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Abstract

Background: Prognosis of comatose patients after cardiac arrest remains uncertain in +50%.
Combining data from different modalities can be used to enhance understanding of the comatose
brain and, in term, improve outcome prediction. In this study, we combine EEG and MRI to find
intermodal relationships and enhance understanding of the brain after cardiac arrest.

Methods: Continuous EEG of comatose patients after cardiac arrest was recorded during the first 3
days and visually classified as either continuous, discontinuous, epileptiform or synchronous burst-
suppression (BS). An MRI scan was made on day 3+1 after cardiac arrest and visually scored for
ischemic damage in 21 brain regions on DWI and T2 FLAIR. Prominence of cortical and deep medullary
veins and the number of microbleeds were scored on VenBold or SWI. MRI scores were related to the
EEG categories to assess intermodal relationships. Quantitative analysis of EEG dynamics at 24h was
performed using a model discovery algorithm called SINDy. The fit of the model, complexity of
equations, local equilibria, autocorrelation-, interaction- and bias fraction were assessed per EEG
category.

Results: We included 75 and 67 patients for visual and quantitative analysis, respectively. Patients
exhibiting epileptiform and synchronous BS patterns showed more abnormalities on DWI and T2 FLAIR
than patients with (dis)continuous patterns. Ischemic damage was most prominent in cortical grey
matter. Prominence of cortical and deep medullary veins was lower in patients with a synchronous BS
pattern compared to patients with a continuous pattern. Quantitative features of EEG dynamics did
not show significant differences between EEG categories.

Conclusion: EEG patterns are related to abnormalities on MRI. Patients exhibiting EEG patterns
associated with poor outcome have more abnormalities on DWI and T2 FLAIR than patients with EEG
patterns associated with good and undetermined outcome. Multimodal analysis of brain dynamics
with SINDy was not feasible using the current methodology.

Keywords: Coma, Encephalopathy, Hypoxia, Out of Hospital Cardiac Arrest, EEG, MRI, SINDy,
Multimodal Analysis



Chapter 1: Introduction

Out of hospital cardiac arrest (OHCA) is a major public health problem, affecting 27-91 per 100,000 of
the European population on a yearly basis [1]. OHCA often causes death and disability, with only 7-43%
of all patients being admitted to a hospital after successful resuscitation. Of these patients, 30-70%
never regain consciousness as a result of severe postanoxic encephalopathy (PAE) [2], [3], [4], [5], [6].
Reliable prediction of neurological outcome is challenging, especially in an early stage [7], [8]. Currently,
the European post-resuscitation guidelines recommend using a multimodal approach for neurological
outcome prediction, using clinical examination, electrophysiology, serum biomarkers and
neuroimaging [8]. This allows for reliable prognostication in about 50% of patients [3], [9]. For the
remaining 50% of patients, there is no reliable outcome prediction, leaving physicians and relatives in
a state of uncertainty regarding treatment continuation and recovery chances. Improved
understanding of the processes behind PAE may aid in future prognostication for these patients.
Furthermore, a better understanding of PAE might lead to improved treatment plans and a reduction
in costs associated with treatment.

Electroencephalography (EEG) is a widely established method for outcome prediction in comatose
patients after cardiac arrest [8], [10]. Patterns such as suppression, synchronous burst suppression (BS),
and Generalized Periodic Discharges (GPDs) on a suppressed background after 24 hours are
inadvertently associated with a poor outcome and have been implemented in the Dutch and European
guidelines regarding postanoxic coma [11], [12], [13]. Additionally, early evolution towards continuous
brain activity has been associated with good outcome [11]. Epileptiform activity is thought to be
associated with poor outcome, but not inadvertently [14], [15]. For epileptiform activity and other
patterns, such as heterogeneous BS and discontinuous activity, prognostication remains difficult.

Magnetic Resonance Imaging (MRI) is of increasing interest to aid prognostication and create insight in
the pathophysiological mechanisms of PAE [7], [8]. Among the most prominently researched sequences
are Diffusion Weighted Imaging (DWI), Diffusion Tensor Imaging (DTI) and functional MRI (fMRI).
Whereas diffusion MRI sequences such as DWI and DTI are based on diffusion of water molecules in
the brain, fMRI is based on Blood oxygenation level dependent (BOLD) images [7], [16], [17]. DTI differs
from DWI by enabling the analysis of diffusion direction [7]. MRI markers extracted from these
sequences have shown to differ significantly between coma patients with good and poor outcome [7],
[16], [17], [18]. Less prominently researched sequences are the Susceptibility Weighted Imaging (SWI)
and venous blood oxygen level dependent (VenBold) sequence. These sequences, which are similar to
each other, are commonly used for the detection of microbleeds but are able to show prominence of
veins as well. This feature is a derivative of the blood oxygenation level in the brain. Both the number
of microbleeds and the prominence of veins are hypothesized to aid in prognosis of comatose patients
after OHCA [19]. All abovementioned MRI-sequences and their derived features are indicated to
possibly aid further prognostication of especially poor outcome [7]. However, none of these features
have been implemented in current guidelines due to several possible reasons, including lack of
validation, difficulties in widespread applicability and a too low specificity for clinical use [7], [8], [12].

It is thought that correlating multimodal data can be used to understand the complex interplay of
anatomical and functional brain alterations of comatose patients and, in term, improve outcome
prediction [20]. EEG and MRI measure fundamentally different brain processes with vastly different
time and spatial resolutions. Combining the two modalities would link the complementary information
of the brain processes, possibly yielding more insight than the separate unimodal approaches. Various
previous and ongoing studies have focussed on fusing EEG and MRI, but the attempts were often
limited to combining basic features of both modalities, or constraining one modality with the other



[21], [22], [23]. Finding a method that combines both modalities without constraints has been
challenging due to the fundamentally different nature of signals derived from EEG and MRI.

In this study, we aim to combine MRI and EEG data of comatose cardiac arrest patients to obtain more
insight in the complementary information of the modalities and find discriminative intermodal features
that combine the strengths of both modalities. In this way, we hope to elucidate the relationship
between MRI-based brain anatomy and EEG-based function in comatose patients after cardiac arrest.
To achieve these goals, we will first address the relations between visually classified EEG and MRI data
to gain a basic understanding of the complementary information of these modalities in this specific
patient group (part one). In part two, we will use the dynamic data of both EEG and fMRI as input for a
model discovery method that identifies differential equations describing the data. Characteristics of
these models will then be analysed to find discriminative intermodal relationships between EEG and
fMRI, which might elucidate mechanisms of brain (dys)function after cardiac arrest and ultimately aid
in neurological prognostication.

With these steps we will address the following research questions:

1. How do visually classified EEG patterns relate to DWI, SWI and T2 FLAIR MRI features in comatose
cardiac arrest patients?

2. How can we combine EEG and MRI data to enhance understanding and optimize prediction of
neurological outcome of comatose cardiac arrest patients?

= What is the optimal multimodal fusion or integration method to combine EEG and MRI data
of comatose cardiac arrest patients for predicting neurological outcome?

=  What is the optimal data preprocessing method for the utilization of EEG and MRI data of
comatose cardiac arrest patients in a multimodal approach?

=  What are discriminative intermodal relationships of EEG and MRI data that are able to
distinguish between good and poor neurological outcome in comatose cardiac arrest
patients?



Chapter 2: Data pool
2.1 Study design

In this thesis, data of the ‘Cracking Coma’ study were used. This is a prospective multicentre cohort
study, where outcome prediction of comatose cardiac arrest patients based on cerebral MRI is
investigated. The centres involved in this study are the Rijnstate hospital (Arnhem), the Radboud
university medical centre (Nijmegen) and Maastricht university medical centre (Maastricht). The
inclusion of patients started in June 2018 and is still ongoing. Due to missing data from Maastricht
university medical centre, this study site was not further considered in this thesis.

2.2 Study population

Patient inclusion was performed on the ICU within 72 hours after cardiac arrest and after written
informed consent from a legal representative. Inclusion criteria were:

- Comatose, defined as Glasgow Coma Score < 8

- Age>18years

Cardiac arrest with a cardiac cause or as a result of a pulmonary embolism
- Admission to ICU

Exclusion from the Cracking Coma study occurred when one of the following criteria is met:

- Pregnancy

- Life expectancy < 24 hours

- Any known progressive brain illness, such as a brain tumour or neurodegenerative disease.

- Known contra-indication for MRI (presence of a temporary or MRI incompatible Pacemaker,
MRI incompatible implantable cardioverter defibrillator (ICD), foreign metal objects, etc)

- Pre-existing dependency in daily living (Cerebral performance category (CPC) 3 or 4).

2.3 Data acquisition
2.3.1 MRI

MRI scans were made 2-9 days after cardiac arrest. The scan protocol consisted of a 3D T1, T2 Fluid-
attenuated inversion recovery (FLAIR), fMRI, SWI/VenBold, DWI and DTl scan. A dedicated DWI
sequence was introduced after inclusion of the first seven patients. The first seven DWI images were
reconstructed from the DTl scan. The scans were acquired on two different 3T scanners: Philips Ingenia
(Rijnstate) and Siemens Skyra (Radboud UMC). In Rijnstate, the VenBold sequence (Philips) was used,
while Radboud UMC used SWI (Siemens). An overview of scanning parameters is given in Appendix A.

2.3.2 EEG

Continuous EEG recordings started within 24 hours after cardiac arrest. At Rijnstate Hospital, 21
electrodes were placed according to the 10-20 international system, while at Radboud UMC, ten
electrodes were used according to a reduced montage [24]. The hardware specification of the EEG
measurements can be found in Appendix B. The EEG recordings were continued until the patient
regained consciousness, when the withdrawal of treatment took place or when the patient had been
at the ICU for three days. These recordings are used in prognostication, as part of the standard care
prescribed in the Dutch for post-resuscitation care [12].



Part One:
Analysis of visually classified EEG and MR



Chapter 3: Analysis of visually classified EEG and MRI

3.1 Methods

3.1.1 Modalities

For this part of the study, we considered the EEG, T2 FLAIR, DWI and SWI/VenBold. Whereas the EEG
gives insight in the synaptic functioning of the brain, the T2 FLAIR and DWI give insight in edema
(vasogenic and cytotoxic, respectively) and pre-existing brain lesions [7], [25], [26], [27]. Lastly, the
SWI/VenBold scans reflect the oxygenation of the brain (prominence of veins) and micro pathologies
(microbleeds) [19].

3.1.2 Visual MRl analysis

Two neuroradiologist independently scored all day 3+1 scans (DWI, FLAIR and SWI/VenBold) for recent
ischemic alterations, while being blinded to the patient’s clinical status and outcome. For scoring of the
DWI and FLAIR scans, a semiquantitative scoring system of 21 predefined brain regions was used,
ranging from 0 (no damage) to 4 (severe damage due to cardiac arrest) for each region [28]. When both
neuroradiologists scored the scan, the average score was used if the difference between the two scores
was < 1 in a brain region. When the difference was > 1, consensus was sought. In case only one
neuroradiologist assessed the scan, that score was used for further evaluation. Next to single brain
regions, the scores of the deep grey nuclei (DGN), the cortex and the total brain were calculated by
adding up all scores of the corresponding brain regions. The scores for whole brain DWI and FLAIR
range from 0-84, while the score for the DGN and cortex range from 0 to 32 and 48, respectively. The
overall score was defined as the sum of all brain regions of both FLAIR and DWI (range 0-168).
Previously, a 100% poor outcome (defined as CPC score 23) has been associated with an overall score
> 43 and cortex score > 27 [28], [29], [30], [31]. An overview of the scores can be found in Appendix C.

The SWI/VenBold data were scored by neuroradiologists on prominence of veins (deep medullary (DM)
and cortical veins (CV)) and the number of cerebral microhaemorrhages. For the prominence of veins,
the scans were scored using a grade system ranging from 1-7 (see Appendix D) [32]. While little is
known about the diagnostic value of SWI/VenBold data in comatose patients, a pioneering study found
that focal pseudo-diminished or rarified cortical veins (CV) in SWI are associated with normal EEG, while
global diminished or rarified CVs are associated with increased depth of coma and widespread cortical
damage [19]. This indicates a relationship of SWI scores and prognosis, yielding a possible prognostic
value. Since the pseudo-diminished and rarified veins roughly correspond to a score of 1 or 2, these
scores were deemed pathological, while a score of 3 or higher was classified as physiological [19], [32].

3.1.3 Visual EEG analysis

Five-minute artifact-free EEG epochs at 6, 12, 24, 36, 48 and 72 hours after cardiac arrest were
automatically selected from the continuous EEG data. These epochs were then filtered with a sixth
order zero-phase Butterworth bandpass filter, with a frequency range of 0.5-35 Hz. Thereafter, the
epochs were anonymized and shuffled. These anonymized epochs were presented to two independent
reviewers (HMK, MMLHV), who were blinded to the patient’s clinical status, medication, timing and
outcome. The reviewers scored the epochs according to the categories in Table 1 [11]. In case of
disagreement, consensus was initially sought be a consensus meeting. In case of persisting dissidence,
final consensus was found by consulting a third reviewer (JH). Based on the EEG pattern and its
evolution, patients were grouped in the following categories:



“Continuous” when continuous activity was seen at < 24h

“Heterogenous burst suppressions or discontinuous activity” if these patterns were seen at 24h
“Epileptiform” when epileptiform activity was seen at any point in time

“Suppressions (= 50%) with synchronous burst-suppression or GPD’s” when these patterns
were seen at any point in time

5. “Suppressed or low voltage” if these patterns were seen at 24h

W

An overview of the grouping procedure can be found in Figure 1. Only groups containing at least three
patients were considered for further analyses.

3.1.4 Data statistics

Data are presented as medians with interquartile ranges. We tested the previously validated MRl scores
(Overall, FLAIR, DWI, DGN, Cortex and Cortex + DGN score) for significant differences between the EEG
groups. Since the data were semi-continuous, unpaired, and grouped in multiple EEG categories, the
testing was performed with One-way ANOVA (if normally distributed) or Kruskal Wallis test (if non-
normally distributed). We corrected for multiple testing using Benjamini—Hochberg false discovery rate
(FDR). When the corrected test showed a significant inter-category difference in a score, a post-hoc
analysis was performed to test each EEG-category against all others. This was done using either post-
hoc tests for the ANOVA, or Mann Whitney U tests for the Kruskal Wallis tests. Once again, Benjamini-
Hochberg FDR correction was applied to correct for multiple testing. To assess interobserver
agreement, we calculated percentage of agreement for DWI and FLAIR. All statistical testing was
performed in RStudio, version 2023.12.1 [33]. P-values <0.05 were considered statistically significant.

To gain insight in the spatial localization of MRI abnormalities, we tested for significant differences
between EEG groups in MRI scores per brain region. When an intergroup difference was found, a post-
hoc analysis was performed. The same tests and corrections as for the global MRI scores were applied.

The SWI/VenBold scores were tested for significant differences between the EEG groups using the same
tests and corrections as used for the global MRI scores. Since it is thought that the SWI sequence can
detect prominence of veins and number of microbleeds more accurately than VenBold, we made a sub-
selection of only patients with a SWI sequence [34], [35], [36]. This corresponds to all patients that
were included in Radboud UMC, Nijmegen. This sub-selection was tested for significant differences
using the same tests and corrections as for the other analyses.

Table 1: Overview of the electroencephalography categories for visual classification

Continuous patterns Continuous or nearly continuous activity: Good outcome when measured
maximum amplitude>20 pV, <10% suppressions <12 h post cardiac arrest

Heterogenous burst Heterogeneous burst suppression with >50% Indeterminate

suppression or suppressions? and discontinuous patterns (10—

discontinuous activity 49% suppressions?)

Epileptiform activity Epileptiform activity on other background Indeterminate, but often

associated with poor recovery

Suppressions (2 50%) Synchronous burst-suppression, with Poor outcome when measured

with synchronous burst- = generalized, abrupt-onset bursts or identical >24 h post cardiac arrest

suppression or GPD’s bursts with suppressed background activity

(250% suppressions?), or generalized periodic
discharges with suppressed background activity
Suppressed or low Continuously suppressed EEG, defined as an Poor outcome when measured
voltage patterns amplitude<10 pV or low voltage (maximum 224 h post cardiac arrest
amplitude 10-20 pV)

@ Suppressions are defined as segments with amplitude <10 uV or >10 uV, but <50% of background/burst voltage [11].
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Figure 1: Decision tree of the EEG category classification process

3.2 Results

We screened a total of 90 patients from the Cracking Coma cohort and included 75 patients in this
analysis. Thirteen patients were excluded because of a missing visual classification of the MRI and two
patients were excluded because of a missing classification of the EEG. The distribution of the EEG
groups and the characteristics of the corresponding patients can be seen in Table 2. Note that the
“Suppressed or low voltage” EEG group is not present in our dataset.

Table 2: Baseline characteristics of included patients per EEG pattern

EEG category Continuous Heterogenous burst  Epileptiform  Suppressions (2 50%) P-value
suppressions or with synchronous
discontinuous burst-suppression or
Characteristics activity GPD’s
N=18 N=10
Age 60 (52-67) 62 (51-73) 65 (54-74) 67 (59-75) 0.296
Male 34 (85%) 15 (83%) 3 (43%) 7 (70%) 0.07
Inclusion site 32 (80%) 14 (78%) 6 (86%) 8 (80%) 0.98
Rijnstate
Shockable first 39 (98%) 17 (94%) 5 (71%) 6 (60%) <0.01*
rhythm
Resuscitation 14 (10-15) 19 (13-20) 30 (20-38) 25 (16-26) <0.01*
duration
Time to MRI (h) 74 (53-90) 74 (54-95) 65 (53-72) 87 (76-98) 0.32
SSEP performed 3 (8%) 2 (11%) 6 (86%) 8 (80%) <0.01*
N20 absent 0 (0%) 0 (0%) 3 (50%) 2 (25%) <0.01*

Absent 0 (0%) 1(6%) 4 (57%) 1 (10%) <0.01*
pupillary light
response 2 24h
Poor outcome 5(13%) 6 (33%) 7 (100%) 10 (100%) <0.01*
(cpc23)

Continuous variables are shown as median (interquartile range), dichotomous variables as n (%). Group differences are
calculated using Kruskal-Wallis tests or x2 tests. Significance is visualised with an asterisk.
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3.2.1 MRI scores per EEG pattern

In general, patients who exhibited EEG patterns associated with a poor outcome (synchronous bursts,
epileptiform activity) had significantly higher MRI scores than patients with favourable and
indeterminate EEG categories (continuous and discontinuous patterns). Patients with a continuous EEG
pattern showed significantly lower overall and DGN scores than patients with a discontinuous EEG
pattern (see Figure 2). No significant difference between patients with synchronous bursts and
epileptiform activity was found. However, visual inspection of the plots in Figure 3 show less FLAIR
abnormalities in patients with synchronous bursts than in patients with an epileptiform pattern, with
only two outliers. In general, DWI score differences between EEG patterns were larger than FLAIR score
differences. DWI and FLAIR percentage of agreement between observers was 92% and 94%,
respectively. Overall score, DWI score, Cortex score and Cortex + DGN score showed a similar difference
between EEG patterns. The violin plots of the scores per EEG pattern can be found in Figure 2 and 3.
An overview of all tests and p-values can be found in Appendix E.

3.2.2 Spatial distribution

We found the most prominent DWI and FLAIR abnormalities (highest DWI and FLAIR scores) in the
cortex, specifically the frontal, parietal and occipital cortex (see Figure 4 and Appendix F). Furthermore,
in general, grey matter was more often affected than white matter on DWI and FLAIR. Deep grey matter
was less frequently affected than the cortical areas. We found frequent abnormalities in patients with
EEG patterns associated with poor outcome (epileptiform activity, synchronous bursts), whereas the
patients with favourable or indeterminate EEG patterns (continuous, discontinuous) show less MRI
abnormalities. Since we found more abnormalities on DWI, but with similar distribution as on FLAIR,
we focus on DWI in the following analyses per EEG category.

We observed DWI abnormalities in 45% (18/40) of patients with continuous EEG patterns. Of these
patients, 72% (13/18) showed only cortical abnormalities, without involvement of DGN. The most
affected regions were the frontal, parietal and occipital cortex (Figure 4, upper row).

In patients with a discontinuous or heterogenous burst suppression pattern, we observed DWI
abnormalities in 67% (12/18). Of these patients, 42% (5/12), showed only cortical abnormalities. The
most affected regions were the parietal, temporal and cerebellar cortex, which were affected in 25%,
25% and 31% of patients respectively (Figure 4, 2" row).

All patients exhibiting epileptiform EEG patterns showed DWI abnormalities (7/7). In all cases, cortex
and DGN were both involved. The most affected regions were the frontal, parietal and occipital cortex
(100% of patients). The caudate nucleus was deemed abnormal in 71% of patients with an epileptiform
pattern. Pathological signals of the temporal cortex and insula were observed in 71% and 57% of
patients respectively (Figure 4, 3" row).

DWI abnormalities were observed in all patients exhibiting suppressions with synchronous burst-
suppression or GPD’s (10/10). Of these patients, one patient showed only cortical abnormalities,
whereas the remaining nine patients all showed involvement of the DGN. The frontal, parietal and
occipital cortex were involved frequently (89% of patients), similar to the epileptiform EEG category.
Temporal cortex, insula and caudate nucleus were involved less often (44%, 22% and 33% respectively)
(Figure 4, last row). FLAIR abnormalities were noticeably less present than DWI abnormalities (see
Appendix F).
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Figure 2: Violin plots of visually classified MRI scores of the brain (regions). The exact definition of these scores is based on the article of Hirsch et al. Disc/hBS
= Heterogenous burst suppressions or discontinuous activity. Sup + BS/GPD’s = Suppressions (> 50%) with synchronous burst-suppression or GPD’s.
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3.2.3 SWI/VenBold scores

DMV and CV scores of patients with a synchronous BS pattern were significantly lower than in patients
with a continuous pattern (see Figure 5). For the DMV score, the score of patients with a synchronous
BS pattern was mostly pathological (<2). For the CV score, these patients showed mostly physiological
scores (>2). DMV scores were non-significantly lower in patients with EEG patterns associated with
poor outcome compared to patients with EEG patterns associated with good and undetermined
outcome (see Figure 5 (Left)). Microbleeds were present in 20% of patients, with a median number of
zero for all groups and did not show a difference between groups.

In the post-hoc analysis where only the SWI sequence was included (n=14), we found no significant
differences in DMV and CV scores between patients with different EEG patterns (see Appendix G).
However, we found non-significant higher DMV scores in patients with a continuous EEG pattern
compared to patients with other EEG patterns. Furthermore, we found non-significant lower CV scores
in patients with an EEG pattern associated with poor outcome. Microbleeds were present in 20% of
patients, with a median of zero for all groups and showed no differences between groups.
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Figure 3: Violin plots of visually classified DWI (Left) and FLAIR (Right) scores of the brain. The exact definition of these scores is based on the article of Hirsch
et al. Disc/hBS = Heterogenous burst suppressions or discontinuous activity. Sup + BS/GPD’s = Suppressions (> 50%) with synchronous burst-suppression or
GPD’s. Significance levels are visualised with asterisks. P>0,05 = n.s., P<0,05 = *, P<0,01 = **,
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Part Two:
Quantitative analysis of EEG and MRI
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Chapter 4: Combined analysis of EEG and MRI: search
for the optimal strategy based on critical appraisal of the
literature

Multimodal brain studies can be used to gain a better insight in the relationship between brain
structure and function [20]. Numerous methods are available to combine multimodal data of the brain
for quantitative analysis [37]. However, these methods benefit from different use cases and data types,
making the selection process non-trivial. In this chapter, we present a narrative literature of methods
to combine EEG and MRI data of comatose cardiac arrest patients. Combined EEG and MRI analysis
holds potential to assist in gaining more insight in the underlying dynamics of the brain after cardiac
arrest and, in term, improve prognostication or identify new treatment targets.

4.1 Integration vs. fusion methods

Multimodal approaches can commonly be categorised as data integration and data fusion methods
[20], [37]. Although similar and often used interchangeably, the underlying mechanisms differ. Data
integration methods use data from one modality to enhance the information of the other modality.
Typically, this is done by constraining one of the modalities by features derived from another modality,
yielding the need for a priori knowledge to derive the right features. Data integration does not allow
for direct interaction between the different modalities and would for example not detect a change in
fMRI activation maps due to a change in brain anatomy in a different region. A common limitation of
data integration is that assumptions made for one modality would be imposed upon the constrained
data, even though the modalities can be of fundamentally different nature. This might cause the
assumptions to be unrealistic for the constrained modality.

Data fusion, on the other hand, refers to the use of an equal approach in which multiple modalities
jointly contribute to the method and solution [20]. Data fusion methods often use higher order
statistics or machine learning algorithms to analyse the input data. The purpose of multimodal fusion
is to access the joint information provided by the different modalities by allowing direct interaction
between the datasets [20], [37]. However, this method can suffer significantly from real world
challenges, such as high dimensionality, noise and a limited number of subjects.

Within our dataset, we have both static (T1, FLAIR, SWI, DWI, DTI) and dynamic (EEG, fMRI) modalities.
Dynamic data intrinsically yield more information than static data but are hard to combine with static
modalities without loss of information. We chose to preserve the time dimensionality of the data and
thus excluded the static modalities. Furthermore, we opt for an equal approach in which each modality
can contribute evenly. These choices result in a data fusion method as the best choice for our analyses.
We discuss different possible fusion methods below, of which an overview can be found in Figure 6.

4.2 Hypotheses vs. data-driven approaches

Within data fusion methods, we can choose between hypotheses- and data driven methods.
Hypotheses-driven data fusion approaches make use of a priori knowledge and/or expectations to
constrain the used method and are therefore non-blind approaches [38]. They have the advantage of
allowing testing of specific hypotheses and simultaneously assessing several intermodal relationships,
which would otherwise been compromised by one-by-one assessment of covariance [37], [39].
However, a disadvantage of these methods is the possibility of missing important intermodal
relationships that were not included in the a priori hypotheses.
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Data-driven approaches usually do not require prior hypotheses about the relations of interest, making
them blind source separation approaches [37]. Some methods require relatively small assumptions to
be made, mostly about the data distribution, and are therefore called semi-blind approaches. The lack
of substantial assumptions and information loss makes these methods attractive for exploration of the
full data body. However, these methods are often less interpretable and more computationally
expensive. Data driven approaches can be based on either raw data or features extracted from the
data. In the last case, information is invariably lost, but more easily interpretable results can be
obtained.

We opt for a data-driven fusion approach due to the explorative nature of this study. This method
requires little to no a priori knowledge, thus preserving all possible important intermodal relations.

4.3 Decomposition vs Machine learning methods

Numerous data-driven fusion methods are feasible for brain imaging data, which can be categorized in
decomposition, machine learning and deep learning methods. For the current dataset, we seek to gain
more insight in the underlying mechanisms of the comatose brain after cardiac arrest. For this, we need
both the method and results to be interpretable. Next to that, we aim for a method that requires little
to no a priori knowledge given the current gap of knowledge on this topic. Lastly, we assume the data
to likely have non-linear relationships, based on previously constructed models of (parts of) the brain
[40], [41], [42]. Due to these requirements, deep learning methods are not further considered in this
study; they can be regarded as a black box, not complying to our need for interpretability and insight
in the underlying dynamics of the brain. An overview of the different decomposition and machine
learning options is provided in the next sections and can be seen in Figure 6 and Table 3.
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Figure 6: Decision tree of Data Fusion techniques, separated on level of blindness and linearity.
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4.3.1 Decomposition methods

Joint Independent Component Analysis (jICA)

Joint ICA is a data fusion method that assumes two or more modalities share the same mixing matrix,
which is a matrix with the linear combinations of the independent components. Next, jICA maximizes
the independence between joint components [43]. It uses features extracted from the raw data as
input and is suitable for examining a common modulation across subjects. It is a basic, easy to interpret
approach, but uses strict, possibly unrealistic assumptions such as the shared mixing matrix between
modalities. Furthermore, it is prone to information loss due to the use of features as input data.

Multimodal Canonical Correlation Analysis (mCCA)

Multimodal CCA finds a transformed coordinate system where inter-subject covariation across the
modalities is maximized [37]. It does not assume the modalities to share the same mixing matrix,
contrary to jICA. mCCA utilizes features and their corresponding mixing profile, called canonical
variates. The canonical variates are linked if the inter-subject modulation is similar. mCCA is flexible in
that it allows common as well as distinct level of connection between two features. However, the
associated outcome maps may not be spatially sparse, especially when the connections are not
sufficiently distinct.

Partial Least Squares (PLS)

PLS is based on finding a linear relationship between a dependent variable and predictor variables,
aiming to find aspects of a modality that relate directly to another modality [37]. PLS can be used to
decompose data in spectral, spatial and temporal features, which are then constrained to find maximal
covariance of corresponding components of the other modality. A limitation of this method is that the
decomposition and subsequent correlation may not ensure discovery of optimal relationships across
modalities since it may make non-physiological assumptions. Furthermore, the outcome maps of PLS
may not be sufficiently spatially sparse, similar to mCCA.

Linked Independent Component Analysis (/ICA)

Linked ICA is based on Bayesian statistics and is commonly used for discovering intermodal
relationships [44]. For this, the measured units are allowed to differ across the modalities, such as noise
level, spatial smoothness and intensity distributions [37]. There are two options for IICA; linked tensor
ICA and linked flat ICA. The difference between them is that linked tensor ICA assigns common spatial
maps to similar modalities, while for linked flat ICA, each modality has a unique spatial map but share
a subject-mixing matrix. A disadvantage of IICA is the reduction of time dimensionality, resulting in loss
of temporal resolution and information.

Multimodal Canonical Correlation Analysis + Joint Independent Component Analysis
(mCCA+jICA)

Previous studies suggest it is plausible to assume that decomposed components from each modality
have a certain correlation between their inter-subject mixing matrices. mCCA+jICA is optimized for this
situation, while also achieving both flexible modal associations and source separation [37]. It takes
advantage of the complementary approaches from separate mCCA and jICA; mCCA provides a closer
correlation map for jICA, while jICA further decomposes the mixtures of the outcome maps with
additional relaxations of the requirements. It performs better than both standalone mCCA and jICA,
while not increasing computational load. A disadvantage of mCCA+jICA is the reduction of time
dimensionality, similar to IICA.
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Parallel ICA

Parallel ICA is a more relaxed version of the jICA framework, in which independent components of each
modality are identified [45]. These components are then intermodally connected by enhancing intrinsic
interrelationships. The mixing matrix can therefore differ between modalities, contrary to jICA.
However, note that the mixing profile correlations are selected based on a threshold. This threshold is
determined empirically, causing the method to be semi-blind.

Coefficient-constrained ICA

Coefficient-constrained ICA is an ICA based method similar to the jICA [37]. However, CC-ICA
incorporates prior diagnostic information to enhance the sensitivity of the method for group
differences, while jICA is a fully blind method [46]. This prior information is used to incorporate an extra
criterion in the original ICA cost function, constraining the mixing matrix coefficients to enhance
detection of group differences. Since CC-ICA uses prior diagnostic information, it is a semi-blind
method.

4.3.2 Machine learning approaches

Autoregressive Moving Average (ARMA)

An autoregressive moving average (ARMA) model is a combination of an autoregressive (AR) and
moving average (MA) model. An AR model predicts values based on past states of itself, while a MA
model predicts values based on model error of past predictions [47]. The ARMA model thus fits the
data partly by taking past states into account, while another part is explained by past errors. Although
easy to interpret, ARMA models are limited due to their linear nature, which often does not allow
proper fitting of more complex data.

Sparse Identification of Non-linear Dynamics (SINDy)

SINDy is a model discovery algorithm that utilizes real world (noisy) data to generate a set of governing
differential equations that describe this data [48]. SINDy combines sparsity-promoting techniques and
machine learning with nonlinear dynamical systems. It uses the assumption that there are only a few
important terms that can describe the data. This assumption holds true in many cases, making SINDy
a universally applicable technique to capture the dynamics of a system. Time series data of different
modalities can theoretically be used as concurrent input, although this is not yet elaborately
documented due to the recent creation of this algorithm.

4.4 Chosen method

The abovementioned methods all have inherent (dis)advantages and benefit from different use-cases
(see Table 3). Because of the dynamic nature of our input data (EEG and fMRI), decomposition fusion
methods such as jICA, Linked ICA, mCCA+jICA, parallel ICA and CC-ICA are less suitable since they all
require features as input, while feature extraction often reduces time dimensionality [37]. mCCA has
the limitation that the outcomes may not be sufficiently distinct [49]. PLS has the limitations that it may
make non-physiological assumptions about the cross-modality relationships and is prone to overfitting
[22], [50]. These factors reduce the applicability of all decomposition methods for this dataset, leaving
the machine learning methods as a possibility. ARMA models are per definition linear, thus yielding a
possibly inaccurate constraint to the dynamics of the signals [51], [52]. This results in the SINDy model
to be the most viable option that can capture the dynamic interactions of EEG and fMRI data; it can
manage dynamic input signals of relatively high order, is almost fully data-driven and is able to give
insight in the underlying dynamics of the signals.
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Table 3: Characteristics of common data-driven fusion methods

jIcA

mCCA

PLS
Linked ICA

mCCA +jICA

Parallel ICA

CC-ICA

ARMA model
SINDy

Blind

Blind

Blind, possible to
make semi-blind
Blind

No

Semi-blind

Semi-blind

Blind
Blind, possible to
make semi-blind

Features
Features/raw
data
Features/raw
data

Features

Features

Features

Features

Raw data
Raw data

Easy to apply and
interpret

Common and
distinct connections
can be discovered
Effective with high-
dimensional data
Optimised for 3+
modalities
Optimised for
relation between
functional/structural
More generally
applicable due to
relaxed constraints
Optimised for group
differences

Easy to interpret
Allows the discovery
of underlying
dynamics

Reduction of time
dimensionality, has relatively
strict assumptions

Source map possibly not
sparse

Source map possibly not
sparse, prone to overfitting
Reduction of time
dimensionality

Reduction of time
dimensionality

Empirically determined
threshold

Needs prior information
about group distribution
Only linear analysis

Not elaborately documented
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Chapter 5: Sparse Identification of Non-Linear Dynamics
(SINDy)

5.1 Technical Background

Contrary to the rapid advancement of statistical analysis, slow progress in the extrapolation of
dynamics of complex systems has been made. SINDy is a promising model discovery algorithm that
seeks to fill this gap of knowledge.

SINDy utilizes real world (noisy) data to discover a dynamical system from the perspective of sparse
regression and compressed sensing [48]. The resulting model is sparse, which balances model
complexity and descriptive ability, while avoiding overfitting. Recent advancements in both
compressed sensing and sparse regression make sure that there is a high probability a sparse system is
found using convex methods, which scale favourably to large problems. For analysis with SINDy, the
observed system is assumed to be of the form [53]:

Eq (1)

d
7O = fGx(©)

To determine the function f from the observed data, the time series of state x(t) are collected and the
derivative x(t) is either measured or numerically approximated from x(t). This results in two matrices
X and X.

Next, a library of candidate (non)linear functions is constructed, called ®(X). This library is based on
the system of interest and can for example consist of constant, polynomial and trigonometric terms.
Each column in O(X) represents a candidate function for the right-hand side of Eq (1). Since SINDy
assumes that only a few terms describe the data, a sparse regression problem can be constructed to
determine the coefficients Z. These coefficients determine which candidate functions are active, using:

X =0(X)= Eq(2)

In real world data, a noise component will always be present in state X, which will influence the
numerically determined X as well. To account for this, we need to adjust Eq (2) to:

X=0X)Z+nZ Eq(3)

where NnZ is the unstructured Gaussian noise. Thus, the algorithm searches for a sparse differential
equation system by formulating the derivative of state variables X as a product of an input library of
candidate functions ©(X) multiplied by coefficients E, plus Gaussian noise nZ [54]. A schematic of the
SINDy algorithm can be seen in Figure 7. The resulting formula is a regression problem, for which least
absolute shrinkage and selection operator (LASSO) could be used. However, this method scales poorly
with large datasets [48]. Alternatively, sequential thresholded least-squares (STLS) can be used, since
it performs better than LASSO, while also scaling well to large datasets [55].

When data are collected from a numerical discretization or experimental measurements on a spatial
grid, the state matrix X (m x n) can become excessively large in the n-dimension [48]. SINDy is ill-suited
for a large state dimension n due the factorial growth of candidate function matrix ©. Furthermore,
each state dimension in n requires a separate optimization, increasing computational cost. To prevent
this, dimension reduction is needed when a large number of state variables is present. The resulting
low-rank basis is a valid surrogate for the high-dimensional system of interest, as shown in earlier

22



research [56], [57]. By combining all abovementioned techniques, there is a high probability of finding
the sparse solution that represents the system of interest.

5.2 Current applications

As of now, SINDy has been successfully used in a broad spectrum of applications, including turbulent
flow modelling, (task) fMRI characterization and evoked potential identification [54], [58], [59], [60].
However, SINDy has, to our best knowledge, never been applied to resting-state EEG data to analyse
its underlying dynamics, or to study the relationship with fMRI data [61].
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Chapter 6: Quantitative analysis of EEG and MRI using
SINDy

6.1 Methods

6.1.1 Modalities

For this part of the study, we apply SINDy for analysis of EEG and resting-state fMRI data. The choice
for SINDy follows from Chapter 4. Although both EEG and fMRI give rise to a dynamic signal, there are
reasonable differences. Whereas the main advantage of EEG is its high temporal resolution, fMRI’s main
advantage is the relatively high spatial resolution [62]. The advantages of both modalities are
complementary and combined features derived from them may provide better insight in the
pathophysiological processes of the brain after cardiac arrest [63]. These features are hypothesized to
have an increased spatiotemporal resolution compared to features derived from a single modality. Only
EEGs captured with the 10-20 system (Rijnstate) were considered.

6.1.2 Preprocessing

To have the highest probability of finding a sparse representation of the input system, SINDy requires
several preprocessing steps for the time series data. Next to the requirements of the SINDy algorithm,
study specific goals require data manipulation as well, to test the right hypothesis. Below, the optimal
preprocessing of fMRI and EEG data of comatose cardiac arrest patients for the SINDy algorithm is
discussed.

EEG preprocessing

EEG preprocessing was performed using Anaconda3, version 5.0.0 [64]. Patients were categorised in
the same groups as described in the visual analysis of this thesis (see Section 3.1.3: Visual EEG analysis).
Next to the same patient categorisation, the same EEG epochs as in the first analysis were used. Of
each group, the five-minute epoch at T=24h was analysed, since this timestamp is most discriminative
for outcome prediction [8], [11]. When this epoch was not present, the 25h or 23h epoch was used.
The selected epoch was set to a bipolar montage (double banana) and filtered using a bandpass filter
(1-30 Hz) and notch filters for the 50Hz component and its subharmonic frequency of 25Hz. After this,
an Independent Component Analysis (ICA) was performed to manually filter out components with ECG,
muscle, pulsation or eye movement artefacts. To achieve dimension reduction, we only selected
channels of the right hemisphere, since PAE is thought to be diffuse and thus roughly symmetrical [65],
[66], [67]. We excluded channels containing electrode Fp2 for eye movements. In this way, the
necessary lower dimensional data for the model discovery algorithm is created [61]. Outliers were
defined as values below the lower quartile minus eight times the interquartile range (< Q1-8*IQR) or
above the upper quartile plus eight times the interquartile range (> Q3+8*IQR). The time series of the
eight remaining channels were normalized between zero and one on a group level to ensure proper
fitting of the algorithm [48]. The outliers were not considered in the normalisation calculation and were
set to 0 or 1, respectively. Lastly, the data of each patient was split in a train and test dataset, using an
80/20 split. This resulted in the first four minutes of the epoch being used for training, while the last
minute is used for testing. In this way, every patient contributes to both training and testing, limiting
the influence of outliers on the performance of the model.
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fMRI preprocessing

fMRI preprocessing was performed using fMRIPrep 22.1.1 [68], [69]. The fMRIPrep pipeline involves
motion correction, resampling to MNI152Lin6cAsym standard space, 6 mm full-width half-maximum
smoothing and motion-related variance removal by non-aggressive ICA-AROMA denoising [70].
Additionally, confound regression of average cerebrospinal fluid and white matter time series together
with 24 motion derivatives was performed. Lastly, the first five volumes were removed, after which
band-pass filtering (0.007 — 0.1 Hz) was applied. The preprocessed fMRI data were visually checked and
excluded in case of insufficient quality.

Since SINDy is ill-suited for large state dimensions, an atlas was used to reduce the dimensionality of
the time series data. For this, the Harvard Oxford cortical and Harvard Oxford subcortical atlases were
used [71], [72], [73], [74]. Of the subcortical atlas, only the deep grey nuclei regions were preserved.
This results in an atlas of 62 regions of interest (ROI), which includes both cortex and deep grey nuclei
structures. The resulting atlas has the additional advantage of already being defined in the MNI
standard space, avoiding the need for registration of the fMRI signal to the atlas. To guarantee only
grey matter is considered in the analysis, a grey matter mask was applied to the atlas. Next, the fMRI
signal was multiplied with the separate ROIs, after which a mean time series signal was calculated per
ROLI. Lastly, a PCA was performed to select the eight components which explain most variance to further
reduce dimensionality for SINDy usage. Unfortunately, due to time constraints, fMRI could not be
further considered for analysis with SINDy in this study.

6.1.3 Model structure

For the creation of the SINDy model, we implemented the PySINDy package in Anaconda3, version
5.0.0 [64]. PySINDy is a sparse regression python package with several implementations for the SINDy
algorithm [75], [76]. This package offers a wide variety of configuration options, including various
regression algorithms, noise robustness settings and different model structures. It is of significant
importance to implement the right structure for the chosen input data, since a less suitable approach
might lead to vastly different results [77], [78]. For this study, we used the base SINDy model structure
in combination with the STLS greedy algorithm (threshold = 0.0005). The candidate function library for
this model consisted of linear polynomial functions and a bias term. Next, we opted for a discretization
of the input data to counteract the inherent noise of the signal. The resulting model architecture was
fitted per patient, to negate the heterogeneity of the patient groups.

6.1.4 Data statistics

For each EEG group, we fitted a SINDy model per patient. The outcome of these models is a sparse set
of discrete differential equations per patient. For the analysis of the results, we first extracted the R%-
score of the model on unseen test data. If this score was sufficient, a good fit is indicated, making
analysis of other results possible. A R%-score greater than 0.8 was deemed sufficient for this analysis.

Using the linear polynomial functions as input library, the right-hand side of the differential equations
consists of maximally three possible terms: a bias term, an inter-electrode interaction term and an
autocorrelation term. We quantified the contribution of each term to the equation in a fraction,
resulting in three fractions between zero and one. A higher fraction indicates a stronger contribution
to the equation. Furthermore, we calculated the complexity of the equations, which is defined as the
number of non-zero parameters in the set of differential equations. Lastly, we performed a local
bifurcation analysis of the equilibria per system, to gain insight in the behaviour of the system around
these points.
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To test for statistically significant differences between EEG groups, we used a One-way ANOVA (if
normally distributed) or Kruskal Wallis test (if non-normally distributed). If a significant inter-category
difference was present, a post-hoc analysis was performed to further specify this difference. This was
done using either post-hoc tests for the ANOVA, or Mann Whitney U tests for the Kruskal Wallis tests.
To correct for multiple testing, a Benjamini-Hochberg FDR correction was applied. All statistical testing
was performed using Anaconda3, version 5.0.0 [64]. P-values <0.05 were considered statistically
significant.

6.2 Results

We screened a total of 67 patients from the Cracking Coma cohort and included 61 patients in this
analysis. Three patients were excluded because of a missing EEG recording, two patients were excluded
due to not meeting the EEG category criteria and one patient was excluded due to a corrupt file. The
distribution of the EEG groups and their characteristics can be seen in Table 4. Note that the
“Suppressed or low voltage” EEG group is not present in our dataset.

Table 4: Baseline characteristics of included patients per EEG pattern

Age 60 (55-64) 64 (57-70) 66 (50-82) 65 (56-74) 0.42
Male 29 (88%) 12 (86%) 3 (50%) 6 (75%) 0.15
Shockable first 33 (100%) 12 (86%) 5 (83%) 5 (63%) 0.01*
rhythm
Resuscitation 14 (11-18) 18 (10-25) 30 (15-44) 23 (14-31) <0.01*
duration
SSEP 3 (9%) 2 (14%) 5 (83%) 6 (75%) <0.01*
performed

N20 0 (0%) 0 (0%) 2 (40%) 1(13%) <0.01*
absent
Absent 0 (0%) 1(7%) 4 (75%) 1(13%) <0.01*
pupillary light
response 2 24h
Poor outcome 5 (15%) 6 (43%) 6 (100%) 8 (100%) <0.01*
(cPc23)

Continuous variables are shown as median (interquartile range), dichotomous variables as n (%). Group differences are
calculated using Kruskal-Wallis tests or x2 tests. Significance is visualised with an asterisk.
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6.2.1 Model assessment

R2-scores on unseen test data were sufficiently high to indicate a proper fit on the data (ranging 0.93-
1, see Figure 8 (Left)). The test R2-scores did not differ significantly between EEG categories after
multiple testing correction (p=0.1). An example of a SINDy fit on a patient with a continuous EEG
pattern can be found in Figure 8 (Right).

6.2.2 Equation analysis

We found the autocorrelation term to be the largest contributing factor to the differential equations
and the system as a whole. These autocorrelation fractions ranged from 0.66 to 0.99, indicating a
contribution of 66% and 99% to the system. The second largest contributing factor was the interaction
term, ranging from 0.01 to 0.29. The bias term contributed the least to the dynamical systems and
ranged from 0.00 to 0.05. There were no significant differences found between EEG groups for all
abovementioned terms (see Figure 9).

The complexity of the equations was lowest for the epileptiform EEG category. This means less terms
were needed in the equation to accurately describe the input data. A significant difference was initially
found for the complexity between EEG groups (p=0.02), but was no longer significant after correction
for multiple testing (p=0.10). Local bifurcation analysis of the equilibria yielded unstable nodes for
every equilibrium in every system and did not show differences between EEG categories.
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Figure 8: Left: R?-score of the SINDy models on unseen test data for the different EEG categories. A higher score indicates a better fit. Right: True time
series vs the time series predicted by SINDy of the P4-0O2 channel of an example patient with a continuous EEG pattern. Disc/hBS = Heterogenous burst
suppressions or discontinuous activity, sup+ BS/GPD’s = Synchronous burst-suppression with > 50% suppressions or GPD’s.
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Chapter 7: Discussion

In this thesis, we showed that patients exhibiting EEG patterns associated with poor outcome have
more abnormalities on DWI and T2 FLAIR than patients with EEG patterns associated with good and
undetermined outcome. The MRI abnormalities are mainly located in the cortex and DGN, while white
matter is less frequently affected. DMV and CV score on SWI/VenBold are significantly lower in patients
with a synchronous BS pattern compared to patients with a continuous pattern. Furthermore, we found
that EEG and MRI data can be combined using a data fusion method called SINDy, which models the
observed dynamics of the brain. This enables further investigation into the pathophysiological
mechanisms of the brain of comatose cardiac arrest patients and possibly aids future neurological
prognostication.

7.1 Comparison with previous literature
7.1.1 MRI scores per EEG pattern

The relation between EEG patterns associated with poor outcome and the increased amount of MRI
abnormalities can be explained from a pathophysiological perspective: a more pathological EEG pattern
reflects a more disturbed cortical activity and is likely caused by ischemic damage to the neurons [79].
This damage can result in persistent synaptic failure, which can be seen on the EEG, and may disrupt
the integrity of the cell, resulting in cytotoxic and vasogenic edema [80], [81], [82]. These are reflected
as diffusion restriction on DWI and hyperintensity on T2 FLAIR [7], [16], [17], [25].

Our findings regarding the relationship between an epileptiform pattern and increased amount of MRl
abnormalities are in contrast to previous studies. One study found a strong correlation between
malignant EEG patterns and MRI lesions but did not find a significant relation between epileptiform
patterns and MRI abnormalities [83]. Another study found that patients with an epileptiform pattern
were associated with fewer MRI abnormalities [84]. These findings might differ due to the differences
in methodology regarding EEG pattern classification. Whereas our epileptiform patient group consists
of patients exhibiting epileptiform activity at any measured timestamp, the other studies classified the
EEG closest to MRI or lacked a standardized EEG categorisation, respectively. This difference in
methodology might cause a discrepancy between the epileptiform populations, especially since this
patient group has shown to be heterogeneous in our study.

7.1.2 Spatial distribution

MRI abnormalities were primarily localised in grey matter and to lesser extent in white matter.
Specifically, the cortex (both cerebral and cerebellar), insula, caudate nucleus and putamen were
frequently affected, while other DGN and the brain stem were often spared. The high amount of
abnormalities in grey matter is in line with previous studies on hypoxic-ischemic brain damage [85],
[86], [87] and might be caused by the relatively high metabolic demand of grey matter [67], [88] and
its susceptibility to glutamate excitotoxicity [89]. DGN involvement seemed to differ with previous
findings. In a study on MRI patterns of global hypoxic-ischemic injury, the DGN were involved in almost
all patients with MRI damage (>95%), while our results show involvement of DGN in less than 60% of
patients who showed abnormalities on the MRI [90]. Although there are small methodological and
population differences, the used sequences and MRI timing are relatively similar, yielding an
unexplained discrepancy in results.

7.1.3 SWI/VenBold scores

Using SWI/VenBold, the only significant difference in DMV and CV scores was between patients with a
continuous and synchronous BS pattern. We found pathologic DMV and CV scores in 58% and 4% of
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patients, respectively. These findings are in contrast to a previous study in non-neonatal hypoxic-
ischemic encephalopathy patients, where abnormal CV scores were found in all patients, irrespective
of coma depth (n=23) [19]. This discrepancy is likely caused by the difference in populations; whereas
our population solely consists of adult comatose patients after cardiac arrest, the other study included
non-cardiac arrest patients and children as well. Additionally, the difference in scanning protocols is
thought to play a role. The majority of patients included in our study were scanned using the VenBold
sequence, which is less sensitive to susceptibility effects resulting from oxygenation levels in the brain
[91], [92], [93], [94]. When only the patients with a SWI sequence were analysed, pathologic DMV and
CV scores were found in 79% and 20% of patients, respectively. The choice of MRI sequence thus has a
significant impact on these scores, limiting the general applicability.

7.1.4 SINDy

We identified the autocorrelation factor as the primary contributor to the EEG signals of every EEG
group, while the interaction fraction only contributed marginally (1-29%). This finding is contrary to a
study which applied SINDy-based algorithm to motor movement/imagery EEG data [95]. In this study,
they found that non-pairwise interactions between brain regions accounted for more than 60% of the
EEG dynamics. This discrepancy can be due to several factors, including disparate populations
(comatose versus healthy), difference in resting-state vs task-related EEG dynamics, the alternate
implementation of SINDy and the difference in outcome measures (differential equations versus
effective connectivity). Note that although higher order terms are not present in our current candidate
library, these terms were tested in an earlier stage of the study, but proved unnecessary for a proper
fit.

7.2 Mechanisms and interpretation
7.2.1 Affected regions

In our study, cortical MRI abnormalities are most discriminative between EEG patterns. This is related
to the intrinsic properties of EEG measurements; in these measurements, the collective potential
differences of pyramidal neurons are measured at the scalp [82]. These pyramidal neurons are present
in the cortical areas, yielding the possibility that a small change in cortical structure/function can
generate a great impact on the EEG [96].

DGN abnormalities were not distributed evenly over the EEG groups and were associated with a poorer
outcome. In patients exhibiting an EEG pattern associated with poor outcome, DGN abnormalities
occurred more; a pathological DGN score was present in 5/40 patients with a continuous pattern, in
7/18 patients with a discontinuous pattern, in all (7/7) patients with epileptiform activity and in 9/10
patients with a synchronous burst suppression pattern. All patients with DGN abnormalities showed
cortical anomalies as well, while there were also patients with only cortical damage (n=18). These
findings are partly in contrast with the current hypothesis that PAE primarily involves the DGN, or the
cortex together with the DGN, although this is mostly concluded from an infant population [89], [97].
Our findings might indicate that adult PAE primarily involves the cortex, with the DGN only being
involved in the more severe degrees of encephalopathy.

7.2.2 DWI versus FLAIR

In this study, we see more lesions on DWI than on FLAIR, which is in line with a previous study [67].
DWI thus seems more sensitive to recent ischemic damage than FLAIR. Additionally, DWI is more
specific to recent ischemic damage than FLAIR, since FLAIR might show pre-existing ischemic damage
as well, instead of only the damage related to the cardiac arrest [87], [98]. We therefore consider DWI
to be more suitable than FLAIR for visualising ischemic damage after cardiac arrest. We found a large
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spread in DWI and FLAIR scores, especially for patients exhibiting EEG patterns associated with poor
outcome, indicating a variety in encephalopathy grades or mechanisms.

7.2.3 Epileptiform patterns

Patients exhibiting an epileptiform pattern showed most MRI abnormalities, together with patients
exhibiting a synchronous BS pattern. Epileptiform activity on the EEG is associated with poor outcome,
but, contrary to synchronous BS, does not inadvertently lead to a poor outcome [11]. We thus expected
the synchronous BS to yield most prominent MRI abnormalities. The pathophysiology of epilepsy is
thought to play a role in this; epileptiform activity can cause (reversible) brain edema, leading to DWI
and FLAIR abnormalities [99], [100], [101], [102]. However, this relation could be reversed as well: the
structural damage on DWI and FLAIR might result in a disturbed brain activity and ultimately, an
epileptiform pattern. We hypothesize that a combination of both processes is most likely, where
structural damage induces an epileptiform pattern, which in turn causes more abnormalities on DWI
and FLAIR.

A strong and possibly causal relation between DGN damage and the development of an epileptiform
patterns seems likely, since we found affected DGN in all patients exhibiting epileptiform patterns. The
most frequently involved DGN were the caudate nucleus and insula (in 71% and 57% of patients,
respectively). These structures are hypothesized to play a role in the origination and propagation of
epilepsy, although literature is scarce [103], [104], [105], [106]. Dysfunction of the caudate nucleus and
insula might disrupt brain relay networks, possibly resulting in epileptiform patterns.

Another finding regarding patients with an epileptiform pattern, was the limited amount of MRI
abnormalities in the thalamus. The thalamus was deemed abnormal in 14.3% of patients with an
epileptiform EEG pattern, while it is often described as affected in epilepsy [107], [108]. There was no
significant difference in thalamus involvement between EEG groups, indicating that structural thalamus
damage does not inadvertently result in epileptiform patterns. Therefore, the thalamus seemingly plays
a minor role in the development of an epileptiform pattern after cardiac arrest.

The last notable difference, although not significant, was the reduced complexity of equations
associated with epileptiform patterns. This might be caused by the synchronisation and periodisation
of the epileptiform patterns. These factors result in a more deterministic signal, which can be captured
in less terms by the SINDy algorithm. This ultimately leads to less complex equations.

7.2.4 SWI/VenBold

We found significantly lower DMV and CV scores in patients with a synchronous BS pattern, compared
to patients with a continuous pattern. Since lower scores are likely correlated with lower levels of
deoxyhemoglobin, our results indicate a difference in brain oxygenation levels between these groups
[19]. In comatose patients, a lower level of deoxyhemoglobin is thought to be caused by the decrease
in cerebral metabolism of oxygen after a hypoxic event. We hypothesize that patients with a
synchronous BS pattern have a decreased cerebral oxygen metabolism, most likely due to extensive
brain parenchyma damage.

We found no differences in the number of microbleeds between different EEG groups, with a median
of zero for all groups. This suggest that microbleeds are of limited importance in PAE. Combined with
the limited generalizability and minimal differences in DMV and CV scores, we consider the current
implementation of SWI/VenBold to hold little potential for contributing to mechanistic understanding
and outcome prediction of comatose cardiac arrest patients. However, the number of patients with
SWI was limited and current literature suggest added value of SWI, making it more promising than
VenBold.
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7.2.5 SINDy

Although we managed to create well-fitted SINDy models for all EEGs of comatose cardiac arrest
patients, the outcomes gave limited insight in the dynamics of the EEG patterns. This is most likely due
to the noise that is present in our EEG signals. Noise is amplified during differentiation, resulting in a
derivative with poor signal to noise ratio. A continuous implementation of SINDy suffers from high
levels of noise, resulting in a poor fit. Discretization counteracts this but gives rise to discrete differential
equations as well. In this discrete implementation, the outcome of sample n is based on the previous
sample n-1. When this is combined with a high sample frequency, the corresponding change of point
n relative to point n-1 is minimal. Because of this, point n-1 is the best predictor for n, resulting in a
large autocorrelation term. The underlying long-term dynamics are not captured in this small step and
thus remain unknown. The large autocorrelation term is the limiting factor for local bifurcation analysis
as well, since it causes the real part of the eigenvalues to be positive. A positive real eigenvalue
exclusively results in unstable nodes, where a small disturbance can cause significant changes in
behaviour. Further noise reduction and the application of noise-robust dimension reduction techniques
could help overcome all abovementioned limitations [61].

7.3 Strengths and weaknesses

Strengths of our study are the prospective design of the study, the relatively large number of subjects
and the standardized timing of MRl and EEG. Furthermore, the quantitative analysis is almost fully data-
driven, which allows exploration of the full dataset. A limitation of this study is the possibility of
selection bias; we included a relatively large number of patients with a good neurological outcome,
partly due to the MRI scan being more feasible in patients with less severe PAE. Another factor that
might contribute to this skewed population is the possible reluctancy of family to let the patient
participate in the study when a poor prognosis was indicated. Another limitation is the use of both SWI
and VenBold for the assessment of both prominence of veins and number of microbleeds. These
sequences have intrinsic discrepancies, possibly influencing the visual assessment. For the quantitative
study, a limitation was the discretization of the data, which caused a substantial loss of insight in long
term dynamics of the brain. Lastly, we classified the EEG of patients as synchronous BS or epileptiform
when these patterns were present at any timepoint after cardiac arrest. While this increased the
number of patients in these groups, quantitative analysis was performed on the 24+1h EEG epochs,
which are not necessarily the EEGs showing these patterns. This possibly results in more heterogenous
synchronous BS and epileptiform patient groups, since different EEG patterns can be present within
these groups.

7.4  Future research

This thesis yields a first insight into the relationships between MRI and EEG data of comatose cardiac
arrest patients and the pathophysiological mechanisms that may cause them. The explorative nature
of the studies give rise to multiple directions of future research. We found prominent MRI
abnormalities in patients with an epileptiform pattern, while this is contrary to current literature.
Future studies should further focus on this patient group since the exact pathophysiologic mechanisms
associated with this pattern are still unknown. For example, the role of the insula and caudate nucleus
in comatose patients after cardiac arrest should be further investigated. Research focussed on assessing
a possible causal relationship between damage to these structures and the formation of epileptiform
patterns would be of great value from a mechanistic viewpoint. This can eventually lead to improving
prognostication of neurological outcome.
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Although the quantitative analysis using SINDy did not vyield meaningful insights in the
pathophysiological processes of the comatose brain, we still consider this algorithm to be of possible
additional value to current analysis techniques. However, multiple adjustments to the current
algorithm should be made. Foremost, future studies should focus on achieving a continuous
implementation of SINDy. This will most likely generate a model based on long-term dynamics of the
brain, instead of the short-term dynamics found in our study. For this, further noise reduction should
be considered, as well as implementations of noise-robust dimension reduction techniques such as
dynamical component analysis [61]. The input signal could be adjusted as well, to make it more
deterministic and stationary. For example, the EEG signal of a synchronous bursts pattern could be
cropped to only include the bursts. In this way, a better fit might be achieved and subsequently, analysis
of the burst dynamics becomes possible. Lastly, the SINDy models should be fitted per patient group,
instead of patient-wise. This would reduce overfitting issues and improves generalizability.

7.5 Conclusion

Comatose cardiac arrest patients exhibiting EEG patterns associated with poor outcome have more
abnormalities on DWI and T2 FLAIR than patients with EEG patterns associated with good and
undetermined outcome. PAE related damage is mainly located in the grey matter and primarily involves
the cerebral cortex. Multimodal analysis of brain dynamics with SINDy was not feasible using the
current methodology.
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Appendix A:

Scanning parameters

Table 5: Scanning parameters of the Philips Ingenia (Rijnstate and Maastricht) and Siemens Skyra (Radboud) scanners used
for this study. The parameters for the 3D FLAIR, fMRI, SWI, DWI and DTI sequences are given.

PHILIPS INGENIA

SIEMENS SKYRA

(RIUNSTATE) (RADBOUD)

REPETITION TIME (S) 4.8 5.0

ECHO TIME (MS) “shortest” (+ 125) 394

INVERSTION TIME (S) 1.65 1.80

FLIP ANGLE 90 120

VOXEL SIZE (ACQUISITION) (MM) 1.12x1.12x1.12 0.5x0.5x1.0

VOXEL SIZE (RECONSTRUCTED) (MM) | 0.74 x0.74 x 0.74 NA
FMRI |

REPETITION TIME (S) “shortest” (+ 1.9) 2.28

ECHO TIME (MS) 27.0 27.0

VOLUMES 220 220

VOXEL SIZE (MM) 3.0x3.0x3.0 3.2x3.2x3.0

FLIP ANGLE 90 90
swi_________________________ |

IMAGING MODE VenBold SWI

REPETION TIME (MS) “shortest” (+17) 26.0

ECHO TIME (MS) “shortest” (+24) 21.0

FLIP ANGLE 10 10

VOXEL SIZE (MM) 1x1x0.99 0.5x0.5x0.5
I

REPETITION TIME (S) “Shortest” (+ 5.0) 5.66

ECHO TIME (MS) “Shortest” (+ 82) 64.0

FLIP ANGLE 90 180

B-VALUE 1000 1000

VOXEL SIZE (ACQUISITION) (MM) 19x2.3x3.0 1.4x1.4x5.0

VOXEL SIZE (RECONSTRUCTED) (MM) | 0.9x0.9x3.0 NA

DTI 30/60 DIRECTIONS

REPETITION TIME (S) “shortest” (+ 4.9) 9.0/9.3

ECHO TIME (MS) “shortest” (+ 92) 95.0/79.0

FLIP ANGLE (°) 90 NA / NA

VOXEL SIZE (MM) 2X2x2 2x2x2/2x2x%x2

B-VALUES (S/MM?) 0; 1000 0; 1000 / 0; 1000

NUMBER BO IMAGES 1 1/1

DIFFUSION DIRECTIONS 32 30/ 64
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Appendix B:

EEG hardware specifications

Table 6: Hardware specifications of EEG measurements

Timeframe

Rijnstate

Study start — May 2021

June 2021 onwards

Nihon Kohden system (VCM Medical, The Netherlands)
21 silver-silverchloride electrodes (500 Hz)

BrainRT system (OSG, Belgium)
21 tin electrodes (256 Hz)

Radboud UMC

Study start — November 2019

December 2019 onwards

NicoletOne system (Natus Medical Incorporated, USA)
10 silver-silverchloride electrodes (512 Hz)

Brain RT system (OSG, Belgium)
10 silver-silverchloride electrodes (256 Hz)
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Appendix C:

Overview of MRI scores
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Figure 10: DWI, FLAIR, cortex, and DGN scores. Individual regions are scored between 0 (no damage) and 4 (severe damage)
[28]. The DWI (range 0—84), FLAIR (0-84), DGN (0-32), and cortex scores (0—48) were calculated by adding up all scores of the
corresponding brain regions. The overall score is the sum of all brain regions of both DWI and FLAIR (range 0-168). DGN, deep
gray nuclei, DWI, diffusion weighted imaging, FLAIR, fluid-attenuated inversion recovery. Copied with permission from Keijzer
etal. [67]
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Appendix D:

Prominence of vein score

Table 7: Prominence of vein score for both cortical and deep medullary veins. DMV = deep medullary vein, CV = cortical vein

GRADE

CATEGORY

APPEARANCE OF VEINS ON SWI/VENBOLD

1

Absent DMVs or CVs

Faint DMVs or CVs

Minimal DMVs or CVs

Mildly prominent DMVs or CVs

Moderately prominent DMVs or CVs

Severely prominent DMVs or CVs

Extremely prominent DMVs or CVs

No visible deep medullary veins, absent or nearly
absent signal in the subependymal veins, and a few
known nonprominent cortical veins.

Equivocal low signal in the medullary veins, some low
signal in the subependymal veins, and a few
nonprominent cortical veins.

Several definite, fine, light grey deep medullary veins,
limited to the deep white matter, are visible, the
subependymal veins are visible but not prominent, and
cortical veins are occasionally prominent.

Many dark, distinct deep medullary veins are visible,
either diffusely or regionally. The deep medullary veins
are wider and better demarcated, but do not extend to
the most superficial layers of the deep white matter.
The subependymal veins are usually prominent, and a
few cortical veins may be prominent.

The deep medullary veins are dark, numerous, and
wider, and extend into the superficial white matter,
either diffusely or regionally. The subependymal veins
are prominent, and numerous cortical veins may be
prominent.

Numerous deep medullary veins are very dark and
extend through the superficial white matter nearly to
the cortex, either diffusely or regionally. Subependymal
veins and cortical veins are very prominent. A dark
background blush in the white matter may be evident.
Numerous, thick, dark deep medullary veins extend to
the cortex. They may be irregular. The subependymal
and cortical veins are prominent.
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Appendix E:

Statistics of MRI score per EEG group

Table 8: P-values of Mann Whitney U tests between EEG groups per visually derived MRI score, corrected for multiple
comparisons

Continuous vs 0,044 0,083 0,069 0,036 0,076 0,070
heterogeneous bursts

Continuous vs 0,001 0,001 0,001 0,001 0,001 0,001
epileptiform

Continuous vs 0,001 0,002 0,001 0,001 0,001 0,001

pathological bursts

Heterogeneous bursts 0,003 0,007 0,003 0,003 0,003 0,003
vs epileptiform

Heterogeneous bursts 0,004 0,106 0,002 0,015 0,003 0,003
vs pathological bursts

Epileptiform vs 0,323 0,062 0,845 0,338 0,076 0,106
Pathological bursts

Statistically significant p-values are displayed bold and cursive. Pathological bursts = Synchronous burst-suppression
with 2 50% suppressions or GPD’s. Heterogeneous bursts = Heterogenous burst suppressions or discontinuous
activity.



Appendix F:

Pathological signal on FLAIR
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Figure 11: Percentage of patients with a pathological signal score (score > 2) as seen on FLAIR per tested brain region. GM=
Grey Matter. WM= White Matter.
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Appendix G:

Post-hoc analysis of SWI sequence
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Figure 12: Post-hoc analysis on patients with a Susceptibility weighted imaging (SWI) sequence scan. These are the patients included in Radboud
UMLC, Nijmegen. Left: Prominence of Deep Medullary Veins (DMV) score. A score of 1 or 2 is considered pathological. Right: Prominence of
Cerebral Veins (CV) score. A score of 1 or 2 is considered pathological. Disc/hBS = Heterogenous burst suppressions or discontinuous activity. Sup +

BS/GPD’s = Suppressions (> 50%) with synchronous burst-suppression or GPD’s. Significance levels are shown with asterisks. P<0,05 = *, P<0,01 =
* ok
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Appendix H:

Acknowledgement of Artificial Intelligence usage

In this thesis, ChatGPT was used for coding in R, MATLAB and Python. For this, only input prompts
without patient data were given to the algorithm. All generated output was checked for errors.
Artificial intelligence was not used for generating text.
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