 0.998, precision 0.998, recall 0.998, AU-
ROC 0.998 and kappa 0.995, are achieved using MEMD-filtered data with PCA and CSP for feature
extraction, along with the KNN classifier. However, performance metrics using PSD in combination
with KNN on MEMD-filtered data (0.97 accuracy, 0.96 AUROC and 0.92 kappa) and EEGNeX on raw
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Figure 5.8: Classification performances with raw or MEMD-filtered data, using PCA, CSP and
different ML algorithms (left) and PSD and different ML algorithms (right).
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Figure 5.9: classification performances with raw or MEMD-filtered data, using EEGNeX.

data (0.86 accuracy, 0.81 AUROC and 0.63 kappa) also yield high results. This suggests that dreams
during REM sleep in this dataset are prominent and easily detectable.

In the case of REM sleep, applying MEMD-filtered data instead of raw data do not increase the results
significantly, as it did for NREM sleep (fig. 5.2, fig. 5.3). For PCA, CSP and KNN there are no differ-
ences for accuracy, F-score and kappa, and only 0.001 increase in precision and AUROC, while recall
decreases with 0.002. For EEGNeX the metric scores decrease significantly with 0.087 accuracy, 0.054
F-score, 0.105 precision, 0.131 AUROC and 0.245 kappa. For recall, it increases with 0.014. Also, itis a
notable increase in the standard deviation of EEGNeX when applying MEMD-filtered data, compared

to raw data. This indicates that EEGNeX is less robust compared to the classical ML algorithms.
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Figure 5.10: Topographic map showing the channel importances using raw or MEMD-filtered data,
extracted using permutation-based channel selection. The 10 most important channels are
indicated with a yellow circle.
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Figure 5.11: Topographic map showing average PSD ratios (DE/NE) using MEMD-filtered data.

5.2.2 Channel Importances and PSD Analysis

From the topographic maps derived from permutation-based channel selection, fig. 5.10, we observe
significance in the parietal, central, and frontal regions for both PCA, CSP and KNN, and EEGNeX.
However, for PCA, CSP and KNN there are also some channels in the occipital, and the majority of
channels lay on the parietal, while for EEGNeX, the channels are mainly located in the frontal and
central. The highest classification scores occur when applying MEMD-filtered data to PCA, CSP,
and KNN, establishing the reliability of the corresponding map. However, the metric scores of the
other experiments also prove to be high, indicating that, based on permutation-based channel selec-
tion, important channels are distributed throughout the brain, all contributing to the identification of
dreams during REM for this dataset. This diversity is also reflected in the performance delta. Specifi-
cally, the maximum performance deltas using raw data (0.8 for PCA, CSP, and KNN, 0.38 for EEGNeX)
are higher than when using MEMD-filtered data (0.3 for PCA, CSP, and KNN, 0.1 for EEGNeX). This
implies that the removal of channels has a smaller impact on classification scores when using MEMD-
filtered data. As the performance using MEMD-filtered data is more representative, we could explain
the decreased importance of each channel by the fact that dream activity is distributed throughout
the entire brain. Thus, the majority of channels effectively capture the dream activity, making the

removal of any single channel less consequential.
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Looking at the plots depicting the average power ratio of the different bands in REM sleep, fig. 5.11,
we see a lot of activity all over the brain for the delta band, with an increased area of DE activity in
the parieto-occipital. For theta, the frontal and parietal regions are standing out. For the alpha band,
we see increased activity over the central, parietal, occipital and some in the right frontal regions for
DE. The frontal and parietal areas are highlighted for DE in beta band, also showing some areas in the

central for increased NE activity.

The 10 channels with the highest PSD ratio are located in the delta and alpha band. In delta they
primarily lie in the parietal and parieto-occipital regions, while a few are located in the border of
frontal and central, border of central and parietal and the temporal regions. In alpha, they are located
in the parietal. This implies that these areas have the highest PSD ratio, and since the majority of
them are located on red areas, it suggests that these are the areas with most increased DE activity
compared to NE during REM sleep.

Figure 5.26 shows the PSD of DE activity for each frequency band, while fig. 5.27 shows the PSD ac-
tivity of NE. Both topographic maps are created using MEMD-filtered data. Overall, we can see that
the values of DE are in general higher and more prominent than NE.

In order to investigate the high values of ratio in for instance delta band (60 000), the individual maps
of DE and NE are shown. The PSD ratio-based topographic map in fig. 5.11 could give the wrong
picture of the activity by showing high activity of DE, when in reality the high values are not caused
by high values of DE, but low values of NE, close to zero. This is prominent for channel PO3 in delta
band, showing a value of 60000, but from the individual map in fig. 5.27, we see that channel PO3
is almost zero for NE, causing channel PO3 to be more prominent in the PSD ratio map, instead of
channel TP8 which has a higher PSD of DE. From fig. 5.11, channel PO3 may therefore serve as an
important channel for the activity, when in reality, channel TP8 has higher activity of DE. This could
indicate that the individual maps are a better representation of the frequency map than the power

ratio.

Looking at the topographic maps of DE and NE, it is more activity of DE than NE in delta. The DE
activity is similar to the PSD ratio-based topographic map of delta, covering the frontal, central, oc-
cipital and temporal regions. However, it is only a small area in the central area with increased NE

activity.

For theta, the DE activity is prominent in the frontal, in the border to the central and the parietal

regions. While for NE, there are only a few spots, in the frontal and central.

For alpha, the map of DE resembles the patterns as in the PSD ratio-based map in fig. 5.11, showing
high activity of DE in the parietal, central and frontal areas. However, observing high activity of NE in

the frontal area also explains the absence of increased DE activity in fig. 5.11 for alpha.

For beta, it is mainly one channel, for both DE and NE, dominating the activity, shadowing the rest of

the activity.

The topographic map of PSD ratio after removing the first IME before constructing the MEMD-filtered
signal with the three closest IMFs are shown in fig. 5.12. Removing the first IME we see that it is less
prominent activity in beta and alpha, compared to fig. 5.11. This indicates that some of the first IMFs
which were removed, belonged to the beta and alpha band.

48



CHAPTER 5. RESULTS

ZW REM: PSD ratio after removing 1lst IMF

2.0

1.5

1.0

0.5

0.0

Figure 5.12: Average PSD ratio (DE/NE) with common scale for all frequency bands, after removing
the first IMF before constructing the MEMD-filtered signal.

Otherwise, looking at fig. 5.12 there are increased activity of DE across the whole brain, as for fig. 5.11.
However, in delta band, the DE activity is now more prominent in the frontal and occipital regions.
This is also visible through the 10 channels chosen based on the PSD ratios, as some of them have
moved from being located in the parietal to being placed in the border of the frontal and central,
and in the occipital. The patterns of increased DE activity also resembles the individual activity of
DE in section 5.3.3. Without removing the first IME the theta activity in the front is rather bigger,
while when removing the first IME the activity of DE compared to NE is more distributed and covers
the frontal, parietal and parieto-occipital regions. For alpha, it is still increased activity of DE in the
parietal, central and occipital, but we see that the small area in the frontal is now more increased and
prominent after removing the first IME For beta, it is only prominent activity of NE compared to DE,

while all the activity of DE that was visible without removing the first IMF is now vanished.

Frequency Band | No. of IMFs Placed in Band | No. of IMFs with Freq of Max Amplitude < 0.5Hz
Delta 2356 1827

Theta 89 0

Alpha 202 0

Beta 311 0

Table 5.3: Summary of IMFs in DE for different frequency bands in REM ZW

Frequency Band | No. of IMFs Placed in Band | No. of IMFs with Freq of Max Amplitude < 0.5Hz
Delta 1111 1042

Theta 28 0

Alpha 114 0

Beta 313 0

Table 5.4: Summary of IMFs in NE for different frequency bands in REM ZW

The 5.3 and 5.4 show the distribution of IMFs placed in the respective frequency bands. The frequency
of the IMFs are determined based on the frequency of the maximum amplitude in the PSD of the
corresponding IME For both DE and NE, a big proportion of the IMFs placed in delta have a frequency
of less than 0.5 Hz; 78% of the IMFs placed in delta for DE and 94% for NE.

49



CHAPTER 5. RESULTS

ZW REM: Permutation-based channel selection

PCA,CSP+KNN EEGNEX

101 og

0.9 1 E 1 } E

0.8 1 1

0.7 A b
®
0.6 b

0.5 1 1
® 58Raw ® 58 MEMD ® 58Raw ® 58 MEMD
0.4 1 29 Raw @® 29MEMD 1 29 Raw @® 29MEMD
® 10Raw @® 10MEMD @® 10Raw @® 10MEMD
0.3 — A4

Accuracy F-score Precision Recall AUROC Kappa Accuracy F-score Precision Recall AUROC Kappa

Figure 5.13: Classification performances with raw or MEMD-filtered data, using PCA, CSP and KNN
(left) and EEGNeX (right). Permutation-based channel selection is used for choosing the channel
subsets.

5.2.3 Classification Using Channel Subsets

Figure 5.13 shows the classification performances of using channel subsets of 29 and 10 channels,
chosen from permutation-based channel selection. The methods use PCA, CSP and KNN, since KNN
achieved highest performance in fig. 5.8, or EEGNeX on raw or MEMD-filtered. The best scores when
using 29 and channels are obtained using PCA, CSP and KNN on MEMD-filtered data with 0.997 ac-
curacy, recall and AUROC, 0.998 F-score and precision, and 0.993 kappa for 29 channels. For 10 chan-
nels, the best scores are 0.98 accuracy, 0.99 F-score, precision, 0.98 recall, AUROC and 0.96 kappa,
showing a maximum decrease of only 0.03 from 58 to 10 channels in the metric values. We can also
see that the difference in performance increases when using MEMD-filtered data compared to raw
data. Therefore, the effect of MEMD-filtered data becomes prominent when decreasing the number

of channels.

For EEGNeX on MEMD-filtered data, the performances are also high with 0.91 accuracy, 0.94 F-score,
0.91 precision, 0.96 recall, 0.9 AUROC and 0.81 kappa for 29 channels and less than 0.01 decrease
for all metrics when using 10 channels. Recall even increases with 0.01 when reducing the channel
subset from 29 to 10. Using 58 channels, the metric scores are lower, for all metrics, compared to
10 channels. We can also see that the standard deviation decreases significantly when reducing the

channel subset.

Overall, the classification performances for channel subsets of 29 and 10 channels are highest when
using permutation-based channel selection on PCA, CSP and KNN.

Using the 10 channels obtained from the PSD-based analysis in classifying DE vs NE with PSD as a
feature and KNN classifier yields lower values than when using the permutation-based channel se-
lection on PCA, CSP and KNN on MEMD-filtered data. The results also show that the 10 best channels
based on the PSD analysis give lower performance than when using 10 random channels, meaning
that the channel subset is not optimal.
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Figure 5.14: Classification performances with MEMD-filtered data, using PSD and KNN. the
channels are chosen by the highest average PSD ratio (PSD of DE divided by PSD of NE for each
channel), across subjects.

5.3 Classification Using the Tononi Dataset

The Tononi dataset consists of high-density EEG-recordings with 256 channels, collected from sleep
stage N2. We present classification performances for all 256 EEG channels and channel subsets, to-
gether with topographic maps showing PSD ratios and channel importances calculated with permutation-

based channel selection. The results are shown for DE and NE classification.

Three classification pipelines are used with all channels: 1) PCA, CSP, and ML algorithms, 2) DL with
EEGNeX, and 3) PSD and ML algorithms. Pipeline 1) and 3) have been performed using both raw
and MEMD-filtered data, whereas 2) is performed only on raw data. MEMD has been applied on 2-

second-long input segments for the classification tasks, unless stated otherwise.

5.3.1 Classification Using 256 Channels

Figure 5.15 shows the classification performances using PCA, CSP, and the four ML algorithms KNN,
XGB, SVM, and RF with both raw and MEMD-filtered data. The results show that with PCA and CSP
as feature extraction the performance is high across all metrics. For raw data the best classifier is
KNN, obtaining 0.978 accuracy, 0.978 F-score, 0.978 precision, 0.979 recall, 0.978 AUROC, and 0.956
kappa - indicating a near perfect performance. XGB and SVM perform equally, with the performance
standard deviation overlapping the other across all metrics. RF scores lower across most metrics, but

still achieves a high performance.

Applying the MEMD-filter lifts the performance for SVM, RE and XGB, but also increases the standard
deviation for all classifiers. The classifier with the highest accuracy, F-score, AUROC, and kappa is
SVM, with the mean of KNN being within the standard deviation of SVM for these for metrics. With
SVM we obtain 0.979 accuracy, 0.980 F-score, 0.976 precision, 0.984 recall, 0.978 AUROC, and 0.957
kappa. This performance is nearly equivalent to that of PCA, CSP, and KNN on raw data, with both

similar mean performance and standard deviation.
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Figure 5.15: Classification performance for DE vs NE with raw or MEMD-filtered 2-second-long
input segments into PCA, CSP, and ML.

The role of PCA as a part of the feature extraction between MEMD-filtering and the CSP was tested
and the results are shown in fig. 5.16. Here we perform classification with CSP and ML algorithms on
MEMD-filtered data. The highest performance is made with SVM, as before, achieving 0.978 accu-
racy, 0.979 F-score, 0.977 precision, 0.982 recall, 0.977 AUROC, and 0.955 kappa. This performance
is almost identical to the case of adding PCA in the feature extraction, meaning that PCA neither in-
creases nor reduces the performance. However, PCA was found to be useful during experimenting
with channel subsets, where it solved a problem of data rank deficiency.

The results from the PCA, CSP and ML pipeline show that the classification task can be achieved
with high performance across multiple classifiers. The CSP feature extraction separates the classes
in a way that allows the classifiers to differentiate between DE and NE, using both raw and MEMD-
filtered data.

In fig. 5.17 we see the classification performances for EEGNeX. With this technique we obtain 0.807
accuracy, 0.826 F-score, 0.784 precision, 0.878 recall, 0.804 AUROC, and 0.612 kappa. The results

indicate a classification performance well above chance, but with room for improvement.

The classification performances using PSD as the feature are presented in fig. 5.18, from raw and
MEMD-filtered data. KNN, XGB, SVM, and RF are used as classifiers. The performance of the clas-
sifiers vary from nearly perfect to nearly random, with XGB as the best performer for both raw and
MEMD-filtered data. For raw data XGB obtains 0.974 accuracy, 0.975 F-score, 0.974 AUROC, and 0.949
kappa, and for MEMD-filtered data 0.993 accuracy, 0.994 F-score, 0.993 AUROC, and 0.987 kappa. Us-
ing PSD and XGB proves to be a powerful pipeline, but the difference in performance shows that the
choice of classifier is important when using PSD as the feature.

The MEMD-filtering improves the results for all classifiers. For XGB kappa increases with 0.038, for
KNN with 0.126, for RF with 0.16, and for SVM with 0.049. Although the performance increase is

lowest for XGB, this performance was already only 0.053 in kappa from a perfect score.

Class DEWR was included in either NE or DE to investigate if classification could indicate which of
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Figure 5.16: Classification performance for DE vs NE with MEMD-filtered 2-second-long input

segments into CSP, and ML.
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Figure 5.17: Classification performance for DE vs NE with raw data using EEGNeX.

the classes DEWR is more similar to. The results are seen in fig. 5.19, where for PCA and CSP, and

PSD only the top performing classifier is chosen. The results for all classifiers are seen in appendix A.
For PCA and CSP this is KNN, whereas for PSD this is XGB. For EEGNeX the performance is higher
for AUROC and kappa when combining DEWR with NE, achieving scores of 0.808 AUROC and 0.627
kappa - compared to 0.787 AUROC and 0.576 kappa when DEWR is included with DE. For PCA and

CSP and PSD the classification scores are higher in general, but also more similar. Out of accuracy,

F-score, AUROC, and kappa, F-score is the only metric where the results for both class combination

are not within the standard deviation of each other. F-score is higher for DEWR combined with DE
for both combinations; For PCA and CSP the F-score is 0.976 versus 0.958, and for PSD 0.980 versus

0.970. The results show that a high performance is feasible for both class combinations.
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Figure 5.18: Classification performance for DE vs NE with raw or MEMD-filtered 2-second-long
input segments into PSD and ML.

5.3.2 Channel Importances and PSD Analysis

In fig. 5.20 we present three topographic maps of channel importances, found using permutation-
based channel selection with three different base models: 1) PCA, CSB, and XGB, 2) EEGNeX, and
3) MEMD, PSD, and XGB. The color scale, shown on the right in the figure, ranges from plus/minus
maximum importance (0.044) across all models. The ten most important channels are depicted by
the yellow dots in each figure.

Using PCA, CSP, and XGB we obtain the highest importances in the temporal areas of the brain, both
left and right. The central, frontal, and occipital regions are rated as unimportant. The maximum and

minimum importance are respectively 0.044 and -0.01.

With EEGNeX the topographic map is more scattered, with the most important channels appearing in
the left frontal, central, and one in the right occipital area. The maximum and minimum importance
are less than for PCA, CSP, and XGB - with values ranging between 0.012 and -0.015. There does not
appear to be any particular region which stands out as more important, as the red and blue areas in

the figure are scattered around each other.

With MEMD, PSD, and XGB the importance of each channel is very low. Three channels have an
importance of 0.01, eight channels have an importance of 0.005, and two channels have a negative
importance of -0.005. The important channels are mostly located in the central region, apart from

three channels located in the central and right frontal region.

Figure 5.21 is created by MEMD-filtering 2-second-long segments, calculating the PSD for each IME
and finding the grand average PSD value for each IMf in each frequency band. For each class we then
have a single average PSD value for each frequency band, from where the ratio is found by dividing
the PSD for class DE by the PSD for class NE. The ten channels with the highest PSD ratio are marked
with a yellow dot in the frequency band from where it is found. The scale, located on the right in the
figure, ranges from ratio 0 to 2 - however, multiple channels have much higher ratios. This range is

chosen to evaluate when the PSD of DE is higher than NE and vice versa.
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Figure 5.19: Classification performance after including DEWR in either NE or DE on raw data.
Different feature extraction techniques in combination with machine learning algorithms and the
EEGNeX model are used.
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Figure 5.20: Permutation-based channel importance with raw or MEMD-filtered data from three
base models. The yellow dots show the ten most important channels for each base model.

The topographic maps of the PSD ratios do not appear to depict any region in particular where the
difference between DE and NE is clear. Instead, the ratios appear to jump from high to low from one
channel to another. The beta band is an exception, where the PSD of DE is higher than for NE across

most of the brain.

Of the ten channels with the highest PSD ratio, six are found in the delta band, two in the theta band,
and two in the alpha band. Several of these channels are located on local peaks with much lower
ratios around, which does not indicate that the region around the channel is important in itself. Eight
of the ten channels are located in the central region, however, which could highlight this area as an

important area when it comes to separating DE and NE.

In fig. 5.22 we have used 73-second-long input segments to the MEMD-filter before calculating the
PSD ratio between the classes, coinciding with the data length in ZW NREM. The topographic map
shows that the PSD ratios go from high to low from one channel to the other, which does not indicate
any special region of importance. The left hemisphere in the alpha band shows a more unified low

ratio, as well as multiple areas in the beta band.
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Tononi N2: PSD ratio-based channel importance
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Figure 5.21: PSD ratio with MEMD-filtered 2-second-long segments. The yellow dots show the ten
channels with highest ratio, divided into the corresponding frequency band where the ratio is
highest.
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Figure 5.22: PSD ratio with MEMD-filtered 73-second-long segments. The yellow dots show the ten
channels with highest ratio, divided into the corresponding frequency band where the ratio is
highest.

This topographic map differs from the previous, where 2-second-long input segments were used, by
visual inspection. As the previous, this topographic map also does not depict any clear regions of
importance in the bands. For both maps the highest PSD ratios are mostly located in the delta band,
with one single channel in the theta band and two channels in the beta band.

5.3.3 Classification Using Channel Subsets

In fig. 5.23 we present the results on four channel subsets, consisting of 50, 30, 20, and 10 channels,
using EEGNeX and PCA, CSP, and XGB for classification. XGB is chosen from the ML classifiers as this
showed the highest score for the 30, 20, and 10 channel subsets. The performances from all classifiers
are seen in appendix A. The channel subsets are chosen by permutation-based channel selection, as

shown in fig. 5.20.

The performance on channel subsets using PCA, CSP, and XGB is in general high. For 50, 30, and
20 channel subsets the AUROC is respectively 0.925, 0.907, and 0.891 and kappa 0.851, 0.813, and
0.782. Reducing the number of channels does reduce the performance, albeit only slightly. With 10
channels, the kappa drops to 0.484. The same performance decrease is seen in the other metrics as

well.

With EEGNeX the classification results are very similar for all three subsets, with the 50 channel subset
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Figure 5.23: Classification performance subsets of 50, 30, 20, and 10 channels for DE vs NE on raw
data. Channels selected by permutation-based channel selection.

achieving a slightly higher performance across accuracy, AUROC and kappa. The accuracy, AUROC
and kappa for the 30, 20, and 10 channel subsets are within the standard deviation of each other,
achieving respectively 0.640 AUROC and 0.288 kappa, 0.634 AUROC and 0.264 kappa, and 0.647 AU-

ROC and 0.295 kappa. In general the classification performance is low for all subsets.

As when using all channels, the performance on channel subsets is higher and with less standard
deviation when classifying with PCA, CSP, and XGB compared to EEGNeX. For both classifications the
performance decreases compared to using all channels.

The results in fig. 5.24 show the classification performance using MEMD, PSD and XGB on four chan-
nel subsets. MEMD filtering is made using all available channels, before picking the channel subset.
The top 29 and 10 channels are chosen from the PSD ratio, shown in fig. 5.22, as the channels with
the highest ratio. The 29 and 10 random channels are shown for comparison reasons, to evaluate the
impact of using PSD ratio for channel selection.

By selecting the top 29 channels we obtain mean metrics of 0.935 accuracy, 0.923 F-score, 0.93 AU-
ROC, and 0.866 kappa. With the top 10 channels we obtain 0.876 accuracy, 0.854 F-score, 0.87 AUROC,
and 0.748 kappa. The performance decreases when the number of channels decreases, but the per-

formance is high in both cases.

The random channel subsets yields a similar performance for 29 channels, but a decrease for 10 chan-
nels. The mean values for 29 random channels are virtually identical to those of the top channels,
albeit with a lower standard deviation. For the 10 channels the performance decreases to 0.824 accu-
racy, 0.797 F-score, 0.820 AUROC, and 0.642 kappa.

In fig. 5.25 we have tested variations of MEMD in order to increase the performance on a 10 channel
subset. The subset was selected prior to MEMD filtering. The subset is found using permutation-
based channel selection with MEMD, PSD, and XGB as the base model, locations shown in fig. 5.20.

The recordings were divided into 2-second-long segments before MEMD-filtering.

The baseline performance is with MEMD(1), PSD, and XGB as this method gave the best results when
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Figure 5.24: Classification performance with MEMD-filtered 73-second-long input segments into
PSD and XGB on 29 and 10 channels. The top channels are chosen by the highest average PSD ratio.

using all channels. Here we use the method described in section 4.2, where all IMFs are regarded
when choosing the three closest. This gives 0.620 AUROC and 0.241 kappa. For MEMD(2) the method
is updated to disregard the first IMF before choosing the three closest, to explore whether this could
reduce noise and yield a higher performance. This method yields 0.606 AUROC and 0.212 kappa.

Another alternative method is using PCA and CSP for feature extraction after MEMD-filtering, instead
of PSD. With this method we obtain 0.579 AUROC and 0.158 kappa.

The best results come from using NA-MEMD, a modified MEMD-version which uses artificial chan-
nels filled with white noise. This gives the highest performance on the subset with 0.711 AUROC and
0.422 kappa, an increase from the baseline method of 0.091 in AUROC and 0.181 in kappa.
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Figure 5.25: Classification performance using MEMD-variations on 10 channels with NREM data
from Tononi, using 2-second-long input segments. MEMD(1) refers to choosing the three closest of
all IMFs. MEMD(2) refers to disregarding the first IMF when choosing the three closest IMFs.
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Chapter 6

Discussion

Our work has shown that detecting when a subject is dreaming using EEG signals and ML is a feasible
approach. We analyzed two different datasets, in both obtaining promising results for dream recog-
nition during both, REM and NREM.

6.1 Classification Methods

Three different methods for feature extraction are tested: PCA and CSPB, PSD, and the CNN structure
within EEGNeX. From the results we observe that PCA and CSP in general give higher scores across
the classification models, whereas PSD is more model dependent. Both PCA and CSP, and PSD have
low standard deviations, indicating the robustness of both methods. For raw data, EEGNeX is outper-

formed by the other methods in all the datasets.

Both PCA and CSP, and PSD for feature extraction yield very good results. CSP is a commonly used tool
for EEG classification tasks, and the high performance obtained here coincides with previous research
(108, 109, 112]. PSD is most powerful when combined with XGB or KNN, XGB especially for the high-
density EEG data from Tononi. PSD is a simpler feature than PCA and CSP, which involves more
complex computations. This is an advantage for potential BCI applications, where computational
resources are limited. The solid performance of PSD as a feature extraction method indicates that
DE and NE have clear differences in PSD representation. This is consistent with the literature review,

where the distinction between DE and NE has been observed using PSD representations [82, 84-86].

6.2 The Effect of MEMD Filtering

The use of MEMD-filtered data has in many experiments increased the performance significantly and
proven to be beneficial for the identification of DE in NREM and REM for both datasets, when using
ML algorithms and EEGNeX.

The enhancement in performance using MEMD-filtered data could be due to the alignment capa-
bility of MEMD, which effectively identifies important signals and removes unnecessary frequency
components in an adaptive manner. This is evident in the selection of three IMFs to represent the

original signal, as many of the classification tasks using MEMD-filtered signals either outperform or
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is as good as experiments based on raw data. These findings indicate that the MEMD algorithm ef-
fectively removes unnecessary frequency components and creates signals with valuable information

for the classification process.

The results of MEMD-filtering also provide valuable insights into the data. Our findings indicate that
the AUROC and kappa metrics often exhibit lower values compared to other metrics. This has previ-
ously been explained by the imbalance in the datasets. While metrics such as kappa is dependent on
a balanced dataset to achieve optimal performance, the improvement observed when using MEMD-
filtered data suggests that the quality of the data has also been a limiting factor in achieving higher

scores.
However, the use of MEMD-filtered data has not had the same effect for;
1. PCA, CSP and RF using ZW NREM data
2. PCA, CSP in combination with SVM, XGB or RF using ZW REM data
3. EEGNeX using ZW REM data
4. PCA, CSP and KNN using the Tononi dataset

5. Applying MEMD after choosing a channel subset of 10 channels and then using PCA, CSP and
XGB, when using the Tononi dataset

The decrease or no improvement in performance for these experiments could be explained by al-
ready significantly high performances, meaning that when removing IMFs from the original signal to
construct a signal only containing three IMFs, it is removing some of the components important for
the classification performances. Also, for the experiments with both high performances and the ones
with room for improvement, the decrease in performance when applying MEMD-filtered data could
appear because of too few IMFs chosen in the reconstruction process of the filtered signal. Exploring
different numbers of IMFs for the reconstruction of the filtered signal may give the effect of removing
unwanted components using MEMD, while still keeping the components important for the classifi-

cation performance.

Furthermore, the use of MEMD-filtered data has given an increase in the standard deviation of the
metrics when using EEGNeX, both for NREM and REM data from ZW. Observing this increase for
EEGNeX, yet not for the ML methods, may indicate that the feature extraction part of EEGNeX is
more dependent on all the IMFs and becomes less robust when removing frequency components
and constructing a signal only containing three IMFs. The wide spread of performance also show
that the model can not be generalized using MEMD-filtered data. It is also important to consider that
the NREM and REM datasets do not have the same conditions, such as the segment size and balance

in dataset, giving a potential problem when comparing the datasets.

6.2.1 Data Augmentation With MEMD

Applying data augmentation to overcome the challenge of class imbalance in the NREM dataset of
ZW reflects in better results for EEGNeX, but not for the classical ML algorithms, except for the RF
classifier. The results suggest that the augmented segments following our procedure may not con-
tribute enough additional valuable information or features for classical ML algorithms or EEGNeX.
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Although the performance of EEGNeX improves, it is still lower than the results of PCA, CSP and ML.
For some instances, performance even decreased and standard deviation increased, indicating po-
tential loss of important information during the splitting and reconstruction process of the original
signals into IMFs. The results indicate that the method applied for data augmentation is not con-
tributing enough, however other methods for data augmentation could help. A sanity check to see
the effect of the method applied in our work could be to train the model with balanced classes, using
the number of instances as the class with less instances. Then, randomly remove instances and create

them artificially, and then look at the performance to see the effect of the method.

Uncertainty regarding potential data leakage during the creation of augmented segments is present.
The process involves generating augmented segments from a subset of segments within the original
dataset, which raises the possibility that the training set may contain IMFs from the test set. However,
it's important to note that the augmented segments in the training data are not direct copies of seg-
ments in the test set. Instead, they are components extracted from segments and then reconstructed
using components from other segments. While the augmented segments may share some character-
istics with segments in the test set, they are not exact replicas. Nonetheless, the presence of shared
characteristics could potentially lead to data leakage and affect the integrity of the model evaluation

process.

For future work, it would be better to perform the process of data augmentation using the same idea
of 5-fold cross validation. Meaning, setting aside a test set, then creating 10 000 augmented samples
from the train set, and then evaluate the model with the designated test set. Then, repeat this process
five times. In this way, ensuring that all augmented segments originate from the train set and thereby,
completely eliminating any concerns regarding data leakage and mitigating the consequences of a

poor train-test split.

As the results of MEMD data augmentation have not been proven to increase the metrics significantly,
it has not been used further in the experiments.

6.3 Classification, Channel Importances, and PSD Analysis with NREM
Data

Both datasets used in this thesis contain NREM data, allowing for comparison between the two. For
both datasets we have conducted a PSD analysis, used permutation-based channel selection to find
the important channels, and used classification between DE and NE. Here, we discuss the similarities
and differences between our findings for the two datasets.

6.3.1 Classification Results

From the results, we observe that we are able to obtain high classification performance with the
right pipeline. For the ZW NREM data the highest performance is using MEMD, PCA, CSP and KNN,
whereas for the Tononi data MEMD, PSD, and XGB shows the highest performance. The results indi-
cate that we are able to classify DE during NREM sleep for both datasets.

For the Tononi dataset the best classification method is using PSD and XGB with the MEMD-filtered
data, achieving a near perfect classification across all metrics (0.993 accuracy, 0.994 F-score, 0.993
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AUROC, and 0.987 kappa). The performance without MEMD is also near perfect (0.974 accuracy,
0.975 F-score, 0.974 AUROC, and 0.949 kappa), scoring within the second-best classification method
with PCA, CSP, and KNN, indicating that PSD is a very powerful tool for classification. The same
performance using PSD is not seen for ZW NREM, where it is outperformed by MEMD, PCA, CSP, and
KNN. This could show that PSD is more dependent on having a high number of channels than PCA
and CSP.

Channel subsets were defined using both permutation-based channel selection and PSD ratio for
both datasets, achieving solid classification results. When using raw data the classifications results
are generally higher for the Tononi dataset, with PCA, CSP, and XGB achieving 0.891 AUROC and 0.782
kappa using 20 channels, selected by permutation-based channel selection. This is a higher score
than PCA, CSP, and KNN for the ZW NREM data using all 58 channels, which achieved 0.861 AUROC
and 0.71 kappa. This could indicate that the raw data from Tononi is better suited for DE classification
in NREM sleep.

The classification scores are also higher for the Tononi dataset after applying MEMD, using 73-seconds-
long segments and all available channels as input. For both 29 and 10 channels, selected from the PSD
ratio and randomly selected, the Tononi dataset achieves a higher score compared to the ZW NREM
dataset. The reason could be that the MEMD-filtered data from Tononi contains information from
more channels than for ZW NREM, as Tononi contains 256 channels and ZW NREM 58 channels.

For the Tononi dataset we have three available classes: DE, NE, and DEWR. DEWR can be considered
a mid-state between DE and NE, as the dream content is not recalled. DEWR was combined with
both classes, using all three classification methods, to investigate any change in performance. If the
classification proved to be higher for one combination than for the other, this could have indicated
which class DEWR is more similar to. Instead, high classification performances are obtained from
both combinations - indicating that DEWR fits well with both classes, even when classified against
the other. A potential reason for this could be that DEWR contains artifacts from both DE and NE,
from which the classifiers focus on the artifacts containing the respective class it is combined with.
Further investigation of DEWR is required to learn which class it resembles the most. Using a classifier

trained for DE versus NE to classify DEWR could be a revealing approach for further work.

6.3.2 Permutation-Based Channel Selection

If some regions in the brain exhibit greater difference between DE and NE, we hypothesize that the
channels located in these regions have a higher importance. The topographic maps of the channel
importance for ZW NREM do highlight certain areas important for classifying between DE and NE
during NREM sleep. For the Tononi dataset, such regions are not found.

Comparing the two topographic maps we observe that the channel importances for the Tononi dataset
are much lower than for ZW NREM. The reason for this could be due to the high channel density in
the Tononi data. The electrical signals in the brain propagate through the skull to the scalp, where the
EEG measurements are made. Recordings made close to each other on the scalp would measure sim-
ilar signals, given an equal impedance. The importance of each channel is therefore reduced when

the channel density increases.
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The ZW NREM topographic maps indicate especially two important regions: The parieto-occipital
and the frontal. Although both are present for both the PCA, CSP, and KNN pipeline and EEGNeX, the
two models differ in where the most important channels are located. PCA, CSP, and KNN highlight
the parietal, whereas EEGNeX highlights the frontal. This indicates that both regions are important
areas for DE versus NE classification.

From the Tononi topographic we observe different results. The PCA, CSP, and XGB pipeline indicates
the lateral areas as important, whereas EEGNeX and MEMD, PSD, and XGB indicates especially the
central area. The parieto-occipital and the frontal region are not highlighted as especially important,
contrary to the findings from ZW NREM.

6.3.3 PSD Analysis

Both 2-seconds-long and 73-seconds-long input segments PSD topographic maps have been created
for the Tononi dataset. In this discussion we compare the topographic map using 73-seconds-long

input segments, which is the same length as used for the ZW NREM topographic map.

The PSD ratio topographic maps for ZW NREM and Tononi show very different characteristics. The
ratios appear much smoother for ZW NREM than they do for Tononi, with a majority of the values be-
ing within zero and two. In the ZW NREM topographic map we observe patterns across all frequency
bands. In the Tononi topographic map there is no clear distinction of brain regions with more activity,
as both high- and low-PSD ratios appear to be scattered around the maps - with a notable exception
in the beta band and the left hemisphere of the alpha band. The topographic maps are contradictory
and together do not present a clear distinction of DE and NE brain activity. Especially the beta band
is contradicting, where the ZW NREM map shows a low PSD ratio across most of the brain, whereas

the Tononi map shows a generally high PSD ratio.

The method for creating the PSD ratio for ZW NREM and Tononi differ in one aspect. An analysis
of the power spectra of all sets of IMFs was performed when creating the ZW NREM topographic
map to identify potential outliers with irregularly high amplitudes. These outliers were removed be-
fore calculating the grand average PSD of the IMFs. This was not done for the Tononi topographic
map. EEG measurements are depedendent on two variables: The current produced by brain activity
and the impedance between the electrode and the scalp. The current, which represents the brain
activity, is what we want to measure using EEG. The impedance is a variable controlled by the exper-
imental setup which varies depending on how well the electrode sits on the scalp. Maintaining a low
impedance throughout eight hours of sleep on a sleeping subject is a difficult task, as factors such
as the subject moving could alter it. When the impedance increases, so does the measured voltage,
resulting in signals with a higher amplitude. As PSD is calculated as the square of the FFT magnitude,

a signal with irregularly high amplitude would skew the average towards higher values.

The proposed reason for why the PSD ratios differ from channel to channel for the Tononi dataset is
that the impedance in some of the channels are higher than for others due to factors in the experi-
mental setup. This is more probable than a sudden current spike between one channel and another,
as the current on the scalp is a result of currents in the brain propagating through the skull. For both
datasets, and especially for the Tononi dataset, the channel distribution is very dense and should not

show big sudden differences in similar areas. The removal of high amplitude signals could therefore
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be an important step for correct assessment of the PSD activity. The topographic map for the ZW
NREM dataset is therefore believed to be a better representation of the brain activity.

Previous research using PSD analysis on DE versus NE during NREM sleep is presented in the liter-
ature review. Three studies have shown a decrease in delta wave activity to be associated with DE
[82, 85, 86], in respectively the parietal-occipital region and over the left hemisphere. Increased activ-
ity above 4 Hz and decreased activity below 1 Hz is also reported [84]. For the ZW NREM delta band
we observe a general reduction in PSD for DE compared to NE, especially in the parieto-occipital re-
gion, the left hemisphere, and the anterior of the frontal lobe - similar to previous research. However,
another study did not find differences in the spectral power of EEG [87], a result more similar to the

results in the delta, theta and alpha bands for the Tononi dataset.

The increase in theta band activity for DE can be related to the nature of NREM dreams. Although
NREM reports are most often though-like and conceptual, characteristics more common from REM
reports can also appear in NREM dreams. An increase in theta band activity is related to both day-
dreaming and movement in awake subjects [21, 113], which could explain the same increase during
NREM dreams. The increase in theta activity is seen in the parieto-occipital and temporal lobes, re-
gions related to, respectively, language, spatial recognition, and sensorimotor planning and vision,
hearing, and declarative memory. Especially language and declarative memory could be activated
during the daydreaming-like NREM reports, whereas spatial recognition, sensorimotor planning, vi-

sion, and hearing could be related to more vivid reports.

The nature of NREM dream reports does not resonate well with activities related to beta brain waves,
which are conscious thought, logical thinking, and focus [21]. Still, previous research has found an
increase in high-power activity in the parietal-occipital region and a greater brain activation related
to DE [82, 86]. This is similar to the results seen for the Tononi data, where the PSD ratio shows an
increase in PSD related to DE. Earlier we argued that the PSD ratio topographic map for ZW NREM is
a better representation of brain activity. However, this shows a decrease in overall high-power activity
related to DE - contradictory to previous research. Further work is necessary to investigate why this

is the case.

6.3.4 Combined Analysis

The topographic maps of both channel importance and PSD ratio appear to partially coincide with
each other within each dataset. For the Tononi dataset, neither has highlighted clear areas. For the
ZW NREM dataset especially the parieto-occipital region is marked as an area of importance, as it
shows both an increased activity in the theta band, decreased activity in the delta and beta band, and
an increased channel importance. The two topographic maps do not show the exact same results,
however. The permutation-based channel selection shows which channels are more important for
the classification, and the PSD ratio shows where the difference in activity is. Although the activity is

presumed to be connected to the classification, they are not necessarily equal.
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6.4 Classification, Channel Importances, and PSD Analysis with REM Data

6.4.1 Classification Performances

The use of high-density EEG data and the methodologies used in this research has been proven to be
more effective in detecting dreams during REM compared to previous research [2, 88]. Direct com-
parison is challenging due to the use of different datasets, especially as the previous studies used a
dataset collected with six EEG channels located over the frontal lobe. In the project report an argu-
ment for increasing the number of channels was made, especially due to the low number and location
of the EEG channels during data collection [2]. The results from using the ZW dataset shows that an

increased number of channels does increase the performance.

In our research, the best performance is achieved through feature extraction and classical ML tech-
niques. In the previous study, however, EEGNet outperformed such methods [88]. Using DWT for
feature extraction in combination with various ML algorithms (gradient boosting (GB), KNN, RF,
etc.) were outperformed by EEGNet. This divergence in results could be explained by differences
in the datasets. Having six channels located over the frontal lobe would not allow capturing the same
source signals as a uniform distribution over the head using 58 channels. Moreover, noise levels and
other factors vary. Consequently, different feature extraction techniques and ML algorithms may yield
varying effects depending on the characteristics of the data. Nonetheless, using CSP instead of DWT
for feature extraction could potentially enhance performance, regardless of dataset variations, as cer-
tain techniques could prove to be powerful, generally for all EEG data.

6.4.2 Permutation-Based Channel Selection

Using permutation-based channel selection, the topographic maps in fig. 5.10 show important chan-
nels for the classification of DE versus NE. Given the highest classification performance, the topo-
graphic map using MEMD-filtered data with PCA, CSP and KNN is chosen as the most representative
topographic map for analysing important channel subsets in ZW NREM.

The topographic map shows important channels spread in many of the regions, but the majority
laying in the left part of the parietal region. The observation of importance in the parietal, occipital,
frontal, and central regions is also consistent with the reported findings of frequency changes in the

parieto-occipital, medial, and lateral frontoparietal regions for dreams in REM [82].

6.4.3 PSD-Based Analysis

The topographic maps showing the activity in REM sleep, fig. 5.11 show a lot of mixed frequency
and a broad specter of regions covered with high activity. According to the maps, frequencies in the
delta and alpha bands are most prominent when dreaming in REM sleep. Previous work investigating
delta and beta waves indicates that REM sleep is spatially and temporally heterogenous, similar to the

finding of the PSD ratio topographic maps presented in fig. 5.11 and fig. 5.12 [92].

Previous work has been done on source level, while we use recordings from the scalp level [82]. There-
fore, the findings may vary and are not directly comparable. With this in mind; our results show an
increase in the power in delta in DE, compared to NE in the parieto-occipital region and in parts of
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the central regions. This is contradictory to previous work, stating a decrease in low frequencies be-
tween (1-4 Hz) in the parieto-occipital region. The disagreement of the findings is also present for
high frequencies (20-50 Hz) as the DE and NE activity of beta in fig. 5.26 and fig. 5.27 do not show

increased power in frontal and lateral regions for DE compared to NE.

Looking at the topographic map for the delta band in fig. 5.26 and fig. 5.12, there are a lot of prominent
increased activity of DE. Table 5.3 and table 5.4 showing the number of IMFs placed in the frequency
bands also show that the majority of IMFs are placed in the delta band. Although delta waves are
markers of NREM sleep, recent studies have shown that local low-frequency oscillation below 10 Hz
could also occur during REM sleep [27]. However, local decreases in slow wave activity in the posterior
parts of the brain are associated with the occurrence of dreaming, which do not corresponds to the
topographic maps of our result, showing a lot of increased activity of DE in delta [27].

Other studies have identified two types of delta waves in REM sleep. The sawtooth delta bursts with
frequencies of 2.5-3 Hz, resembling PGO waves, which are persistent in REM sleep, could explain
the increased activity in delta [92, 94]. The occurrence of the bursts are associated with occipital-
temporal and frontal-central regions when modeled at source level [92]. This is also visible in fig. 5.11
and fig. 5.12 showing increased activity of delta in DE in the occipital-temporal and frontal-central
regions. The work of Bernardi also show delta waves below 2 Hz present in the medial-occipital re-

gion, which is also the present in our results for delta band when removing the first IMF [92].

When creating the topographic maps, we observe a significant number of empty values (NAN-values)
for theta band. Meaning that, when assigning the IMFs into their respective frequency band, there
are no frequency components assigned to theta. This suggests fewer theta waves in dreams during
REM sleep compared to the other bands. However, this contradicts findings from other studies that
highlight the dominance of theta and beta waves in REM sleep [93]. The study also identified theta
waves in the frontal lobe, which is however consistent with our results, as the activity of DE in theta
are present and dominating in the frontal, yet also the parietal lobe. The previous study only state the
findings of REM-sleep and do not consider whether the subject experienced any dreams, therefore
the results of the previous study could be a pinpoint for what to expect, but not necessarily the same

as our results.

Upon suspicion that noise in the data is present, we eliminated the first IMF before constructing
the MEMD-filtered signal. As explained earlier, this would eliminate the high-frequent components
present in the signal, here assumed to be noise. In contrast to the original approach, we see that the
map after the removal of the first IMF has less increased frequency components in the alpha and beta
band, both for DE and NE. This makes sense, because of the removal of high frequency components.

However, removing the first IME assuming it is noise, could also potentially remove relevant infor-
mation from the signal. We clearly see that the alpha and beta waves are removed when performing
the procedure of removing the first IME This could be problematic, as it is not unusual to find high-
frequency waves in dreams during REM sleep [93]. Studies have shown the dominance of beta waves
in REM sleep, which could explain the activity present in the topographic maps in fig. 5.26. There is
therefore a possibility that the first IMF is an important component for the discrimination of DE and
NE in REM sleep. For further work, it would therefore be more beneficial to analyse the data even

further and see if it is noisy and explore other methods for removing the noise, if present.
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Similarly to the observation in the NREM data using Tononi dataset, the PSD as a feature for the
classification yields high performance, while the classification using channel subsets from the PSD
ratio are not better than random. This indicates that the PSD ratio is not giving the optimal subset
of channels and should not be relied on for identifying the important channels for distinguishing DE

from NE in classification tasks.

6.4.4 Combined Analysis

The classification performances for REM sleep indicate that dreams in REM are prominent and eas-
ily detectable. Regarding the identifications of important brain regions, it is not possible to see the
exact same patterns in both topographic maps, but there are clearly some similarities. The channel
importances extracted from the permutation-based channel analysis show importance in the frontal,
occipital, and central regions, with more importance in the left parietal region. PSD-based analysis
also shows activity across many regions, with most channels in the parietal region and some in the
frontal area. Although the 10 channels in the PSD analysis are not optimal, it is increased DE activity
in the parietal region across all frequency bands, especially for delta and alpha, in the frontal regions
for delta and theta, and in the occipital region for delta and alpha. Although increased PSD activity
does not necessarily indicate areas of importance in terms of classification performance, there could
be a correlation between the areas highlighted by PSD analysis and the permutation-based channel
selection. If so, it could indicate that the frontal, parietal, and occipital regions are important areas
for detecting dreams during REM sleep.

Our results observing more importance in the frontal region also correlate with the increase in activity

in the motor cortex during REM sleep, as the motor cortex is located in the frontal lobe.

According to previous work performed on the ZW dataset, no EEG predictors of dreaming in REM
sleep have been identified [84], contradicting the observation that the frontal, parietal and occipital
regions are important in our results. The differences could be due to the application of different
methods. We used MEMD-filtered data in combination with feature extraction techniques and ML,

and PSD-based analysis, whereas the previous work has only used PSD-based analysis.

6.5 NREM versus REM

6.5.1 Classification Performances

The best classification performance for DE versus NE is near perfect for both NREM and REM. For
NREM the importance of finding the right classification method is shown by the performance differ-
ence for the various methods. For REM the classification performance is in general high across all
methods. DE during REM sleep therefore appears to be more easily identified than during NREM
sleep. Dream reports from REM sleep are reported to be more vivid, contain more sensory stimuli
and are more emotionally charged than NREM sleep, where reports are more thought-like and con-
ceptual. These differences could indicate that the difference between DE and NE is higher during
REM sleep, explaining why the classification is easier during REM.

For the ZW dataset, the optimal segment length for classification found by testing is different between
NREM and REM, being respectively 0.5 and 2 seconds. The reason could be that the processes iden-
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tifying REM are dependent on longer segments, with NREM characteristics being shorter in time.

6.5.2 Permutation-Based Channel Selection

To observe the difference in important regions between NREM and REM sleep we compare the topo-
graphic maps of channel importances using PCA, CSP, and KNN on MEMD-filtered data from the ZW
dataset, as these have shown the most clear indications of important regions (fig. 5.4, fig. 5.10). Both
depict a high channel importance in the parietal lobe, especially on the left side. We also observe
that the frontal region is important, specifically for REM on the left side. The occipital lobe is more
important during REM than during NREM, indicated by the presence of two channels in this region
for REM sleep, but not for NREM sleep.

The literature has shown that brain activity for specific experiences is similar during both REM sleep
dreaming and wakefulness [82, 90, 91]. As such, the important areas observed in the topographic
maps could be related to specific dream content correlated with the function of the area. Perceiv-
ing and speech in dreams have been shown to indicate increased high-frequency activity in a left
posterior temporal region. These are common contents during DEs, which could indicate a general
importance of this region. Thinking, another common content, is associated with the frontal brain

regions.

The topographic maps for NREM and REM sleep indicate an area in the posterior left hemisphere,
although over the parietal region. Topographic maps indicate importance on the scalp level, while
brain activity is happening inside the brain. The electrodes placed in this area could therefore capture
the activity corresponding to perceiving and speech, which explains the high importance. In addition,

the importance of the frontal areas could be explained by the association with this area, with thinking.

6.5.3 PSD-Based Analysis

Considering the topographic maps of NREM ZW and Tononi, and REM ZW obtained from the PSD-
based analysis, there are overall no distinct similarities observable. Analyzing and comparing these
topographic maps is not straightforward because of the lack of removal of possible outliers in NREM
Tononi and REM ZW, as well as artifacts in all datasets. This makes the analysis biased towards pos-
sible bad epochs and harder to identify distinct similarities. However, despite these challenges, there
are still some observations that can be referred to.

The work of Siclari has previously highlighted the parieto-occipital region as a potential neural corre-
late of dreaming in NREM and REM sleep [82]. Considering the important channels highlighted in the
maps, and also taking into account the credibility of these channels based on previous observations
regarding their performance in classification tasks, we see that many of the channels for REM sleep
are indeed placed in the parieto-occipital region. For ZW NREM and Tononi NREM, this region is not

as prominently represented; however, there are three channels located in this area, for both datasets.

When examining the PSD ratio independently of the important channels, we observe increased DE
activity compared to NE in the delta, theta, and alpha bands for ZW REM, in theta for ZW NREM,
and in all bands for Tononi NREM. Therefore, our results show some correlation with Siclari’s work,

suggesting that the parieto-occipital region may indeed play a role in dreaming. However, due to
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the issues with the topographic maps, such as the possible presence of outliers and artifacts, it is not
possible to state this agreement definitively.

Another correlation between NREM and REM sleep found in previous research is the presence of slow
delta waves below 2 Hz in the medial-occipital region [92]. This correlation is not prominently ob-
served on any of the topographic maps we generated. However, the important channels identified
in the Tononi NREM data, located in the medial-occipital region, might indicate slow wave activity.
Furthermore, the increased area of DE in the delta band in the REM ZW data supports this observa-
tion. In contrast, for NREM ZW, there are no clear indications of a slow wave cluster, suggesting that
this phenomenon might be dataset-specific or influenced by the presence of artifacts and noise in the
data. Also, the observations from the previous work were done using source modeling, unlike using
scalp modeling, like in this project. This may give differences in observed patterns.

6.6 Limitations

6.6.1 Low-Frequency Components in the ZW Dataset

Looking at the values of the frequency of the IMFs (table 5.1, table 5.2, table 5.3, table 5.4), the major-
ity of components in the delta band have a frequency of <0.5Hz. These low frequency components
could be unwanted components due to body movements creating artifacts below 1 Hz [114]. To iden-
tify whether the frequencies are caused by body movements, a suggestion would be to investigate
whether the rate of body movement is stronger during N1 and REM than for N2 and N3 [115].

The low frequency components could also be caused by respiratory artifacts, characterized by peri-
odic slow-wave activity with a frequency that correlates with the respiratory rate. The normal respira-
tory frequency ranges from 0.1 to 0.5 Hz, which means that respiratory movements may be captured
by the EEG electrodes, causing unwanted low-frequency components, mistaken as delta waves. The
respiratory artifacts are also often maximal in the posterior head region, which is correlating with the
PSD activity of DE in fig. 5.26, in REM sleep. Consequently, the activity of DE could be misinterpreted
as delta activity, while it is actually low-frequency components that occur due to respiratory artifacts
[116, 117]. For future work, it is therefore important to identify if the low-frequency components are
artifacts and thereby unwanted, and then remove these components before further analysis is per-
formed.

Performing PSD analysis has provided valuable insight into the data in both datasets. Observing low-
frequency components in both ZW NREM and REM suggests a need to further explore and identify
potential outliers, artifacts, and noise that should be removed. Similarly, the difficulties encountered
in creating a presentable topographic map for the Tononi data highlight the importance of thoroughly
investigating the datasets before conducting any classification. Therefore, future work should include
a detailed frequency analysis to gain deeper insight and remove outliers and artifacts. This may, in

turn, enhance both the performance and the understanding of the data.

6.6.2 Segmenting Before Train-Test Data Split

Using segmentation to obtain more data samples can be performed in two ways, segmenting before

splitting the dataset into train and test sets, or segmenting after splitting into train and test. In our
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work, we have segmented the data before splitting into train and test sets. Further on, feature ex-
traction methods are applied on each segment individually. This may cause possible data leakage, as
segments belonging to the same recording are likely to be in the train and test set. Although there are
no exact replicas of the same segment in both the train and the test set, there might be characteris-
tics in the segments belonging to the same recording, such as noise. This may in turn reflect in data
leakage. To rule out the possibility of data leakage, future experiments should consider segmenting
the recordings after splitting into train and test. In this way, we can ensure that there are no/minor

differences or if the performances are indeed effected by data leakage.

In addition, we should ensure the same amount of instances from all the subjects in train and test, to

ensure the trained model has a similar proportion of information from all the subjects.

6.6.3 Segmenting and Channel Selection Before MEMD Filtering
Applying MEMD before segmentation may give data leakage.

For practical use of a system that applies MEMD to the data before using is as input to a classifier,
it is better to segment the data before applying MEMD. This would also rule out the possibility of
data leakage. When interpolating the maximum and minimum points of the original signal during
IMF extraction, new artificial data are created to construct the envelopes. Then, when segmenting
the data, they may contain characteristics from the previous artificial data point. In addition, when
splitting the data into train and test, there might be segments in the test that contain characteristics

from the training set.

MEMD learns from all channels, before choosing a subset.

In our methods we have applied MEMD to all channels and then chosen a subset of channels. When
applying MEMD to all channels to extract the MEMD-filtered signal, the algorithm uses all the chan-
nels to identify common scales and extract the most relevant signals. Meaning, when constructing
MEMD-filtered data using all channels and then performing classification using channel subsets, the
performance will be biased due to containing more information. However, if the construction of
MEMD-filtered was to be done on only a subset of channels and then be used for classification, it
will only contain the information across the channel subset. We could therefore expect a degraded

performance.

A possible solution for this problem, enhancing the classification performance, could be to use NA-
MEMD. From fig. 5.25 we can see an increase of performance applying NA-MEMD compared to only
using MEMD. Exploring the NA-MEMD with different numbers of noise channels and other datasets
would be a suggestion for future work, working towards a system using only a subset of channels,
such as in BCI applications. It is also important to identify whether the performance decreases when
applying MEMD to only a subset of channels to obtain the MEMD-filtered data, and if so, try to im-
prove it.

6.6.4 Recall of DE, Not Necessarily DE

The findings from Siclari [82] received criticism from Ruby [89], who claimed that neural correlates of
dreaming had not been identified. Ruby pointed out the possibility of having a DE without any recall,
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defining it as an NE, leading to NE containing both DE and NE in an unknown proportion. The extent
to which this happens is not possible to measure, as the only way to get information about dreams
are through dream reports from subjects. It should still be noted, as it is a possible limitation on what

is really measured: Recalls of DEs, not necessarily DEs in themselves.

6.7 Future Work

6.7.1 Single-Subject Classification

From our results, we have observed that classifying DE is possible with high accuracy across multiple
subjects. In a real-world application the objective is to use a pre-trained model on a new subject to
say whether the subject is having a DE or NE at a given time. This requires a pre-trained classifica-
tion pipeline capable of performing the classification on new, unseen subjects. The next step in the
development of a dream decoder is therefore to investigate these scenarios to make this a reality. If
this classification is not doable with acceptable performance, a possible solution could be to apply
transfer learning. Recordings from the new subject would be used to tune the pre-trained model to
gain knowledge about the individual characteristics of this subject, before applying the model to new

recordings.

6.7.2 Optimal Channel Selection Algorithm

Neither permutation-based nor PSD ratio-based channel selection returns optimal sets of channels.
Instead, the first indicates the importance of each channel by itself, whereas the latter indicates the
channels with the highest difference between the classes. Both are useful for indicating the regions of
importance, but the channel subsets we have chosen in our work are not necessarily optimal. For the
PSD ratio-based approach, we observe that for the top 10 channels for the ZW REM dataset and for
the top 29 channels for the Tononi dataset, the resulting classification scores are similar to random

subsets.

Using another algorithm for channel selection could yield better results. Previous research has shown
the NSGA-II algorithm to be suitable for channel selection on EEG data [88]. This is computationally
expensive, however, especially for high-density EEG data, as the models would have to be re-trained
for every tried combination. This would especially be an issue when using the Tononi dataset. A
potential solution could be to combine both methods: Use permutation-based or PSD ratio-based

channel selection to find a larger channel subset to be used for NSGA-II.

6.7.3 Working Towards a Brain Computer Interface System

Our work has presented some important steps towards designing a dream decoder. The research
presented here is aiming towards a wearable BCI system with the most important channels. In order
to achieve this, it is especially important to identify the important and optimal channels for classifying
DE versus NE. We also need to take into account the discussion regarding the MEMD-filtering after
choosing the subsets and segmenting the data before applying MEMD to the data.
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Conclusion

Our results are promising for identifying dreams across datasets and sleep stages, using EEG data
as input to feature extraction techniques in combination with ML algorithms. In NREM sleep, we
obtain high performance for both ZW and Tononi, using PCA, CSP and KNN in ZW, and PSD and XGB
in Tononi. For both datasets, the best performances are obtained using the MEMD-filtered data as
input to the classifiers. For REM sleep, our best results are achieved using PCA, CSP and KNN, also
with MEMD-filtered data.

The identification of important brain regions, has on the other hand been a more challenging task.
The two approaches for identifying important brain regions, permutation-based channel selection
and PSD ratio-based analysis, have not given consistent results. While the PSD ratio-based anal-
ysis has been difficult to interpret due to no clear patterns correlating with previous work, the to-
pographic maps extracted using permutation-based channel selection has given reasonable results
for ZW NREM and ZW REM. They indicate areas over the parietal and occipital lobe as important.
The channel subsets extracted from permutation-based channel selection has also given high per-
formances in classification tasks. For the Tononi data, the topographic maps generated are less clear,
but the classification performances using the channel subsets generated from the permutation-based
channel selection are high. The results of classification using channel subsets across datasets and
sleep stages have therefore shown similar performances, to when all available channels are used. This

is a promising result towards the identification of important brain regions involved when dreaming.
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Appendix A

Additional Classification Results

This appendix contains additional classification results not presented in Results, when only the best
classifier for a given task is presented.

A.1 PSD and ML Classification: Including DEWR in Tononi Data

The following tables contain classification results for all classifiers tested (KNN, XGB, and SVM)
when including DEWR into either the DE or the NE class for the Tononi dataset. Results are
presented for using PCA and CSP, and PSD as feature extraction methods.

Accuracy 0.979 = 0.002 0.966 £ 0.003 0.960 = 0.004 0.943 £ 0.006
F-score 0.975 = 0.003 0.958 £ 0.004 0.950 £ 0.005 0.928 £ 0.009
Precision 0.972 = 0.005 0.967 = 0.004 0.968 £ 0.009 0.960 £ 0.007
Recall 0.977 £ 0.003 0.949 £ 0.004 0.934 £ 0.007 0.898 £0.010
AUROC 0.979 £ 0.002 0.963 £ 0.003 0.956 £ 0.004 0.936 £ 0.007
Kappa 0.957 = 0.004 0.929 £ 0.007 0.917 £ 0.008 0.880 £0.014

Table A.1: Performance metrics for PCA, CSP and classifiers KNN, XGB, RBF SVM, and RF on
low-pass filtered data from Tononi Serial Awakenings. Class combination: DE vs NE and DEWR.

Metric KNN XGB SVM RF
Accuracy 0.983 = 0.004 0.969 £ 0.008 0.964 £ 0.005 0.951 £ 0.002
F-score 0.986 = 0.003 0.976 = 0.006 0.972 £ 0.004 0.963 £ 0.001
Precision 0.983 = 0.006 0.969 £ 0.012 0.962 £ 0.010 0.940 £ 0.009
Recall 0.990 = 0.004 0.982 £ 0.006 0.982 £ 0.003 0.987 £ 0.008
AUROC 0.980 = 0.005 0.963 £ 0.011 0.956 £ 0.008 0.937 £ 0.005
Kappa 0.962 +£0.010 0.931£0.017 0.921 £0.011 0.891 £ 0.004

Table A.2: Performance metrics for PCA, CSP and classifiers KNN, XGB, RBF SVM, and RF on
low-pass filtered data from Tononi Serial Awakenings. Class combination: DE and DEWR vs NE.
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Metric
Accuracy
F-score
Precision
Recall
AUROC
Kappa

KNN
0.824 £ 0.003
0.789 £ 0.004
0.794 £ 0.008
0.784 £ 0.013
0.819 £ 0.004
0.639 £ 0.007

XGB
0.976 = 0.003
0.970 £ 0.004
0.979 = 0.004
0.963 £ 0.005
0.974 £ 0.003
0.950 £ 0.006

SVM
0.599 £ 0.002
0.091 = 0.005
0.872 £ 0.055
0.048 = 0.003
0.521 £ 0.002
0.049 £ 0.005

Table A.3: Performance metrics for PSD and classifiers KNN, XGB, SVM, and RF on low-pass filtered
data from Tononi Serial Awakenings. Class combination: DE vs NE and DEWR.

Metric
Accuracy
F-score
Precision
Recall
AUROC
Kappa

KNN
0.837 £ 0.004
0.868 £ 0.004
0.864 £ 0.003
0.872 £ 0.008
0.827 £ 0.004
0.657 £ 0.008

XGB
0.976 = 0.002
0.980 £ 0.002
0.976 = 0.003
0.985 + 0.003
0.973 £ 0.002
0.948 £ 0.004

SVM
0.636 = 0.003
0.770 £ 0.001
0.629 £ 0.002
0.996 = 0.001
0.531 = 0.004
0.076 = 0.009

Table A.4: Performance metrics for PSD and classifiers KNN, XGB, and RBF SVM on low-pass filtered

data from Tononi Serial Awakenings. Class combination: DE and DEWR vs NE.

A.2 Channel Subset Classification with Tononi Data

This section contains the results from classifying on subsets of 50, 30, 20, and 10 channels from the

Tononi dataset, selected by permutation-based channel selection. For each subset we present results

from PCA and CSP as feature extraction for the classifiers KNN, XGB, SVM, and RF, and EEGNeX.

Accuracy 0.932 £ 0.01
F-score 0.933 £ 0.009
Precision 0.929 £ 0.012
Recall 0.938 £0.013
AUROC 0.932 £ 0.01
Kappa 0.863 £ 0.019

0.925 £+ 0.004

0.927 £ 0.004
0.924 = 0.009
0.931 £ 0.009
0.925 £ 0.004
0.851 = 0.008

0.871 £0.013
0.874 £ 0.013
0.867 = 0.016
0.882 £ 0.02
0.871 £0.013
0.742 £ 0.027

0.906 £ 0.011
0.908 £0.011
0.908 £0.016
0.907 £0.015
0.906 £ 0.011
0.812 £ 0.022

0.694 £ 0.012
0.696 = 0.037
0.735%0.079
0.694 £ 0.149
0.694 +£0.018
0.387 £ 0.031

Table A.5: Performance metrics for PCA, CSP and classifiers KNN, XGB, RBF SVM, and RE and
EEGNeX on subset of low-pass filtered data from Tononi Serial Awakenings. Channel subset: 50
channels chosen by permutation-based channel selection.
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Accuracy

F-score
Precision
Recall
AUROC

Kappa

0.906 = 0.01
0.905+0.011
0.938+0.011
0.873+0.015
0.907+0.011
0.812+0.021

0.906+0.008
0.908+0.008
0.914+0.008
0.901+0.01
0.907+0.008
0.813+0.016

0.851+0.018
0.849+0.021
0.874+0.013
0.827+0.034
0.851+0.018
0.702+0.037

0.89£0.015
0.891+0.015
0.907+0.015
0.875x0.019
0.891+0.015

0.781+0.03

0.641 = 0.024
0.58 +0.08
0.78 +0.103

0.521 £0.235
0.646 £ 0.03

0.288 £ 0.057

Table A.6: Performance metrics for PCA, CSP and classifiers KNN, XGB, RBF SVM, and RE, and
EEGNeX on subset of low-pass filtered data from Tononi Serial Awakenings. Channel subset: 30
channels chosen by permutation-based channel selection.

Metric

Accuracy
F-score
Precision
Recall
AUROC
Kappa

0.882 £ 0.011
0.882 £0.012
0.897 £ 0.011
0.868 £ 0.016
0.882 £ 0.011
0.764 £ 0.023

0.891 = 0.01
0.893 £ 0.01
0.897 £0.014
0.889 £ 0.007
0.891 £ 0.01
0.782 £ 0.02

0.836 £ 0.012
0.834 £ 0.013
0.864 = 0.013
0.805+0.014
0.837£0.012
0.672 £ 0.024

0.884 £ 0.009
0.885+0.01
0.9+0.012
0.87 +0.009
0.885 % 0.01
0.769 £ 0.019

0.626 + 0.024
0.529 £ 0.083
0.766 £ 0.053
0.426 £ 0.147
0.634 £0.019
0.264 £ 0.04

Table A.7: Performance metrics for PCA, CSP and classifiers KNN, XGB, RBF SVM, and RE and
EEGNeX on subset of low-pass filtered data from Tononi Serial Awakenings. Channel subset: 20
channels chosen by permutation-based channel selection.

Metric

Accuracy
F-score
Precision
Recall
AUROC
Kappa

0.739+£0.014
0.739+£0.014
0.752 £0.017
0.728 £ 0.022
0.739+£0.014
0.477 £0.028

0.742 = 0.008
0.741 £ 0.01
0.757+£0.011
0.727 £0.02
0.742 £ 0.008
0.484 £ 0.015

0.702 £ 0.02
0.664 £ 0.021
0.782 = 0.035
0.579 £ 0.023

0.704 £ 0.02

0.407 £ 0.04

0.744 £ 0.011
0.739£0.012
0.771 £0.014
0.71+£0.016
0.745£0.011
0.489 £ 0.023

0.649 = 0.008
0.675 £ 0.026
0.651 +£0.019
0.707 £0.074
0.647 £ 0.007
0.295%0.015

Table A.8: Performance metrics for PCA, CSP and classifiers KNN, XGB, RBF SVM, and RE, and
EEGNeX on subset of low-pass filtered data from Tononi Serial Awakenings. Channel subset: 10
channels chosen by permutation-based channel selection.
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Unveiling Dreams: Moving Towards Automatic
Dream Decoding via qualitative EEG Analysis
and Machine Learning

André Torvestad!, Mithila Packiyanathan®,
Luis Alfredo Moctezuma?*and Marta Molinas *

1- Department of Engineering Cybernetics,
Norwegian University of Science and Technology. Trondheim, Norway
2- International Institute for Integrative Sleep Medicine,
University of Tsukuba. Tsukuba, Ibaraki, Japan.

Abstract. Equipping brain-computer interfaces with dream decoding
capabilities could be vital in healthcare applications. We used high-density
electroencephalogram data from non-rapid eye movement sleep to conduct
qualitative analysis employing multivariate empirical mode decomposition
and power spectral density (PSD) for preprocessing and machine learning
algorithms to distinguish between a dream experience and no experience.
Qualitative analysis shows differences between the two classes, especially
in the theta and beta bands. We achieve a classification performance of
0.915 in accuracy, 0.851 in AUROC, and 0.715 in kappa with PSD features
and extreme gradient boosting classifier.

1 Introduction

Throughout human history, understanding the nature of dreams has been long-
sought. In the book of Genesis the Pharaoh sent for all the wise men in Egypt
to help him understand the meaning of his dreams [1]. Today, we are on the
path of making the Pharaohs long-overdue dream decoder a reality. The goal
has transcended deciphering messages from the gods, it now aims to deepens our
comprehension of individuals’ mental and emotional states. Research has shown
a correlation between dream content and mental health conditions, suggesting
that analyzing dream content could be beneficial for the early diagnosis and
treatment of various mental disorders [2, 3].

Previous research has shown differences in EEG patterns between dream
experiences (DE) and no experiences (NE) during non-rapid eye movement
(NREM) sleep using power spectral density (PSD) [4-7]. Our work aims to
further contribute to the understanding of dreams during NREM sleep from
EEG-based analysis and classification, as a step towards the realization of a
brain-computer interface (BCI) with dream decoding capabilities.

Here, we present a set of experiments for dream experience and no experience
classification based on high-density EEG recordings during NREM sleep. We
present a qualitative analysis of sleep EEG with dream experiences versus no

*This work was partially supported by the Japan Society for the Promotion of Science
(JSPS) Postdoctoral Fellowship for Research in Japan: Fellowship ID P22716



experience. To facilitate integration into BClIs, we present classification results
utilizing channel subsets derived from qualitative analysis.

2 Materials and Methods

2.1 EEG Dataset

The dataset consists of EEG recordings from 28 participants recorded using a
58-electrode cap placed according to the international 10-10 system, a sampling
rate of 400 Hz, and a high-pass filter set at 0.1 Hz [5].

Participants were instructed to, whenever awakened, provide a dream report.
The reports were verbal descriptions of everything that was going through their
mind just before awakening or indicating if they could not recall anything. The
awakenings were made during sleep onset, N2 sleep, and REM sleep. Most of
the recordings were made on sleep onset during the first hour of the night, which
came from sleep stages N1 and N2. One N2 and one REM sleep dream reports
were made at least one hour after the last sleep onset report. The N2 and REM
reports were separated by a minimum of thirty minutes.

For our experiment, we considered whether the participant reported a DE or
NE, and the data collected during the sleep stages N1 and N2. A total of 181
NREM sleep epochs are considered, with 24% labeled NE and 76% as DE. Each
epoch lasts 73 seconds before awakening.

2.2 Preprocessing, power spectral density, and classification

A low-pass filter with cutoff frequency of 45 Hz was applied to avoid high-
frequency components in the data (referred to as low-pass filtered). Multivariate
empirical mode decomposition (MEMD) was applied to the low-pass filtered data
to extract the intrinsic mode functions (IMFs), then the three closest IMFs to
the low-pass filtered signal, calculated by Euclidean distance, were selected to
reconstruct the EEG signals (referred to as MEMD-filtered).

To increase the number of instances for the classifiers, the IMFs were divided
into 0.5-second segments before calculating the PSD; This segment size was
selected because it showed the best classification performance.

PSD was calculated from the IMFs for two purposes: 1) To create a
topographic map of the average PSD ratio between the DE and NE reports.
2) To be used as features for extreme gradient boosting (XGBoost). The
convolutional neural network (CNN) EEGNeX was also tested on MEMD-filtered
data for comparison [8].

2.3 EEG Channel Selection

After PSD calculation, the 58 EEG channels were ordered based on their PSD
values, from highest to lowest. The importance of each channel is calculated as
%&ﬁg — 1. With this, we utilize the distinctions between the classes that
have been observed in the topographic maps to define the channel importance
both when DE is higher than NE and vice versa.



DELTA: (0 - 4 Hz) THETA: (4 - 8 Hz) ALPHA: (8 - 13 Hz) BETA: (>13 Hz) 2.00

Fig. 1: The average PSD ratio (DE over NE) across all recordings in each channel
for IMFs in different frequency bands.

Channel subsets, ranging from one to thirty channels, were created based on
channel importance. The n-th subset contains the n most important channels.
Classification was performed in each channel subset and evaluated with the
kappa metric. The kappa score evaluates performance taking into account
expected performance. As expected performance is higher for an imbalanced
data set, we chose the kappa metric to evaluate performance on the channel
subsets. The kappa score can be interpreted as the agreement between the true
data labels and the predicted labels; 0.0-0.2 indicates slight agreement, 0.21-0.40
poor agreement, 0.41-0.60 moderate agreement, 0.61-0.80 substantial agreement,
and 0.81-1.00 almost perfect agreement [9].

3 Results

3.1 PSD Ratio between DE and NE with a Topographic Map

The topographic map was created to visualize the difference in PSD between
DE and NE in different frequency bands. We iterate through all IMFs within
each class and sort them into one of four groups: delta (0 - 4 Hz), theta (4 - 8
Hz), alpha (8 - 13 Hz) or beta (>13 Hz). The sorting is based on the frequency
corresponding to the maximum PSD of the IMF. The grand average of IMF's
was calculated for each group in each channel, and then the PSD ratio as the
grand average PSD for DE over NE.

The resulting topographic maps are shown in fig. 1. The PSD of DE is higher
in the theta band, especially in the parietal and temporal lobes. This is also seen
in the frontal lobe in the beta band and in a small central area in the delta. The
PSD of NE is generally higher in both the delta and the beta band. This is most
prominent in the beta band, which shows the lowest ratio values. The alpha
band shows some differences, without any areas being prominent.

3.2 Classification Performance for DE and NE

Three classification configurations are presented: 1) PSD and XGBoost on
MEMD-filtered data, 2) EEGNeX on MEMD-filtered data, and &) XGBoost
and PSD on low-pass filtered data. All configurations are validated with five-
fold cross-validation, each with a train-test split ratio of 80-20 for each fold.
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Fig. 2: Classification performance under different configurations: Left) XGBoost
and PSD on MEMD-filtered data. EEGNeX on MEMD-filtered data. XGBoost
and PSD on low-pass filtered data. Right) The kappa score evaluated on channel
subsets with an increasing number of channels, sorted by highest PSD ratio
difference from 1 across all frequency bands.

The classifications were evaluated using accuracy, F-score, precision, recall, area
under the receiver operating characteristic curve (AUROC), and kappa.

We also present the kappa score from XGBoost and PSD in MEMD-filtered
data on channel subsets with an increasing number of channels, up to thirty
channels. The classification performance for each channel subset is validated
with a five-fold cross-validation, using a train-test split ratio of 80-20.

Using PSD and XGBoost on MEMD-filtered data results in 0.915 accuracy,
0.949 F-score, 0.910 precision, 0.990 recall, 0.815 AUROC, and 0.715 kappa.
With EEGNeX on MEMD-filtered data we obtain 0.921 accuracy, 0.950 F-score,
0.919 precision, 0.984 recall, 0.851 AUROC, and 0.759 kappa. Although the
metrics are higher for EEGNeX, the standard deviation is also higher. As
visualized in fig. 2, the performance of XGBoost is within the standard deviation
of EEGNeX for all metrics, with a smaller standard deviation. Omitting MEMD-
filtering with PSD and XGBoost, the performance drops to 0.857 accuracy, 0.911
F-score, 0.869 precision, 0.958 recall, 0.747 AUROC, and 0.556 kappa, indicating
the importance of MEMD-filtering.

The kappa score with an increasing number of EEG channels shows that the
performance increases rapidly in the beginning, before gradually saturating. We
obtain a kappa score of 0.46 with the top 10 most important EEG channels, 0.61
with the top 20, and 0.67 with the top 30.

4 Discussion

From our PSD analysis, we observed higher brain activity while dreaming in the
theta frequency band, especially over the parietal and temporal lobes. Theta
waves are, in awake subjects, related to daydreaming and movement, as well as
hyperactivity and impulsivity [10, 11]. The parietal lobe is related to language,



spatial recognition, and sensorimotor planning, whereas the temporal lobe is
related to vision, hearing, and declarative memory [12]. Dream reports from
NREM sleep tend to be more thought-like and less bizarre than dreams from
REM sleep - more similar to daydreams [13]. Therefore, they resonate well with
the observed increase in activity.

The PSD ratio is in general low in the beta frequency band, except for an
increase in the frontal lobe and a moderate value in the central-parietal and right
temporal lobes. Beta waves are not expected to be prominent during NREM
sleep, as they are related to conscious thought, logical thinking, and focus [10].
The reduction of beta waves for DE could indicate a decrease in these processes.

In the delta band, there is, apart from in a spot in the center-right parietal
lobe, higher PSD for NE. Similarly to our topographic maps, previous research
has found a decrease in PSD for DE during NREM sleep at the source level
within the delta frequency band in the parieto-occipital region and in the left
brain hemisphere [4, 6].

The observed brain activity linked to DE has been inconsistent in literature
[5], having shown both increased and decreased activity in similar areas. We
add to this discussion using MEMD-filtered data and show that the observed
results can be used for classification.

PSD proves its worth as both a classification feature and as a way to visually
understand the differences between DE and NE. PSD combined with XGBoost
scores within the standard deviation of the more complex EEGNeX, with both
methods achieving accuracy and F-score above 0.9 and kappa above 0.7. PSD
also makes it possible to visualize the difference between classes when paired
with MEMD.

With PSD and XGBoost, MEMD-filtering improves the performance with
5.8% accuracy, 3.8% F-score, and 15.9% kappa. By selecting the three closest
IMFs, and disregarding the others, we removed frequency components from the
low-pass filtered data that were possibly negatively affecting the classification
performance.

MEMD-filtering is an expensive filtering; we combined it with a relatively
simple feature such as PSD to avoid additional expensive computation. Future
work should continue to explore simple features paired with MEMD to further
investigate the distinction between DE and NE.

To incorporate dream-decoding capabilities in a BCI, high-performance with
a reduced channel subset is required. To achieve a substantial agreement, i.e.
kappa score between 0.61-0.8, 19 channels are needed.

Dream reports collected from REM sleep differ from those collected from
NREM sleep [13]. We analyze the differences between DE and NE in NREM
sleep, and therefore an analysis of REM dream reports is necessary to further
understand the nature of dreams.
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Abstract. A high-performance real-time brain-computer interface
system capable of identifying dreams has potential for healthcare
applications. To address this, we use electroencephalogram (EEG) data
from non-rapid eye movement sleep to classify dream experience and no-
experience. Using 58 EEG channels, we achieve an accuracy of 0.94, an
AUROC of 0.91, and a kappa score of 0.84, accomplished by first filtering
the data through multivariate empirical mode decomposition followed by a
combination of principal component analysis and common spatial patterns
for feature extraction and K-nearest neighbors classifier. Interestingly,
comparable results are obtained using 29 or 10 EEG channels selected by
permutation-based channel selection.

1 Introduction

Neurological disorders and diseases often manifest during sleep before symptoms
occur during waking conditions [1, 2]. Given that the content of dreams can be
influenced by one’s mental health, research suggests that dreams could offer
insight into the mental and emotional well-being of an individual [3, 4]. In light
of this, the development of a tool capable of determining if a subject is dreaming
and analyzing its emotional content could prove essential in healthcare facilities.
Such a dream decoder could help psychologists diagnose and monitor patients
with conditions such as depression, anxiety disorders, and various neurological
disorders [4-6].

A brain-computer interface (BCI) is one way to build a dream decoder.
Artificial intelligence (AI) and signal processing algorithms have contributed
significantly to the advancement of BCI systems in general. However, achieving
robustness remains a challenge, primarily due to the difficulty of obtaining a
good trade-off between high performance and real-time speed, as well as the
use of low-density electroencephalogram (EEG) systems [7, 8]. Currently, there
are no BCI solutions for dream decoding in real-life applications, as research
has focused mainly on analyzing dreams through the power spectrum, and only
recently using machine learning (ML) techniques [5, 9-11].

*This work was partially supported by the Japan Society for the Promotion of Science
(JSPS) Postdoctoral Fellowship for Research in Japan: Fellowship ID P22716



Moving towards the development of a BCI system for dream decoding using
EEG signals, we propose the use of multivariate empirical mode decomposition
(MEMD) as a filter to then ) extract features using principal component
analysis (PCA) and common spatial patterns (CSP) and use them as input
to the K-nearest neighbors (KNN), or 2) use a convolutional neural network
(CNN) called EEGNeX, both to classify dream experiences and no-ezperiences
during non-rapid eye movement (NREM) sleep. To identify the most important
EEG channels and minimize their numbers while maintaining classification
performance, we employ permutation-based channel selection. This technique
also sheds light on the regions of the brain that are important to identify dream
experiences.

2 Materials and Methods

2.1 EEG dataset

The dataset comprises high-density EEG recordings collected in 28 participants
using a 58-electrode cap positioned according to the 10-10 international system
with a sampling rate of 400 Hz and configured with a high-pass filter set at 0.1
Hz [9].

Participants were instructed to provide dream reports upon awakening. They
were encouraged to verbally give all details of their experience, regardless of
whether they had a dream experience or not. The study defined dreams as
any mental experience recalled from sleep and the reports were judged by
two independent raters, who labeled the reports as dream experience or no-
experience. The awakenings were performed during sleep onset, N2 and rapid
eye movement (REM) sleep stage. The awakenings during sleep onset were
performed by awakening the subjects after 30, 60 or 90 seconds of elapsed sleep
during the first hours of sleep, collecting up to 10 reports per subject. At least
one hour after the last sleep onset report, the subjects were awakened when N2
was detected and then at least 30 minutes later when REM sleep was detected.

Our experiments consider the data collected during the N1 and N2 sleep
stages, here referred to as NREM data. In total, we used 181 NREM epochs:
76% belonging to dream experience and 24% to no-experience.

2.2 Preprocessing, feature extraction and classification

To minimize high-frequency noise in the signals, a low-pass filter with a cutoff
frequency of 45 Hz, experimentally selected, was applied to the EEG data.
The EEG channels are referenced using the average between the left and right
mastoids %.

We considered two experiment configurations: 1) the low-pass filtered data,
referred to as the raw data. 2) The application of MEMD to low-pass-
filtered recordings, choosing the three intrinsic mode functions (IMFs) closest
to the original signal, in terms of Euclidean distance, and combining them
to reconstruct a MEMD-filtered signal. For both configurations, the epochs



were segmented into 0.5-second instances, selected experimentally based on the
classification performance using different segment sizes (0.5, 1, 2, 5 and 10 second
segments).

For the classification process, two methods were used. The first method
involved PCA and CSP for feature extraction and the KNN classifier. The
number of neighbors in KNN was selected experimentally, checking the optimal
value when k = {1,10}. The second approach used EEGNeX, a CNN that
outperforms existing state-of-the-art methods in EEG-based BCI classification
tasks [12].

We used 5-fold cross-validation with a train-test split ratio of 80-20. The
models were evaluated using accuracy, Fscore, precision, recall, area under the
receiver operating characteristic curve (AUROC), and kappa.

To analyze which channels are more relevant and thus decrease the number
of required EEG channels for the classification task, we used permutation-based
EEG channel selection. For each channel, we randomly shuffled the EEG data
within the channel, changing the information that was used during the training
of the baseline model. The subdataset containing the shuffled channel was
then evaluated using the baseline model. If the kappa score decreased when
changing the data for a particular channel, it meant that the channel was
important to obtain the baseline classification performance. Then, this process
was repeated for all 58 channels. In this way, the algorithm identified the most
important channels based on a comparison of the kappa score of the baseline
model performance and the other performances; the performance delta.

3 Results

3.1 Classification performance under different experiment
configurations

For the first approach to classifying dream experiences during NREM, we used
58 EEG channels with raw data and MEMD-filtered data. The process used
KNN and the EEGNeX models.

To see the performance development when the number of channels is reduced,
the classification task was also performed using 10 and 29 EEG channels.

The results of the classification using PCA, CSP, and KNN, and EEGNeX
with both experiment configurations as input are presented in Fig. 1. The
important brain regions obtained using the permutation-based channel selection
are presented in the topographic maps in Fig. 2 where the 10 most important
EEG channels are indicated with a yellow circle.

Fig. 11 shows a high classification performance for both KNN and EEGNeX;
however, the standard deviation for the AUROC and kappa is higher for
EEGNeX, showing less robustness than the KNN model. Furthermore, using
MEMD-filtered data with 29 channels gives a higher performance than the raw
data with 58 channels.
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Fig. 1: Average classification performance of dream experiences and no-
experiences using PCA, CSP and KNN (left), and EEGNeX (right), with both
the raw data and the MEMD-filtered data.
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Fig. 2: Channel importance derived from classification experiments presented in
Fig. 1. The 10 most important channels are indicated with yellow circles.

4 Discussion

We have presented experimental results using EEG signals for automatic
classification of dream experience or no-experience during NREM.

In general, our results show that using MEMD-filtered data, instead of raw
data, helps to obtain higher performance to classify when a subject is dreaming,
both when using KNN or EEGNeX. Using KNN, performance increases 0.13 in
kappa, 0.04-0.05 in accuracy, recall, and AUROC and 0.02-0.03 in Fscore and
precision. For EEGNeX, 0.39 in kappa, 0.21 in AUROC, 0.1 in accuracy and
precision, 0.06 in Fscore, and 0.002 in recall.

In the best case, we obtain up to 0.94 accuracy, 0.96 Fscore, 0.95 precision,
0.97 recall, 0.91 AUROC, and 0.84 kappa when using MEMD-filtered data and
PCA, CSP for feature extraction and KNN classifier. This indicates that feature
extraction techniques and the classical ML algorithm are better able to capture
the features of EEG signals with dream content during NREM than EEGNeX.



Original signals are represented by three IMFs, which indicates that the
removal of unnecessary frequency components makes the MEMD-filtered signal
contain more important and valuable information for the classification process
[13].

From the topographic maps in Fig. 2, we see the important regions of the
dream classification experiments employing PCA, CSP and KNN. The 10 most
important channels are located primarily in the parietal lobe, while some are
distributed throughout the frontal and parieto-occipital regions. The parietal
region is responsible for creating a spatial understanding of the surrounding
environment and our location in it, and it is also where most sensory information
is interpreted [14]. However, aspects related to prospective memory, future
planning, and decision-making occur in the frontal lobe [14]. The map
highlighting the parietal and frontal areas indicates that these are key areas
to distinguish between dream experiences and no-experiences. When applying
the MEMD-filtered data, the left parietal and front regions are emphasized.

For EEGNeX, the highlighted channels are predominantly located in the
frontal, central, and parietal regions. The frontal region emerges as the most
important area, suggesting that CNN captures activity in this area rather than in
the parietal region, as observed with PCA, CSP, and KNN. The MEMD-filtered
EEGNeX map is of more importance in the left frontal region. This could mean
that dreams incorporate elements of logical reasoning, as research suggests that
the left brain is associated with logical thinking [6, 15].

The topographic maps of PCA, CSP, and KNN exhibit notable differences
compared to those of EEGNeX, both in important regions and in the
performance delta. The maximum performance delta is lower when using
EEGNeX (0.33) than when using KNN (0.56). That means that the subset
of channels used is not as relevant for EEGNeX as for KNN, where the removal
of specific channels greatly decreases performance.

Classification using PCA, CSP and KNN with MEMD-filtered data yields the
highest performance; therefore, the associated topographic map is more reliable.
The observations of the topographic map also align with the reported findings
of frequency changes in the parieto-occipital, medial, and lateral frontoparietal
regions while dreaming in NREM [5].

The classification using 10 channels instead of 58 results in less than 0.06 of
a decrease in Fscore, precision, and recall, 0.09 of accuracy, 0.13 in AUROC and
0.25 in kappa, when using PCA, CSP, and KNN with MEMD-filtered data. This
result holds promise as a first step towards the development of a BCI system for
dream decoding applications. However, since the analysis is limited to NREM
data, the findings for REM data may vary and need further investigation.
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