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Abstract

Hypertension is a highly prevalent disease and a major risk factor for cardiovas-
cular diseases. Therefore, it is important to find methods to identify the risk of
developing hypertension at an early stage in order to work in a preventive manner.
It has been shown that the invasively-measured muscle sympathetic nerve activity
(MSNA) response to stressful stimuli is likely to predict this risk. Furthermore, a
strong correlation between MSNA and beta oscillations in the brain has recently
been identified. With these known correlations, the neural activity in the beta band
could potentially be used as a non-invasive biomarker recorded with magnetoen-
cephalography (MEG) for evaluating the risk of developing hypertension.

The aim of this thesis is to investigate how the learning and classification of two
previously developed neural networks can be improved with conventional MEG anal-
ysis methods. We attempted to give emphasis to the beta oscillations by filtering
out frequencies outside this beta band. Multiclass classification was also tested on
different groupings of subjects in the MEG study based on the level of risk, i.e.,
high risk, medium risk etc. The resulting accuracies were generally lower for the
filtered data, indicating that the filtering had removed some aspect in the data
that the network had previously learned form, perhaps some characteristics of the
MSNA-related brain response profile. Accuracies improved for multiclass classifica-
tion but were still deemed to be essentially equivalent to previous results. Thus,
pure frequency-based filtering does not appear to achieve the desired effect, which
could be because the Al methods used are not designed to identify frequency-based
changes in power. Dividing the subjects into multiple classes also failed to improve
classification, which is likely due to the limitation of having a low number of individ-
uals in the MEG study. We conclude with a framework for potentially overcoming
such challenges by training the networks on the data after transforming it into the
time-frequency domain.

Keywords: Deep learning, Magnetoencephalography, Muscle sympathetic nerve ac-
tivity, Beta oscillations, Preprocessing, Brain activity, Frequency filtering, Binary
classification, Multiclass classification.
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1

Introduction

Hypertension is a common disease with a high prevalence in the world, causing both
morbidity and mortality as it is a major risk factor for cardiovascular disease [3].
There is no established clinical predictor for development of hypertension and it
would be meaningful if such could be identified for prevention or treatment purposes.
Indeed, many people experience repeated stressful input in everyday situations, such
as inputs from traffic, construction or other demanding situations of modern society,
which is one of the contributing factors for the development of hypertension [4], [5].

During a stressful or arousal input, the muscle sympathetic nerve activity (MSNA),
which is a vasomotor activity controlling constriction of blood vessels, is involved and
this response to arousal input differs for each person. It can either be an inhibition
or a non-inhibition of the MSNA response, leading to a less elevated blood pressure
for the former and an elevated blood pressure for the latter [6]. Having a non-
inhibited MSNA response would be a disadvantage in today’s modern environment,
that include many stressful or arousal-inducing factors, as the frequently elevated
blood pressure could lead to hypertension and subsequent cardiovascular disease.
Currently, MSNA is measured with the delicate and invasive neurophysiological
method, microneurography. This method is both invasive and time consuming which
makes it not suitable for large scale clinical studies [7]. For this reason, it has given
rise to the interest of finding alternative methods. In a previous study, it was found
that beta oscillations in response to stressful or arousal stimuli are correlated to
MSNA [2]. The beta oscillations represent brain activity in the frequency range of
13 - 30 Hz and can be measured with magnetoencephalography (MEG) which is a
non-invasive method with high temporal and spatial resolution. This means that the
beta oscillations can potentially be used as non-invasive biomarker for the MSNA
response and subsequently be used to estimate the risk of developing hypertension.

Artificial intelligence (Al) has potential of being utilized more in clinical settings
since these methods are able to manage and classify large amounts of clinical data
and information. Therefore, combining Al with conventional MEG analysis methods
could potentially be a new method to classify people as inhibitors or non-inhibitors.
This has led to a collaboration between MedTech West and Syntronic to develop
a classification method using deep learning. As a result of this collaboration, a
previous master’s thesis was conducted by Bakidou and Nord Odhner [1] with the
aim to explore if deep learning could be used on MEG data to predict the risk
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of developing essential hypertension. Their results showed that artificial neural
networks (ANNs) had potential to be used for classification of the MSNA response.
However, other aspects, mainly in how the MEG data is preprocessed, have to be
further examined to see if the ANNs can learn the general MSNA-characteristics
and not something else from the MEG signal.

1.1 Previous Work

The work herein was based upon the aforementioned master’s thesis that investi-
gated Al-based methods for classification of MEG signals gathered during a study
on stress and heart disease. The MEG study was aimed at identifying functional
neuroimaging-based correlates to a previously developed measure of the physiolog-
ical response to stress. A correlation was discovered between an individual’s brain
response (i.e., in the MEG signals) and the physiological response (i.e., MSNA) to
sudden stressors, in this case, unexpected electrical stimuli to the finger. An at-
tempt was therefore made to use deep learning to classify subjects with their MEG
data according to their MSNA response. To that end, the relevant signal segments
were selected around the stimulus-responses in time because it was presumed that
it is those segments contained the most relevant information for classification (i.e.,
as opposed to including the 'resting state' MEG data that was recorded in be-
tween the stimuli). The data was furthermore broken down in the spatial domain
by dividing the MEG sensors into three sets. First one that included sensors that
were most likely to detect the activations that were already known to be coupled
to the risk profile, one with sensors in a larger area, and lastly one with all sensors.
Two ANNS, one long short-term memory (LSTM), and one multilayer perceptron
(MLP), were developed to examine classification of MEG signals. Binary classifica-
tion (i.e., to discriminate "low" from "high" risk individuals) was tested in different
ways that included or excluded individuals that were determined to be on extreme
and/or borderline values of the risk spectrum. Finally, multiclass classification was
also attempted to see whether Al could identify individuals based on their brain
responses.

The results of the previous work were mixed. Binary classification performed better
than chance, but not nearly as well as that which was achieved via conventional
MEG data analysis methods. Multiclass classification performed far better than
chance and showed that the MEG signal could be mapped to an individual which
indicated that the networks have learned individual features of the subject data that
were most probably not related to the MSNA response.

1.2 Aim

The aim of this thesis is to take another step towards classification improvement
and understanding of the brain functional activation recorded with MEG and its
correlation with the physiological MSNA response. To achieve this aim frequency
filtering will be added around the beta oscillations, to examine whether filtering
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of the MEG data to remove signals outside this frequency band can improve the
classification accuracy. This will hopefully give us the ability to recognize what
features the network is learning from and bring the research one step closer to
being able to correctly classify the risk of developing essential hypertension. The
investigation of what the network has learned also brings the method one step closer
to explainable Al. To furthermore achieve the aim, this thesis will explore whether
the multiclass classification approach can be improved by data management in the
form of defining groups of individuals based on their physiological stress response.
To that end groups will be formed that are labeled after increasing risk.

1.3 Demarcations

One demarcation in this master’s thesis is that the preprocessed data will only be
fed into the neural networks developed by the previous master’s thesis. This means
that other neural networks will not be examined. In order to accurately compare the
results between the master’s theses and to evaluate the results from the preprocess-
ing steps, the architecture of the networks will not be changed or will be changed
minimally. Furthermore, due to the limitation of time, all available conventional
analysis will not be implemented for the preprocessing step. The primary method
will be to filter the data to get a concentrated area of interest, i.e., the area around
the beta oscillations. The next step in preprocessing was decided to be a transfor-
mation of the data with time-frequency analysis but due to time restriction, only a
framework for this methodology will be presented in Appendix A.

1.4 Ethical and Societal Aspects

The use of machine learning in clinical applications can greatly reduce the burden
on healthcare professionals. However, when human lives are involved, the inter-
pretability of the machine learning predictions are of great importance. Clinicians
have to trust and understand, to some degree, the predictions. Therefore, to use
any kind of implementation of machine learning in healthcare brings to light the
problem with black box approaches. That being, the decision making process is
hidden in the models and not always intuitive [8], which could bring into question
the reliability of the results in certain settings. Therefore, due to the increase of Al
applications in many fields, the concept of explainable Al has recently emerged and
gained more importance [9]. If people are going to trust these applications then it
is essential that there are explanations for how the system works. To understand
and explain the networks, different methods are used to either see what the network
is learning or to open up the black box to examine the parameters in the network.
This master’s thesis is a first step in the direction of explainable Al as conventional
neuroimaging analysis will be used to analyze what the network is learning from
the data. The personal privacy must be considered as well since the data will be
acquired from real subjects. Different regulations such as General Data Protection
Regulation (GDPR) exist to ensure that the personal privacy of the used data is
protected [10]. However, in the case of this master’s thesis, the concern of violating

3
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the personal privacy will not be an issue since the used MEG data is anonymized.
Thus, it cannot, to our knowledge, be used to identify an individual, which means
that the personal privacy will be preserved.

In today’s world, data has an important role in everyday life and within healthcare.
There are large amounts of data generated every day and it will only be more in
the future. It is therefore important that methods managing the generated data are
continuously developed. Especially for healthcare, as it is important that everyone
in our growing population can get the medical help they need. Deep learning can
be a powerful tool to handle all this data and help people, while also producing
results that have great impact on the future. The result of this thesis could there-
fore increase the social sustainability by working in a preventative fashion, possibly
making it easier for people to see if they are at risk of getting hypertension, and
thus can take precautionary actions.



2

Theoretical Background

Hypertension, or high blood pressure, is a public health issue and it is prevalent in
a large part of the adult population around the world. An estimated number of one
billion people are affected by hypertension globally and according to projections,
the number will continue to increase [11]. The danger of having prolonged high
blood pressure is that it can cause damage to the arterial walls and can lead to
aneurysms or even ruptures if left untreated. Thus, hypertension increases the
risk for many cardiovascular diseases [12]. Hypertension can be divided into two
types, primary hypertension and secondary hypertension. The condition is separated
into these two types depending on the cause of the high pressure. If the cause is
due to another disease, such as a kidney disease, then it is defined as secondary
hypertension. Around 5 % of hypertension cases have this type [13]. The majority
of people that suffer from hypertension are afflicted by primary or, as it is also
called, essential hypertension which is not connected to any single known cause. It
is however linked to genetic factors and environmental factors that are on the rise in
the modern society, e.g., high salt intake, sedentary life style, and obesity [13], [12].
One prominent factor is stress or exposure to stressors in everyday life [11]. These
stressors can be sharp lights or sounds but also emotional stressors such as worry,
to which people can react in different ways.

2.1 The Sympathetic Nervous System and Stress

The sympathetic nervous system (SNS) is one of three parts of the autonomic ner-
vous system (ANS), which is the system generally involved in regulation of bodily
functions that are not consciously controlled, e.g., digestion, blood pressure, and
heart rate [14]. The other two parts of the ANS are the parasympathetic nervous
system (PNS) and the enteric nervous system (ENS). The ENS is somewhat inde-
pendent and is mainly involved in managing gastrointestinal behavior. While the
SNS and PNS together cooperate to maintain the balance between action and rest
in the body. These systems are constantly modulating bodily functions in response
to both external stimulus (e.g., a bright flash or a sharp sound) and internal stimu-
lus (e.g., a stimulus originating from inside the body) [15], [14]. It is the triggering
of SNS that enables responses to stressors. This can be an adjustment to heat as
the body triggers sweat glands to produce sweat, or a reflex response to a sudden
stimulus, increasing the heart rate and blood flow to skeletal muscles [14]. For this
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reason, an activation of the SNS is usually known as the "fight-or-flight" response.
The opposite is said for PNS, which is related to the "rest-and-digest" response that
regulates the body in relaxed situations. These two systems are often described as
opposites and it could be interpreted as a "push-and-pull" association, i.e., when
the activation of SNS lessens the PNS increases. This is true for some organs in
the body however many are just activated by one system. The constriction of most
blood vessels, for example, are only activated by SNS [15]. As mentioned, the SNS
is activated by stressors and this is necessary to regulate the body’s functions. How-
ever, if the SNS is engaged too much it can be dangerous as overactivity of the SNS
has been connected, among other things, to cardiac failure and hypertension [16].

To study sympathetic activations, it has become a standard to record nerve traffic in
order to measure responses to stimulus [15]. The muscle sympathetic nerve activity
(MSNA) is this type of response and can be measured with microneurography, which
is an invasive method for recording nerve traffic. The MSNA activates the smooth
muscles that act upon the blood vessels and triggers vasoconstriction. This constric-
tion modulates the blood flow and subsequently the blood pressure [17]. Individuals’
MSNA and blood-pressure response to stressful or arousing stimuli has, in a study
of healthy male subjects, been shown to be strongly correlated. The study showed
that there is also a significant variance between individuals with respect to both
responses, where 50 % of the subjects inhibited the MSNA activation (inhibitors)
resulting in lower blood pressure spikes while the other 50 % presented less MSNA
inhibition (non-inhibitors) which resulted in a prolonged blood pressure spike after
stimulus [6].

2.2 Neural Signals

The brain is the control center of the nervous system and hence the control center
of the human body as it is the organ that processes incoming signals, coordinates,
and sends out signals to the rest of the body. This complex organ, which consists
of signal transferring neurons and neuron supporting glial cells, has various divi-
sions with different functions and responsibilities for processing different kinds of
information [18]. The stimuli are sent to the brain for processing and signals are
subsequently sent from the brain to stimulate response actions, for example muscle
movements.

The activity of neurons can synchronize, and this synchronization of the neural
activity leads to rhythms, called neural oscillations. These neural oscillations varies
depending on the brain state and function [19]. The neural oscillations are usually
divided into different approximate frequency bands: delta (1 -4 Hz), theta (4 - 8 Hz),
alpha (8 - 12 Hz), beta (13 - 30 Hz) and gamma (> 30 Hz) [19], [20], [21]. There is a
hypothesis that neural oscillations, within the same frequency band, are associated
with different processing domains of the brain depending on the function [19]. For
example, theta oscillations are associated with working memory functions, whereas,
are beta oscillations are associated with, for instance, motor functions [21].

6



2. Theoretical Background

In a previous study, it was found that there is a correlation between the beta oscil-
lations, more specifically the beta rebound, in the Rolandic area of the brain and
the MSNA response [2]. In this case, the beta rebound refers to the signal increase
in beta power that occurs at the same time of stressful or arousal stimuli, which
are used for establishing MSNA profiles. The Rolandic area of the brain refers to
the area that includes the central sulcus (Rolandic fissure), motor cortex, and so-
matosensory cortex [1], seen in Figure 2.1. Beta oscillations of the brain can be
recorded with the non-invasive neuroimaging technique magnetoencephalography
(MEG), and have been seen as a potential non-invasive biomarker for the MSNA
response [2].
Central sulcus
Motor cortex

Somatosensory
cortex

Figure 2.1: Rolandic area of the brain. The Rolandic area, marked with dark blue,
comprises the central sulcus, motor cortex, and somatosensory cortex. Source: Image of
the brain is acquired from [22]. Modifications were made to highlight the Rolandic area of
the brain.

2.3 Magnetoencephalography

MEG is a non-invasive neuroimaging technique with both high temporal and spatial
resolution used to record and study brain activity. During neural activities, signals
are transmitted between neurons through action potentials, which are electrochem-
ical impulses giving rise to induced magnetic fields that MEG measures and records
with sensors outside the scalp [23]. Rather than the action potential, the main con-
tributor to the MEG recordings are the postsynaptic currents, which are the ion flow
induced within the neuron after the action potentials have passed a synapse [24].
The neuromagnetic signals are picked up by flux transformers and are coupled to
a measuring device, which is the sensing element. The changing magnetic field
from the brain, induce electric currents in the coil of the flux transformer enabling
coupling and measurements in the measuring device. These flux transformers have
different coil configurations to achieve different measurement properties. For exam-
ple magnometers, consisting of one single coil, measures orthogonal magnetic fields
and are more sensitive to external magnetic fields, whereas gradiometers, consisting
of two coils, are more insensitive to magnetic fields that are distant [23].
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The neuromagnetic signals from the brain, that are recorded by MEG, are on the
scale of femtotesla (107'° T), which are 7 - 8 orders of magnitude smaller compared
to the magnetic field of the earth [23], [24]. Nowadays, the standard technology
with sufficient sensitivity used to measure the weak magnetic fields of the brain is a
superconducting quantum interference device (SQUID) [24], which is the measuring
device coupled with the flux transformers. SQUID functions at very low tempera-
tures, below 10 K [2]. In order to keep the low temperature, the SQUIDs are stored
in a thermal insulated dewar filled with liquid helium. For MEG measurement,
around 300 SQUID channels in liquid helium are arranged in a helmet to cover the
entire head [24]. The set-up that was used to acquire the MEG data used in this
master’s thesis consisted of 306 SQUID channels, 102 being magnetometers and 204
being planar gradiometers [2]. Each sampling location in the helmet consisted of
1 magnetometer and 2 gradiometers, resulting in 102 locations with sensors in the
helmet. Compared to the surrounding magnetic fields such as the magnetic fields
due to cardiac activity or external electric equipment, the induced magnetic fields of
the brain are much weaker, which means that surrounding magnetic fields can cause
significant interference to the measurements. In addition to the coil configuration of
the flux transformers, MEG measurements are usually carried out in a magnetically
shielded room to further reduce external magnetic disturbances [2], [23], [24].

2.4 Frequency Filtering

Frequency filtering is usually implemented to isolate signals of interest or improve
the quality of the data by reducing noise, but often for both reasons. It is an oper-
ation that removes or reduces features from a signal that correspond to a specified
frequency or frequency band of the signal, which is determined by cut-off frequen-
cies [25], [26]. Depending on how the filter is designed the filter can have different
properties. The most common filter types are: high-pass, low-pass, band-pass, and
band-stop filter. They are all defined by which frequencies they pass though and
which they attenuate, e.g., low-pass filter attenuates high frequencies while allowing
low frequencies to pass, band-pass filter only passes a specific band of frequencies
[26]. The filter type is also described by the filter’s impulse response, which can be
either a finite impulse response (FIR) or a infinite impulse response (IIR). FIR is
usually more stable and can have a linear phase, which means that the relationship
in time can be preserved since this filter does not produce a phase distortion. The
FIR filter is more computationally heavy though. IIR on the other hand is more
memory efficient and utilized when linear phase is not as important, this filter type
is however less stable [25]. A filter is usually complimented by a windowing function
as this limits the passband and stopband ripple, which are amplitude fluctuations
of the signal in the corresponding band [25], [26].

2.5 Neural Networks

Artificial neural networks (ANNs) are inspired by how the biological neural networks
work. Depending on the connections or weights between the, so called, neurons in
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2. Theoretical Background

the network, ANNs can have different architectures. Each architecture has different
properties and are therefore suited for different tasks of learning. A feedforward
network is one type of ANN architecture. In this type of network, the information
is only moving in one direction, which is forward from the input layer, through the
hidden layer(s), to the output layer [27], [28]. These kinds of ANNs are nonlin-
ear function approximators and they have the ability of mapping input and output
nonlinearly. One example of a feedforward ANN is a multilayer perceptron (MLP),
which is a high dimensional function approximator [29], [28]. As the name indicates,
a MLP network contains one or several hidden layers, and the information is pro-
cessed in a forward manner. A general architecture of a MLP network can be seen
in Figure 2.2. MLP networks are used for nonlinear function approximations and
nonlinear classification tasks. In image processing, MLP has also been applied for
problems including optical character recognition and medical diagnosis [29].

Input Layer Hidden Layer(s) Output Layer

W " 7Y

Input;

—_—

) ™ / Output,
_ §, XX //‘ . utpu
nput,

@< - gv

Output,

Input,
—_—

W e §'

Figure 2.2: General architecture of a MLP network.

Another type of ANN is a feedback network, which is a feedforward network but with
the additional capability of feeding the output information of the layers back into the
model, creating a loop that enables a memory function in the network [27], [28]. One
type of such a network is the long short-term memory (LSTM) network, which is a
gated recurrent neural network. It consist of gated internal recurrence (self-loops),
which is recurrence to the "LSTM cell", and outer recurrence to the LSTM network.
They are suited for processing sequential data, that is data appearing in a sequential
order, such as speech or time series [28]. A general architecture of a LSTM network
can be seen in Figure 2.3, where I is the input and O is the output for the LSTM cell.
The subscript ¢ represents the time step where the input and output are vectors for
the corresponding time step. The cell incorporates the memory function of the layer.
LSTM networks are used in many applications including, speech and unconstrained
handwriting recognition, machine translation, parsing, and image captioning. It
has been shown that LSTM networks can learn long-term dependencies more easily
compared to simpler recurrent neural networks [28].
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Figure 2.3: General architecture of a LSTM network.

Having a neural network with more than one hidden layer results in a deep neural
network and deep learning. With this, the information is processed through the
hidden layers which enables self-learning of the network [28]. In deep learning the
goal is often to classify data, such as an image or a signal, by predicting the correct
label or name to a given input. Two types of these classification problems are binary
classification and multiclass classification. In binary classification, the predicted
label is either true or false, i.e., there are only two cases that the input can be
classified as. In multiclass classification the predicted label can be classified as one
of multiple classes [30]. Classification accuracy is often the metric used to measure
the performance of the neural networks’ predictions. The accuracy is simply the
amount of correctly predicted labels divided by the total number of predictions
made [28], [30].

2.5.1 Interpretability and Explainable AI

ANNSs, and deep learning methods in general, are attractive for problem solving and
data analysis since they have a unique way of learning relationships and patterns
in the data that the networks are presented with [28]. They are not bound to
any pre-existing rules of what the data should look like, but the networks can still
find complex connections in data. However, this way of learning and the increased
complexity of neural networks that are broadly used today can make the results
somewhat difficult to interpret or explain due to the inherent black box nature of
the networks. The need for more explainable models have hence emerged and the
term explainable Al is often used to encompass many efforts to make networks more
transparent or explainable [9]. One way to do this is to "open' pre-trained black
box models and evaluate how they learn, by estimating the parameters that the
network is learning or by computing feature importance for the network [9], [31].
Another is to remove or mask off parts of the data set, or otherwise change the
data set, to force the network to learn from another feature and analyze how this
have affected the performance, which also gives information of what the network is
learning [31]. However, when creating more interpretable models there is usually a
trade-off between interpretability and accuracy [9].
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Methods

To achieve the objectives and ultimately the aim of this master’s thesis, different
methods were executed. Firstly, the acquired MEG data was further processed by
filtering the data and then fed to the neural networks to examine how the classifi-
cation accuracy of the developed neural networks would be affected. Furthermore,
multiclass classification with different group divisions was also explored to see if
improvements could be made to this kind of classification. To analyze the effect
of the filtering, the filtered MEG data was used for both binary classification and
multiclass classification. All code for filtering and classification was implemented in
Python 3.7. The package MNE-python [32] was used for the preprocessing, analysis
and visualization of the MEG data.

3.1 Data Background

MEG data was acquired from MedTech West and had followed MEG processing
methods to reduce noise and remove artifacts such as head position indicator (HPI)
coils, signal space separation (SSS) and independent component analysis (ICA).
Additional artifact removal methods such as active shielding and Maxfilter software
were also utilized [2]. As a part of this process, the data was filtered between
0.5 Hz and 40 Hz. The data was recorded from 19 subjects, 10 non-inhibitors and
9 inhibitors. As mentioned in Section 1.1, the provided MEG data had already
been split into time segments around the stimulus, these time segment are known
as epochs. The epochs spanned from -2000 ms to 2000 ms with the stimulus trigger
at t = 0. The stimulus was an electrical pulse administrated to the index finger and
was delivered three consecutive times, forming a pulse train. The pulses of the train
are denoted as pulse 1 (pl), pulse 2 (p2), and pulse 3 (p3). Each subject received
72 pulse trains with 30 - 60 s intervals between each train.

Furthermore, the data was also spatially divided based on the correlation between
the beta rebound in the Rolandic area and the MSNA response [2]. Thus, the
sensors, and by this the sensor data, of the MEG helmet were divided into three
groups called All, Decent and Peak. This was to make it possible to focus on
the sensors that are likely to pick up the activations that have been shown to be
correlated with MSNA. Peak is the group of sensors closest to the Rolandic area of
the brain and therefore most likely to pick up the activations. The Peak set contains
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the fewest number of sensors. Decent is the groups of sensors that covers a larger
area around the Rolandic area and incorporates the Peak sensors. All denotes the
group where all 306 sensors of the MEG helmet are included.

3.2 Filtering over Frequency Domain

To get a more concentrated window over the signal of interest, i.e., the beta oscilla-
tions, the epoched data was filtered over the frequency domain with a FIR band-pass
filter with filter boundaries at 12 - 30 Hz. Beta oscillations are not strictly between
13 - 30 Hz in every source, hence a lower boundary at 12 Hz was chosen. The band-
pass filter was generated and applied with the function mne.filter from the MNE
package. The default filter parameters were considered appropriate for the filtration,
thus the filter used was a non-causal, one-pass, zero-phase band-pass filter and the
window function was a Hamming window with 0.0194 passband ripple and 53 dB
stopband attenuation. The filter length was 1101 samples. To confirm that the
filtering of the epoched data had been successful, the MNE function mne.plot_psd
was used to plot the power spectral density of the signal to visualize and inspect
the frequency content of the signal after filtration. The data filtered in this way will
henceforth be called filtered data, whereas the data only having the previous pre-
processing, including filtration between 0.5 Hz and 40 Hz, will be called unfiltered
data.

3.3 Data Structure

The data structure is constructed in the same manner as Bakidou and Nord Odhner
and will thus be explained briefly. After filtration, the MEG data was cropped
to only contain data from -100 ms to 1500 ms. To examine different aspects of
the neural networks, categories were constructed with different data included. The
previous master’s thesis created five categories, A, B, A, B, and X. However, in
this thesis multiclass classification was examined further. Therefore, we added two
more multiclass categories, X3 and X/. Moreover, category X was renamed X719
in this thesis to reflect the 19 classes. Category A and B were used for binary
classification (i.e., inhibitor vs. non-inhibitor) and both categories had the same
test set consisting of data from one inhibitor, being subject 0283 with a MSNA
inhibition value of 58.64 %, and data from one non-inhibitor, being subject 0179
with a MSNA inhibition value of 7.9 %. These subjects were randomly selected
to be in the test set. The difference between category A and B is the inclusion
of a borderline case in category B. As described in the previous master’s thesis,
subject 0293, with MSNA inhibition value of 30.01 %, is considered a borderline
case because the threshold between inhibitor and non-inhibitor is at 30.0 % [1].
From the results of the previous master’s thesis the borderline case did not seem
to impact the training to any significant extent but it was decided that we would
keep all five categories to investigate if the borderline case had any effect on the
training after filtering. Furthermore, category A and B were also used for binary
classification but had the extreme cases as test set instead, which is data from the
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subjects having the lowest and highest MSNA inhibition values. Therefore, the test
set for category A and B consisted of subject 0301 (non-inhibitor) with -132.47 %
MSNA inhibition value and subject 0158 (inhibitor) with 83.74 % MSNA inhibition
value. Like category A and B, the borderline case was included in B and not
in A. The last three categories created were category X19, X3 and X4. These
categories were created for the purpose of multiclass classification. Category X19
was constructed for classification on individual level, i.e., with 19 classes, whereas
category X3 consisted of 3 classes and category X/ of 4 classes. Each set for the
multiclass categories, training, validation and test, contained a percentage of data
from all subjects including the borderline case. The test set for these categories
consisted of 10 % of available epochs from all subjects. A summary of the content
and purpose of the categories are presented in Table 3.1.

Table 3.1: Summary of all categories. The table presents the test set for each category
and what classification the categories will be trained for as well as if the borderline case is
included. Source: Adapted with permission from [1].

Category Borderline case Test case
inclusion
Binary A No Random
classification (IDs 0179, 0283)
B Yes Random
(IDs 0179, 0283)
A No Extreme
(IDs 0301, 0158)
B Yes Extreme
(IDs 0301, 0158)
Multiclass X19 Yes 10 % of
classification available epochs
X3 Yes 10 % of
available epochs
X/ Yes 10 % of

available epochs

For each category, three data packages were created for the different sensor groups,
one data package for All sensors, one data package for Decent sensors, and one data
package for Peak sensors. Furthermore, each package of the MEG data was sorted
into the 3 different pulses, pl, p2, and p3, representing the arousal stimuli in the
pulse train given at the experiment. This results in 3 divisions of each package with
the three pulses, each containing their own training, validation and test sets.

3.4 Multiclass Classification

Multiclass classification can give different insights into the data compared to a bi-
nary classification. In fact, the developed neural networks have shown promise in
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the previous master’s thesis for classification at individual level, however the result
implicated that it was not the MSNA response that the networks were learning.
Considering this, together with the idea that the MSNA inhibition value is be-
lieved to be approximately normally distributed, it invited the idea to examine if
the learning and accuracies can be improved with different divisions of data than
category X19, while also investigating the effects of filtering. The divisions, that will
be described in detail below, were distributed as evenly as possible but due to the
number of subjects being prime, there did not exist a division that would have an
equal number of subjects in each class. This created a small bias for the classes that
contained extra subjects but was deemed to not affect the outcome greatly. The
multiclass categories were trained with both the filtered and unfiltered data. By
having one unfiltered set and one filtered set of data, the approach with multiclass
classification could be evaluated as well as the effect of filtration in the frequency
domain. To aid the interpretation of the results within and between the different
group divisions, chance level for each case, indicating the level in which the network
is classifying at random, was also considered. The chance level was calculated with
this following equation:

1
h level = 3.1
chanceteve number of classes (3.1)

The chance level was thus, 50 % for two classes, 33 % for three classes, 25 % for
four classes and 5.3 % for 19 classes.

3.4.1 Group Division

Two main elements were considered when grouping of the subjects was performed.
Firstly, the classes were not allowed to be too small, i.e., contain too few subjects. If
the classes where too small the network might just learn the individual activations
instead of the general signal that could be used to predict the inhibition type. The
division possibilities were limited due to the number of subjects in the study. Sec-
ondly, the MSNA value is believed to be approximately normally distributed across
the population which means that it is believed that most of the population have a
MSNA value in the range around 30 %, which is the threshold of being an inhibitor
and non-inhibitor. The subjects were arranged in an ascending order according to
their MSNA inhibition value. After arranging the subjects, they were divided into
different classes depending on their MSNA value, meaning that neighboring subjects
belonged to the same class. Divisions of the 19 subjects into groups with 3 and 4
classes were explored and a summary of the groupings are presented in Figure 3.1.
Groupings with 5 or 6 classes were also considered but deemed unnecessary once
early result from the first divisions were evaluated.

The first grouping, category X3, was done over all subjects, not considering the
inhibitor and non-inhibitor threshold at 30 %. With the aforementioned criteria in
mind, a division with 3 classes, being high, medium and low risk, was considered
suitable in this case. This grouping is visualized in Figure 3.1(a). The high risk class
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Figure 3.1: Group division of the 19 subjects for multiclass classification, arranged in
ascending MSNA inhibition value. Subjects being non-inhibitors are represented by the pink
items, whereas subjects being inhibitors are represented by blue items. The dashed lines
distinguish the classes. (a) Shows the group division where the subjects are divided into 3
classes, high risk, medium risk, and low risk, containing 6, 7, and 6 subjects, respectively.
The inhibition threshold at 30 % was not considered in this grouping. (b) Shows the
group division where the subjects were divided into inhibitors and non-inhibitors and into
4 classes, high risk, medium-high risk, medium-low risk, and low risk, containing 5, 5, 5,
and 4 subjects respectively.

and the low risk class consisted of 6 subjects each with subjects having a MSNA
value of 48.2 % and higher, and a MSNA value of 9.4 % and lower respectively,
whereas the medium risk class consisted of 7 subjects with MSNA values between
11.4 - 44.5 %. The medium risk class consisted of 7 subjects to reflect the idea that
the MSNA value is normally distributed. With this division, the medium risk class
would have both non-inhibitors and inhibitors which might seem counter-intuitive
when one of the goals is to classify these two groups. The reason for why this
grouping approach was considered acceptable was because the classification results
could still be usable in clinical applications. Because it is more important to be able
to classify the subjects that have high risk of developing hypertension (strong non-
inhibitors) than to strictly classifying individuals as inhibitors and non-inhibitors.
This means that this division with 3 classes would focus more on the two side groups,
high risk and low risk, and therefore classify people who are extreme cases, which
could be the results that matter in the clinical setting as mentioned above.
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The second grouping, category X4, contained 4 classes, high, medium-high, medium-
low and low risk. This grouping is displayed in Figure 3.1(b). In this case the
inhibitor and non-inhibitor threshold at 30 % was considered, meaning that no class
in this division would contain both inhibitors and non-inhibitors. The idea with
this grouping was to investigate the effect of dividing the subjects into more groups,
having values closer to each other, and to have inhibitors and non-inhibitors in
separate groups, which explains the consideration of the inhibitor and non-inhibitor
threshold at 30 %. Furthermore, after having two classes (binary classification) and
three classes (Category X3), four classes were naturally the next class division to
examine without potentially having too few subjects in each class. To minimize
bias in the data, the classes were divided as evenly as possible, with the number of
subjects in each group nearly the same. To summarize, the subjects were divided
into 4 classes; two classes, high and medium-high risk, being non-inhibitors and two
classes, medium-low and low risk, being inhibitors. One inhibitor class, high risk,
contained 4 subjects with MSNA inhibition value at 58.6 % and above while the
other three classes contained 5 subjects each with a MSNA value of 53.9 % and
below.
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Results

Filtering the MEG data in the frequency domain had a major role in this thesis since
subsequent analysis was dependent on the MEG data being filtered. For that reason,
it was important to ensure that the MEG data had been filtered properly by visu-
alizing and studying the data after filtration. Binary and multiclass classification
were then performed on the filtered data and the unfiltered data with the developed
LSTM and MLP networks. The results from the LSTM and MLP networks are
presented in figures in this section. The accuracies for training, validation, and test,
are presented for each pulse, pl, p2, and p3, in the pulse train, for All, Decent, and
Peak sensors. Furthermore, the results for the filtered data were plotted together
with the results from the original! unfiltered data in a bar chart to make the com-
parison more clear. For all bar charts in this section, the results from the unfiltered
data have darker bars whereas the results from the filtered data have lighter bars
with black frames and have displayed accuracies on the bars. When viewing the bar
charts, if the lighter bar with the black frame is visible, it means that the filtered
data got higher values. When interpreting the results of the networks, greater em-
phasis was put on the test accuracy as this accuracy is more important compared
to the training and validation accuracy. Furthermore, in binary classification, a
comparison of the resulting accuracies was made between the filtered data and the
unfiltered data. In multiclass classification, an additional comparison of the results
from the unfiltered data was made between the different group divisions.

4.1 Filtering

The MEG data was visualized in the frequency domain to confirm the filtration. To
inspect the frequency content, the power spectral density of the MEG sensors was
analyzed. The power spectral density from the magnetometers in the sensors for
subject 0284 are presented in Figure 4.1. Comparing the power spectral density of
the unfiltered data, shown in Figure 4.1(a), and the filtered data, shown in Figure
4.1(b), it can be seen that the MEG signal has been successfully filtered as the
signal now mainly contains information in the frequency range of 12 - 30 Hz which
represent the beta oscillations of interest.

!Original here meaning the recreated results from the previous master’s thesis [1].
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Figure 4.1: Power spectral density of the recorded MEG data for the magnetometers for
subject 0284. The small image on the right corner displays the locations of the MEG sen-
sors in relation to the head. The dashed lines indicate the boundaries of the applied filters.
(a) Frequency content for the unfiltered data. (b) Frequency content for the filtered data.

4.2 Binary Classification

Starting with the results for the LSTM network, the combined bar charts of the re-
sults for the LSTM network with category A and B are presented in Figure 4.2. The
filtered result got better classification results, i.e., higher test accuracy, for both cat-
egory A and B. An important note is that the validation accuracy went down while
the test accuracy went up for the filtered data. This means that the filtration has
definitively made an impact and has made a change in what the network is learning
form these categories. Even though the test accuracies have clearly improved with
the filtered data, the results are still and not applicable in clinical settings. There
is no set criterion for approval in the clinical setting but the test accuracy should
be above 90 % [33]. The difference between the categories is the inclusion of the
borderline case in category B. In accordance with the previous master’s thesis, the
inclusion of the borderline case did not seem to affect the accuracies differently in
category A and B for the filtered data as the results from both categories had similar
trends of increase and decrease of accuracy rate.
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Figure 4.2: Training, validation and test accuracies for the LSTM network, both un-
filtered (dark bars) and filtered (light bars) accuracies. The labeled percentages always
represent the filtered data. Category A and B have the same test set (random) but border-
line case is excluded for A. (a) Shows the results for category A and (b) shows the results
for category B.

The results for the filtered data for category A and B for the LSTM network showed
that all accuracies, training, validation, and test, were lowered compared to the un-
filtered data. The resulting accuracies for category A and B for the LSTM network
are presented in Figure 4.3. Remember that these categories have the extreme cases
as the test set, i.e., subjects that have the largest negative and positive MSNA
inhibition values. One interpretation of the results is therefore that it is more chal-
lenging for the network to predict these extreme cases after filtration, having values
deviating from the other MSNA inhibition values, when the network was trained on
filtered values around the inhibitor threshold at 30 %. This mostly applies to sub-
ject 0301 with MSNA inhibition value -132.47 % since this subject is an outlier with
a much lower value compared to their closest neighbor, subject 0295 with -21.3 %
MSNA inhibition value.
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LSTM Accuracies for Category A
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Figure 4.3: Training, validation and test accuracies for the LSTM network, both un-
filtered (dark bars) and filtered (light bars) accuracies. The labeled percentages always
represent the filtered data. Category A and B have the same test set (extreme) but border-
line case is excluded for A. (a) Shows the results for category A and (b) shows the results
for category B.

In the case of the MLP network, the results for category A and B showed a similar
trend as the LSTM network, a decrease in validation accuracies and an increase in
test accuracies. These results are shown in Figure 4.4. Like the results from the
LSTM network, the filtering of the data made the gap between validation and test
accuracies smaller. However, the gap is still larger for the MLP network compared
to the LSTM network. The smaller gap between validation and test accuracies after
filtration still indicates an improvement of classification because this could mean
that the network has learned a more general characteristic of the data.

20



4. Results

MLP Accuracies for Category A
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Figure 4.4: Training, validation and test accuracies for the MLP network, both unfiltered
(dark bars) and filtered (light bars) accuracies. The labeled percentages always represent
the filtered data. Category A and B have the same test set (random) but borderline case
is excluded for A. (a) Shows the results for category A and (b) shows the results for
category B.

Category A and B for the MLP network showed no real difference in results com-
pared to the same categories in the LSTM network, where all accuracies were lower
after filtration of the data. Figure 4.5 shows the results for A and B for the MLP
network. The same interpretation as in the case of the LSTM network can be used
for this case as well, that after filtration it may be more difficult for the network to
classify a subject with an extreme value of MSNA when the network was trained on
individuals that had MSNA values closer to each other.
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MLP Accuracies for Category A
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Figure 4.5: Training, validation and test accuracies for the MLP network, both unfiltered
(dark bars) and filtered (light bars) accuracies. The labeled percentages always represent
the filtered data. Category A and B have the same test set (extreme) but borderline case

is excluded for A. (a) Shows the results for category A and (b) shows the results for
category B.

4.3 Multiclass Classification

The results for the multiclass classification are presented in the same way as the bi-
nary classification with the addition of a dashed line indicating the threshold for the
calculated chance level. If the accuracy lands below this level that means the net-
work has worse performance than random classification for that number of classes.
The chance level is important to consider in the case of multiclass classification since
the results from the unfiltered data are compared between categories. The chance
level was not highlighted for the binary classification since the focus was on com-
paring the unfiltered and filtered results. Whereas in the multiclass classification, it
is of more interest as a reference point when comparing the different group divisions
in order to evaluate the performance of the networks for the different groupings

22



4. Results

of the data.

The first step with multiclass classification was to apply the filtered data to category
X that had 19 classes, i.e., one class for each subject. The results from X179 showed
that all accuracies of the filtered data decreased compared to the unfiltered data,
both for MLLP and LSTM. The largest decrease was for MLLP and it decreased with
as much as 18.5 percentage points for All sensors. Accuracies for category X19 for
both networks are presented in Figure 4.6. The accuracies were low for the LSTM
network, but they were still significantly higher than the chance level at 5.3 %, which
indicate that the network is not randomly classifying the filtered data.

LSTM Accuracies for Category X with 19 classes
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MLP Accuracies for Category X with 19 classes

Accuracy [%]

Pulse 1 Pulse 2 Pulse 3 Pulse 1 Pulse 2 Pulse 3 Pulse 1 Pulse 2 Pulse 3

All Decent Peak
BN Training Validation BEm Test [0 Training Filtered [ validation Filtered [ Test Filtered

Figure 4.6: Classification results for category X with 19 classes (individual level classifi-
cation). The chance level at 5.3 % is marked by the dashed line and the labeled percentages
always represent the filtered data. (a) LSTM accuracies for the unfiltered (dark bars) and
filtered (light bars) data sets. (b) MLP accuracies for the unfiltered and filtered data sets.

Next, was category X3. The results for the filtered data and the unfiltered data for
both networks are displayed in Figure 4.7. The networks showed different classifi-
cation results for this division of category X. For LSTM, on the filtered data, the
accuracies were noticeably lower for all pulses when looking at All sensors. How-
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ever, when looking at the Decent and Peak sensors, the accuracies were only lowered
by a small amount for the Decent sensors and the accuracies for the Peak sensors
increased instead. The increase was not significant, however it is a positive sign
that it is the Peak sensors that has shown an increase, since those sensors should
have picked up the strongest activations related to MSNA. This indicates that the
division into three classes coupled with the filtration could enable the network to
better classify the more general data. In the case of the MLP network, all accuracies
decreased when the data was filtered but not as much compared to X19.

LSTM Accuracies for Category X with 3 classes
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Figure 4.7: Classification results for category X with 3 classes (3-class classification with
inhibition-threshold disregarded). The chance level at 33.3 % is marked by the dashed line
and the labeled percentages always represent the filtered data. (a) LSTM accuracies for
the unfiltered (dark bars) and filtered (light bars) data sets. (b) MLP accuracies for the
unfiltered and filtered data sets.

Category X4 was the last multiclass classification that was tested for this project,
since splitting the data into more classes would most likely result in too few subjects
in each class. Like the results from category X19, all the classification results for
category X4 had a decrease in validation and test accuracies when the data was
filtered, see Figure 4.8. Also, note that the filtration accuracies for X/ are at similar
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levels as for X3 but the chance level is slightly lower for this category, because X/
contains more classes. This could influence what the accuracies are representing.

LSTM Accuracies for Category X with 4 classes
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Figure 4.8: Classification results for category X with 4 classes (4-class classification with
inhibition-threshold taken into account). The chance level at 25 % is marked by the dashed
line and the labeled percentages always represent the filtered data. (a) LSTM accuracies
for the unfiltered (dark bars) and filtered (light bars) data sets. (b) MLP accuracies for
the unfiltered and filtered data sets.

At this point, when all X categories had been tested, the results from the unfiltered
data can be compared between the categories to evaluate the effect on the training
and classification of the network when dividing the unfiltered data into different
classes. When the X categories are plotted, an increase between the categories can
be seen in validation and test accuracies for the LSTM network, see Figures 4.6(a),
4.7(a) and 4.8(a). The increase of accuracies in the different divisions could imply
that the multiclass classification has improved results. However, with fewer classes,
the chance level increases and therefore the network has a higher probability of
randomly getting a correct prediction. Indeed, when taking the chance level into
consideration, it could be argued that category X3 is the weakest division with the
lowest accuracy since the chance level for category X3 is the highest at 33 % and
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category X3 and X/ acquired similar results. The MLP network remains around 80
% for every sensor group and group divisions with only slight deviations, see Figures
4.6(b), 4.7(b) and 4.8(b). These accuracies for MLP might make it seem that the
network is unchanged when divided into different categories but keep in mind that
the chance level changes here as well.
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Discussion

In this thesis, the already preprocessed and epoched MEG data was further filtered
to contain data in the range of 12 - 30 Hz. By doing so, ringing artifacts, which
are ripples of artifacts at sharp transitions or discontinuity in a signal, could have
been introduced to the MEG data at the edges, due to the sharp properties of the
band-pass filter. These ringing artifacts can have had an impact on the training
of the networks. Because it could be that the network sees the artifacts as a part
of the signal. Therefore, it cannot be excluded that the networks could have been
influenced by the artifacts, but likely not to the extent that it has overshadowed
the other properties in the signal. Due to the sharp feature of the band-pass filter,
it is not possible to get rid of ringing artifacts completely. However, it is possible
to reduce the amount of ringing artifacts obtained by filtering the raw MEG data
before extracting the epochs but handling the raw MEG data was outside the scope
of this thesis.

Filtering over the epochs results in the MEG data having information over fewer
frequencies, mainly in the range of the beta oscillations. Subsequently, this has had
an impact on the training of the networks. The combination of the fact that it is
not known which exact signals of the MEG data are associated with MSNA, and
that it is not completely known what information is being removed or suppressed by
filtration, has therefore led to various interpretations of the obtained results for both
binary and multiclass classification. Indeed, when filtering, information is being
removed or suppressed. This removed information could be the information the
network learned from prior to the filtration such as the individual brain activation
oscillations or measurement specific noise. There is also the possibility that there
exists MSNA-related characteristics outside the beta band in the lower or higher
frequencies. Furthermore, it could also be that what is left of the filtered signal might
not have been enough for the network to learn a general pattern for classification,
which could also implicate a limitation for actually learning the brain signals that
are coupled to MSNA inhibition.

5.1 Binary Classification

For all results, including results from the multiclass classification, it was clear that
the filtration generally produced accuracies that were lower than the unfiltered coun-
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terpart results. We have mentioned reasons as to why this could be the case and
one explanation for the results is that some aspect of the signal that was suppressed
or removed had been contributing to the learning before filtration. Since most ac-
curacies, except test accuracies for category A and B, show a drop it is likely that
information has been lost. This, however, does not implicate that this information
was the correct one to learn, only that it made it easier for the network to make a
distinction between classes. What that information was is hard to assess, it could
possibly be measurement specific noise or some individuality in the brain oscillations.
We also speculated, based on the results, that there could be some characteristic of
the MSNA signal that is also present in the lower or higher frequencies. Through
filtration we wanted to focus on the beta oscillations since these had been correlated
with MSNA. Therefore, the results could indicate that MSNA is not just active in
the beta band and that this is the information that was removed after filtration.

The idea with the filtration was that it would remove a notable part of the indi-
viduality of the brain activation recordings and leave behind a more general MSNA
characteristics, restricting the network to learn from this instead. Recall then, that
the networks trained on data sets with the random test set, category A and B,
showed a resulting smaller gap between validation and test accuracies, indicating an
improved classification. However, the opposite result was observed for the test ac-
curacies for category A and B where the test set was the extreme cases. The filtered
test accuracies decreased for these categories which indicate that it was more diffi-
cult to classify the extreme cases when the data had been trained on filtered data.
These results could indicate that when the data is filtered around the beta oscilla-
tions, the MSNA inhibition response is more pronounced. Thus the networks had
an easier time of classifying the individuals that have MSNA inhibition values closer
to each other, like for category A and B where the test set was random. When the
test set contained extreme cases, the network had a more difficult time classifying
them, since the network was trained on individuals further from their values.

Also another interpretation of the results is that the filtration succeeded in con-
centrating the area for the MSNA response but the filtered data might not contain
enough information or contained too few general similarities between all individuals
for the network to learn on the binary level with the data available. If there would
have been more variations in the data, i.e., more subjects included, it might have
helped the network to learn the subtle pattern in the beta band after filtration.

5.2 Multiclass Classification

During the approach of multiclass classification, the first result that was noted was
the filtration results of X19. There, all accuracies decrease and quite substantially
as well. Expectations for X719 in this approach, was that a large decrease would be
observed. This was due to the view that the filtration would isolate the brain signals
coupled with MSNA, which were believed to be less similar between individuals.
Therefore, if there was a more general MSNA characteristic left in the data, then this
decrease would make sense since category X719 focuses on classifying the individual.
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Another note is that the Peak sensors have the smallest decrease, which indicates
that it is the MSNA response that the network is picking up. This is because the
Peak sensor set should pick up the strongest activations for the MSNA response
since they are the sensors closest to the Rolandic area.

With that said, the filtered results for category X3 and X/ were anticipated to
improve compared to the unfiltered accuracies since those divisions should have
better recognized the more general patterns left after filtering, as the divisions were
meant to represent high- and low risk groups. The results did not entirely reflect
this anticipation however and the only increase observed in test accuracy was for X3
Peak sensors, see Figure 4.7(a). The fact that it was the Peak sensors that increased
is nevertheless a positive sign. Moreover, filtration did seem to affect X3 more
positively overall compared to X/, which could be due to the notion that MSNA is
normally distributed and the division of X% took that into consideration. Remember
that X& had the class, medium risk, containing both inhibitors and non-inhibitors to
reflect the normal distribution, whereas X/ have classes where inhibitors and non-
inhibitors are distinctly divided. This difference between the classes could explain
why filtration affected the categories differently. When filtering the MEG data, it
could be that a more general MSNA characteristics had been captured, as discussed
above. Therefore, in addition to the normal distribution of MSNA, X8 with the
property of normal distribution, was less negatively affected by filtration, and even
an increase for the Peak sensors, which have captured the stronger signal, could be
seen. Regardless, it appears as if the approach of pure-frequency filtering does not
produce the desired effect.

In addition to investigating the effect of filtration, X8 and X/ were constructed for
the purpose of exploring the multiclass classification. Improvements were made but
not considerably and the question of what the networks have learned still remains.
Since the test set consisted of 10 % of data of each subject, it could be that the net-
works have learned the individual MEG data instead of the wanted MSNA-features
and thus is able to classify on an individual level even if the subjects now are divided
into different classes. This idea can potentially be reflected in the MLP results for
the unfiltered X categories. As the subjects were divided into 3 and 4 classes the
results were still quite similar or had only slight improvements. On the other hand,
the results of the LSTM network showed changing accuracies for the different cat-
egories, suggesting that the network might have learned something common within
the classes. This is because, when having the network classifying different classes
instead of individuals the classification accuracy increased with increasing chance
level. Once again, we come back to the question of whether there are a sufficient
number of subjects for this type of classification. It could be that the number of
subjects in each class was insufficient or that the variety of the data was not enough
for the network to learn the common pattern for the concerning class.
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5.3 Future Work

The multiclass classification executed in this thesis had 10 % of data from all avail-
able epochs as the test set. This was to match and build upon the execution process
of the previous master’s thesis. Another way to test the multiclass classification
is to have one subject from each class as test data instead of having a fraction of
data from all subjects. This approach would give additional information about the
multiclass classification and what the networks are learning. Even so, the concern of
having too few subjects in each class is even greater for this approach. Nevertheless,
to continue in this direction with another approach of multiclass classification could
provide more information about the networks. Other approaches such as construct-
ing a confusion matrix or implementing leave-one-out cross-validation (LOOCYV)
could also be used to get more information about the networks and how they are
classifying the test set. To improve the classification however, it is more attractive to
investigate approaches using another conventional neuroimaging analysis, namely,
time-frequency analysis.

Pure frequency-based filtering and division into multiclasses did not yield the desired
results of an improved classification. The obtained classification results suggest that
the networks find it difficult to classify the MSNA response profile in the available
data. An idea emerged that it could be because the networks had difficulty in
detecting the frequency-based changes in power present in the MEG data before and
after frequency filtration. It was therefore decided to explore whether time-frequency
analysis could be implemented to transform the frequency-based changes in the
MEG data and overcome this challenge. Time-frequency analysis adds one more
dimension to the data which enables one to analyze the time and frequency content
of the data at the same time. Furthermore, time-frequency analysis also allows one
to analyze the data in one dimension, e.g., only taking one single frequency band or
by averaging the frequencies in the frequency domain. This investigation was started
in this thesis but did not reach the end-point of classification results, which is why
it is not presented in the main report. For details of the implemented approach see
Appendix A. The investigation resulted in a framework, based on ongoing research
at MedTech West, for how the MEG data could be presented as time-frequency
representations and by averaging over the frequencies in these representations the
data can be shaped into a format that can be fed into the developed ANNs. By
shifting the data into the time-frequency domain the oscillatory changes in amplitude
simply become changes in amplitude. Which is presumably easier to classify, both
for humans and machines.

The MEG data contains information in both time and frequency domain, which
explains the possibility of utilizing time-frequency analysis to present the data to
the neural networks in a different manner that may be easier to learn from. Cur-
rently utilized networks in this thesis analyze data vectors. One disadvantage of
the approach utilizing these ANNs on the MEG data is that only one domain can
be analyzed at a time and the information relative to the other domain is lost.
Thus, another approach worth exploring is the approach utilizing a convolutional
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neural network (CNN) for analyzing the time-frequency content of the MEG data,
in the form of images including both time and frequency domain of the data, see
Figure A.1 in Appendix A. Indeed, image classification is an advanced field of deep
learning where CNN is capable of analyzing data with more than one dimension,
specifically images, and exceeds in detecting features in the data. By translating the
time-frequency content of the MEG data into an image, such as a time-frequency
representation, all information of the MEG data will be preserved. A CNN can then
be used to analyze the data. Potentially a specific feature of the MEG data, corre-
lated to MSNA, could be found and an improved classification could be achieved.
Furthermore, this type of data would give a visual component to what the network is
learning from. A heatmap can be obtained to visualize what parts in the image the
network sees as important for prediction. How this can be obtained we refer to [34].
This approach using CNN would probably require more input data to achieve bet-
ter classification but even without more data it could be utilized in the aspect of
investigating what neural networks can learn from the MEG data.
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Conclusion

Pure frequency filtration of the MEG data around the beta oscillations did not im-
prove the classification accuracy considerably nor did changes in multiclass grouping.
With that said, the results did provide us with some insights that could put the solu-
tion closer to classify the risk of hypertension. Firstly, the resulting accuracies after
filtration indicate that the developed ANNs must have, at least partially, learned
from information in frequencies outside the beta band. This means that there could
be other frequencies in the data, apart from the beta rebound, that are correlated
with MSNA inhibition. Therefore, it could be worthwhile examining a larger range
of frequencies compared to the beta band. Secondly, the filtration approach, where
only the beta band was selected to train the network, did not improve the accura-
cies when it is known from previous studies that oscillations in the beta band are
correlated with MSNA inhibition. Another explanation for the filtered results is
therefore that the developed ANNs do not lend themselves well to learning the am-
plitude changes of the oscillatory signals in data recorded with MEG. This could be
tackled using time-frequency analysis, since it can transform the data into a format
that is potentially easier for the network to classify. Lastly, multiclass classification
has potential for classifying risk groups rather than individuals but results showed
that it is probably limited by the number of subjects available for the study. This
limitation also applies to the binary classification, thus indicating a need for an ex-
panded data set for classification with the developed ANNs. In conclusion, further
investigations are necessary in order to understand what the network is learning from
the MEG data and functional neuroimaging methods can be explored to improve
classification. The next promising step is to utilize time-frequency analysis.
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A

Time-frequency Analysis

Recorded data can be analyzed in time domain and/or frequency domain depending
on the content of the data and what information is desired from the data. When
analyzing data in one domain, the information in the data in the other domain
is not described which means that the information acquired may be inadequate
for subsequent analyzes or processes such as feature classification or recognition.
Thus, for data containing information in both time and frequency domain, e.g.,
MEG data, it would be more advantageous to utilize time-frequency analysis to
obtain a time-frequency representation of the data describing the time and frequency
contents simultaneously [35]. With time-frequency analysis, one can, among other
things, analyze the time-frequency content or single frequency bands. Different
methods such as Fourier analysis, utilizing tapers (single or multiple), or wavelet
analysis, utilizing wavelets, can be used to perform time-frequency analysis. The
time-frequency representation of the data is obtained with the help of a sliding time
window, with a window function of choice [36].

A.1 Framework

The approach of utilizing time-frequency analysis was based upon ongoing research
at MedTech West. The code for implementing time-frequency analysis was per-
formed in MATLAB and the open source package Fieldtrip [37] was used for the
actual transformation and visualization of the time-frequency representations. For
the time-frequency analysis the data set had a slightly different structure then in
the main report to include a baseline epoch for each pulse train. It was divided into
epochs and cropped from 0 ms (stimulus trigger) to 1500 ms and contained a base-
line, of the same length, that was used to normalize the data with baseline correction.
The baseline was taken pre-stimulus so that no arousal would be present in the base-
line. The separate pulses and the baseline were concatenated into a combined data
structure representing the pulse train with a baseline at the beginning. To create
the time-frequency representations a 7-cycle Hanning-tapered sliding window was
used, which means that the time window is dynamic and depends on the frequency.
There were always 7 cycles (periods) in each sliding window, i.e., higher frequencies
are going to have shorter time windows. The time-frequency representation is then
plotted for visualization. Figure A.1 present the time-frequency representation of
the MEG data from subject 0295, when an average is taken over all epochs. In
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the time-frequency representation, the power intensity, in the unit dB, of the neural
activity during the received stimuli is presented over both time (in the x-axis) and
frequency (in the y-axis). The Figure A.1, from left to right, represents the base-
line, pulse 1, pulse 2, and pulse 3. The pulses were described in the main report
and represent the response of the received stimuli. An interesting thing to note
is the expressed brain activity around the beta band in all pulses, which complies
with previous findings that beta oscillations are correlated to the MSNA inhibition
response.

Time-frequency representation, channel MEG0642
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Figure A.1: Time-frequency representation of the MEG data from subject 0295 for the
channel MEG0642. The time-frequency representation is an average over all epochs. The
activities from left to right describes the baseline, pulse 1, pulse 2, and pulse 3. The brain
activity is expressed in power intensity over time and frequency.

If the time-frequency representations would be used in the already developed neural
networks, then they need to be shaped into a format that the networks can handle.
Usually, time-frequency representation for the MEG data is produced by taking
average over all epochs for each pulse and MEG channel. This is to reduce noise in
the signal. However, for the purpose of having sufficient data to train the network,
a time-frequency representation was created for each pulse train and MEG channel
without taking the average over the epochs or MEG channels. Consequently, this
would mean that the data contains more noise, but the networks might still find
the pattern for MSNA inhibition. One of the conclusions drawn in this thesis was
that the neural networks may have it difficult to analyze data with power changes
in the frequency domain, thus, this complication was dealt with by averaging over
the frequencies, resulting in an average power over the frequencies. An example of
the averaged data, for subject 0295 and MEG channel MEG0642, is presented in
Figure A.2.
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Figure A.2: Average power over time. The frequency-based changes in power are aver-
aged resulting in one average value of the power in the frequency domain.

The next step, which this thesis did not implement due to lack of time, would be
to convert the data into the correct format from MATLAB to Python and inte-
grate the data with the already developed ANNs. Potentially the Python module

filedtrip2MNE could be used to accomplish the format transformation.
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